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Abstract: The growing globalization has made a push for better communication systems. The growth in communication 

between people across various parts of the world has led to the need for convenient translation systems. Artificial 

Intelligence and progress in deep learning promoted the development of Machine Translation (MT) systems like Google and 

Babylon MT. There is a lack of research on Japanese-Arabic MT systems. This project aims to analyze and study the quality 

of the current machine Japanese-Arabic translation. There is a higher probability of errors in translation due to the 

difference in the language structure and grammatical rules. This paper identifies these errors and their frequency of 

occurrence, uses automatic and manual translation quality evaluation methods to analyze errors, and compares the 

performance of the studied machine translation systems. However, the quality of Japanese-Arabic machine translation is 

still not acceptable. The obtained findings will be useful for developers of post-editing product selection machines and those 

working on improvement of the quality of machine translation algorithms. 

Keywords: machine translation, Japanese, Arabic, error analysis, post-edit. 

I. INTRODUCTION 

1.1 Background of Research 

Globalization resulted in an increase in international communication. English is a global language, but only 20% of the Earth’s 

population can speak it. Cooperation and the development of diplomatic relations between Japan and Saudi Arabia led to the 

need for a reliable communication channel and quick and accurate Japanese-Arabic translation.  

The use of human translators is not always possible, and machine translation systems are a good alternative ensuring the 

ease of translation process. These systems can translate both written and oral texts instantly and allow interlocutors to hold 

conversation almost without delay. They are necessary for development and strengthening of the relations between countries. 

However, there is a lack of studies on errors in Japanese to Arabic translation. 

Japanese to Arabic translation is associated with many difficulties due to the difference in these languages, and the quality of 

machine translation is very different from that of human translation. The lack of people who mastered both languages hindering 

the development of Japanese to Arabic machine translation systems [1]. Thus, progress is slow, and this paper aims to 

contribute to it by analyzing the quality of the translation of MT systems and identifying the errors associated with the 

difference in linguistic structures.  

1.2 Research Objectives 

This paper is a small step to further the quality of translation by machine translation systems like Google and Babylon MT 

[2], [3]. At present, Google and Babylon MT are the only representative Japanese to Arabic translation systems available to 

http://www.ijarcsms.com/
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users. These systems are able to translate most of the sentences quite accurately, but there are many areas in which they are 

likely to fail. Word deletion and using a word with the different meaning are among common translational errors. The frequency 

of their occurrence might depend the complexity of these sentences, but the issue remains that most of these errors still occur. 

The differences in sentence formation, grammatical numbers, diacritics all affect the translation efficiency, and this paper 

intends to identify and measure the quality of the translation system in the context of these errors. 

The obtained results will allow estimating the performance of the studied machine translation systems and comparing them 

in terms of the quality of translation. The obtained findings will remain relevant even after the introduction of other machine 

translation systems, as data gathered for Google and Babylon MT will be useful for developers of post-editing product selection 

machines and those working on improvement of the quality of machine translation algorithms.  

In addition, performance of machine translation systems can be seen as an indicator of the status of Japanese-Arabic 

translation: it shows whether these systems can help interlocutors to hold conversation and to understand each other correctly. 

Secondly, users knowing about draw backs of machine translation systems know what to expect from using them. In other 

words, they are able to foresee possible causes of misunderstanding in a dialogue. 

1.3 Methodology of our Study 

The evaluation was performed for the existing machine translation systems, Google and Babylon MT. There are many 

researches showing that the statistical algorithm-based MT systems like Google perform much better than Babylon MT, which 

is based on traditional rule-based systems.  

At present, neural network translation systems are the future of the translation industry [4], [5]. All parts of these translation 

systems are trained on datasets given. Modern neural network translation systems already achieve 60-90% accuracy. This figure 

continues to grow. Neural network translation algorithms differ from statistical machine translation algorithms as the former 

deals with vectors to describe words and internal states, and the latter uses parameters derived using statistical models. Thus, 

neural network translation systems require less memory and process input text quicker than statistical machine translation 

systems. Many companies work on neural network translation systems, but they still remain a technology of the future. 

As for data Source [6], [7], the Japanese language can be split into three levels according to the level of difficulty. 

Foreigners teach Japanese using these levels. The material from textbooks is given in accordance with this classification. In this 

case, the input text consists of 1800 sentences from the textbook: 500 of them are of the elementary level, 1000 of them are of 

the advanced level, and 300 are of the intermediate level of difficulty.   

Various tools for the evaluation of translation quality like BLEU, GTM, WER, PER, TER were used to assess the quality of 

the translation and to identify potential areas of improvement.  

II. RELATED WORK 

There are many recent researches on machine translation systems, but most of them focus on English to Arabic or Arabic to 

English translation [8], [9]. Many works focus on Japanese to English translation. However, there is a lack of studies devoted to 

Japanese to Arabic translation. Some of them analyze the quality of the Japanese-Arabic machine translation systems, namely 

Google and Babylon MT. In one study, the quality analysis was carried out by the use of human analysis. The translator, the 

native Arabic speaker with the knowledge of Japanese analyzed the translations of sentences of basic and intermediate levels 

[10]. The quality of human translation was higher than that of machine translation. Another work compared the performance of 

the two systems MT, namely Google and Babylon, on Japanese to Arabic translation. Google MT was significantly better in 

translation in comparison to Babylon MT [11]. At present, many machine translation systems are based on automatic statistical 

methods as their effectiveness was confirmed by human analysis repeatedly. 

III. PROBLEM OF THE CURRENT MT SYSTEM BETWEEN JAPANESE AND ARABIC 

Translators acknowledge the complexity Japanese to Arabic translation. This complexity is associated with the linguistic 

structures in both these languages. In particular, word matching can be very challenging in the case of Arabic as there are many 
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polysemantic words. The error probability in Japanese to Arabic translation is high also because of different sentence-

structuring rules and word order. Moreover, the context of the text is also necessary for proper translation: the absence of the 

context may reduce the accuracy of the output.   

3.1 Problem Definition in our study 

Multiple issues identified in translation comprise a database of errors. The errors are classified as follows: 

(1) Main Problem Diagnosis 

A word being translated from Japanese to Arabic may have different meanings. The choice of the right word according to its 

grammatical number and gender is crucial for correct Arabic translation. In many cases, such questionable words are translated 

wrong or omitted.  

(2) Ambiguity 

The structural and cultural difference leads to the difference in the expression of languages, and the MT system almost 

always cannot catch this difference. The ambiguity phenomenon is related to the lack of understanding between right and wrong 

associated with the lack of understanding of what phrase is correct in each particular case. This statement confirms the 

importance of the context in relation to the quality of translation.  

(3) Structural and Lexical differences 

Sentences are arranged in different ways in Arabic and Japanese. It represents another common error cause. The non-

vocalization of the said words might lead to choosing the wrong word that would be out of context. Some errors can be a result 

of differences in the lexicon, connotation, and collocation or words [12]. In some cases, a MT system may just delete a word as 

it cannot find a correct option. In addition to this, further complications may arise from the diacritics, an essential part of the 

Arabic language. Diacritics are accents or other symbols inserted above certain letters, that render different meaning or gender 

to the word mentioned. The misuse of diacritics leads to the different meaning that exists for a specific word, Table 1: 

Table 1. Diacritics and their importance in Arabic 

Japanese word Arabic word Diagnose the condition 

自由な 

 حر

 حرة

 الحر

It can mean “the heat” or “the freedom”. 

too can be a task or the feminine form 

of free????? 

任務 مهمة 

It can be “a task” or the feminine 

form of important 

Figure 1 shows another problem associated with diacritics: an Arabic word meaning one thing has at least 15 

representations.  

The first three words in the first line of the figure have only one meaning, "flag," but they denote different grammatical 

numbers. The words in second row are similar typographically, but they have various meanings. These words are verbs and can 

be active or passive representations. The rest of the words have a similar representation. Another Arabic word, صّع , has more 

than seven variations that could be used to represent it. It means that MT systems should distinguish diacritics and incorporate 

their word representation for accurate translation.  
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Figure 1: A word having multiple representations based on the diacritic 

In Arabic, diacritical marks above letters can express four or five different articulations. Developers of Arabic MT systems 

should pay attention to diacritics at the re-editing stage to avoid mistakes associated with diacritization. Moreover, a separate 

machine learning technique is desirable to address diacritization [13]. 

 (4) Effects of Kanji attributed to mistranslation 

In Japanese, there are upper case letters as well as lower-case letters similar to those in English and western languages. 

Kanjis represent a system of symbols denoting ideas and words. Each symbol can have different meanings depending on the 

context. For example, 木 means tree, but the phrase 木造 means made of wood. Thus, kanji can be a word or a part of the word 

[14]. Some of the errors associated with mistranslation are shown in the table below:  

Table 2 Kanji Errors 

Japanese word Arabic word Diagnose the condition 

本 وتاب 
The form for this Kanji means 

book. Other forms mean basis. 
基本 اصاس 

本~ ٖ٘را, ٘ر With a different second kanji, 

two words sound differently. 

The first word means today with 

sound /kiou/, and the other this 

year /hon nen/. 

本日 ٌٍَٛ٘را ا 

本年 ٘رٖ اٌضٕح 

本長 ٘را اٌطٛي 

Interpreter of the meaning of her 

impropriety, output means "this 

length," a literal translation of 

the meaning of this kanji. 

本社 

本部 

当店 

 اٌّمس

ِمس  تّمس  

 اٌّماز

Free status of customization to 

the individual and the plural, 

there is a difference in the 

equivalent meaning into Arabic. 

The last word in a different 

context of expression kanji. 

 

IV. THEORETICAL BACKGROUND 

The quality of translation is of vital importance for Japanese-Arabic MT systems [15]–[17]. There are many used to analyze 

the quality of the work and to address problems that exist. Many available evaluation systems like BLEU, GTM, and others are 

based on the Systemic Functional Linguistic theory developed by Michael Halliday [18]. This theory considers a language as a 

social semiotic system. The Systemic Functional Linguistic theory is a speech act theory focusing on tools used to find 

differences between the input text and its translation at different levels. These tools include pragmatics, corpus-based 

distinction, and discourse analysis.  

https://www.nihongomaster.com/dictionary/kanji/2690/%E6%9C%A8
https://www.nihongomaster.com/dictionary/entry/51482/mokuzou
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4.1 Methods 

(1) BLEU 

BLEU or Bilingual Evaluation understudy is an algorithm is used to evaluate the quality of texts translated by software [19]. 

The quality of translation is assessed through a comparison of texts obtained through machine and human translation. The 

metric, also known as n-gram, is calculated by the following formula: 

Pn = m/wt, where m is the word count that can found in reference, and w is the total number of words. This algorithm is 

based on the comparison of n-gram values of translations. The BLEU score deals with the precision score calculated by the 

equation me above. BLEU compares the number of matches of n-grams of the candidate translation and the reference 

translation. This algorithm is used only in the case of sentences in the text, and it is not suitable for separate sentences [20].    

(2) NIST 

National Institute of Standards and Technology (NIST) metric is also based on the BLEU metric [21]. The BLEU metric 

calculates n-grams by giving equal weight to each of them. NIST metric calculates n-grams depending on information contained 

in sentences. In particular, an n-gram of a sentence containing much information is greater than that of a less informative 

sentence. In addition, NIST metric imposes the brevity penalty for small variations.  

(3) GTM 

The General Text Matcher (GTM) simulates phrase movements emerging during translation. The GTM uses the maximum 

matching size to assess the quality of translation [19]. Then it looks for the longest sequence of words in the reference text and 

compares them. The GTM can also recognize adjacent words. 

 

(4) PER 

The position-independent word error rate (PER) is similar to the Word Error Rate (WER). The latter assumes a reordering of 

words in sentences during translation [23]. 

(5) WER 

The Word Error Rate (WER) is based on the Levenshtein distance at the word level and the distance between the words. At 

first, the WER was used in speech recognition systems, but then machine translation became its another field of application 

[24]. The metric assumes that sentences of the same meaning may consist of the different number of words in different 

languages.  

WER = (S+D+I)/N where S is the number of substitutions, D is the number of deletions, I is number of insertions, N is the 

number of words in the reference, and C represents the correct words.  

(6) TER 

The Translation Error Rate (TER) is more accurate than the WER when it comes to a reordering of phrases. The TER 

measures the number of words necessary for proper translation to match the reference translation [25].  

(7) HUMAN 

Human analysis represents manual comparison of the translation and the reference text and detection of errors. Human 

analysis consists of the following steps, Figure 2. The process includes the pre-editing stage in which the sentence structure and 

other features are altered for easier translation along with identification of kanji and the context of the text. At the post-
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processing stage, the context of the translated words, grammatical number, and gender requirements of the Arabic language are 

analyzed.  

As described above, the following 7 metrics, i.e., BLEU,  NIST, GMT, WER, TER, and HUMAN were adopted to evaluate 

in this study.  

At first, BLEU and NIST were adopted to evaluate the degree of similarity between candidate (machine) translation and one 

or more reference translations based on the particular n-gram precision. GMT was adopted to evaluate the accuracy. PER was 

adopted to evaluate in terms of the words by comparing machine-translated text with the reference text, regardless of their 

sequence in the sentence. WER was adopted to evaluate in terms of the number of words that differ between a piece of 

machine-translated text and the reference translation text corresponding to it, and at the same time to evaluate in terms of edit-

distance. TER was adopted to evaluate in terms of the minimum amount of adjustments required for the post-editing 

processing, and error metric for machine translation that measures the number of edit distance.  

The last on is HUMAN, which was adopted to evaluate "intelligibility" and "fidelity". 

V. EXPERIMENT 

5.1 Objective 

The objective of this experiment is the overt error frequency analysis and the linguistic error analysis represents the main 

purposes of the evaluation experiment. Japanese text data set represents material for the experiment. The studied machine 

translation systems, Google and Babylon MT, will translate the input text data set from Japanese to English. Then the output 

text and the text translated by a human are compared in terms of quality using different algorithms discussed in the previous 

section. The human analysis was performed manually, and the application of the rest methods required computer use to find 

fundamental problems in Japanese into Arabic machine translation. 

5.2 Method 

At present, Google and Babylon MT are the only representative Japanese to Arabic translation systems available to users. 

These systems are able to translate most of the sentences quite accurately, but there are many areas in which they are likely to 

fail. The obtained findings will be useful for developers of post-editing product selection machines and those working on 

improvement of the quality of machine translation algorithms. 

Google machine-translation and Babylon machine-translation are adopted because at present they are the only 

representative. Japanese into Arabic machine translation systems available to users. Evaluation is terms of quality wading 

BLEU, and NIST, and GTM, and PER, and WER, and TER. at the same time, processed data is investigated to find and identify 

errors manually by a human. 

5.3 Material for Experiment 

In our study 1800 well-prepared sentences of varying difficulty is gathered from Japanese education textbook for foreigners 

[26] [27] [28]. The dataset is accessible and the website (http://kameken.cligue.jp/NLPResearchResources/). 

The scale of the selected dataset is indeed relatively small. But we have some reasons as follows. Advantages and 

disadvantages of small- and large- scale datasets are described in the Table 3. 

 

 

 

 

http://kameken.cligue.jp/NLPResearchResources/
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Table 3. Advantages and Disadvantages of Small- and Large-Scale Datasets 
Small-scale datasets Large-scale datasets 

Advantages Disadvantages Advantages Disadvantages 

Less time 

of the 

processing 

of data 

The 

likelihood of 

great bias is 

high 

The 

likelihood 

of great 

bias is low 

The higher 

likelihood of 

detection of 

rare words 

and phrases 

Lower 

complexity 

of the 

processing 

of data 

It is limited to 

gain the 

knowledge of 

MT 

processing  

The 

processing 

of data 

takes much 

time 

 

The text we used contains 

sentences that are correct in 

Japanese grammar. 

The various Japanese 

expressions that are included 

in a well-balanced manner. 

 

It is 

expected 

that various 

types of 

sentences 

can be 

handled. 

There is a 

possibility that 

a 

grammatically 

incorrect 

sentence is 

included. 

 A typo 

sentence may 

be included. 

 
On the one hand, large-scale datasets show are used to evaluate performance of machine translation systems more accurately 

because of the  

Lower likelihood of bias. On the other hand, the processing of small-scale datasets takes less time and is less complex. The 

latter advantage is especially important in the case of human analysis. Moreover, the input sentences are of varying difficulty 

and contain polysemantic words, and, therefore, the selected dataset can reveal common machine translation errors. Thus, this 

dataset is a valid choice to compare the performance of Google and Babylon MT. 

5.4. Procedure 

The experimental procedure is described on the flowchart. At first, the type of a sentence should be defined. Some words 

can be replaced with more appropriate ones using a filter. Then the content of the sentence is compared to its meaning: they 

should match. If they do, the sentence is translated. The translated version is checked in terms of orthography, mistranslation, 

omissions and additions, and terminology. Then the sentence is checked in terms of grammar and punctuation. Classify phrases, 

correct incomprehensible sentences, and delete inaccurate sentences do not count as acceptable. 

5.5. Results 

The results are divided into three sections according to the quality analysis and evaluation tools used. The data on the overt 

error frequency analysis and the linguistic error analysis is provided as well. The results show the difference between the 

studied machine translation systems, Google and Babylon MT.  
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Figure 2. Steps in Evaluation 

5.5.1 The Characteristics of Arabic Word Case 

Table 4. The Characteristics of the Arabic Word Case 

Type of 

Rate 

Main 

category 

of Case 

Google 

MT 

Babylon 

MT 

  Singular 

Case 
0.61 0.31 

BLEU Dual Case 0.59 0.27 

  Plural 

Case 
0.57 0.23 

  Singular 

Case 
0.53 0.34 

NIST Dual Case 0.53 0.28 

  Plural 

Case 
0.52 0.23 

  Singular 

Case 
0.61 0.31 

GMT Dual Case 0.57 0.27 

  Plural 

Case 
0.53 0.21 

  Singular 

Case 
0.53 0.33 

PER Dual Case 0.49 0.32 
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  Plural 

Case 
0.41 0.22 

  Singular 

Case 
0.25 0.58 

WER Dual Case 0.28 0.72 

  Plural 

Case 
0.35 0.81 

  Singular 

Case 
0.21 0.78 

TER Dual Case 0.35 0.82 

  Plural 

Case 
0.37 0.87 

  Singular 

Case 
0.61 0.41 

 

HUMA 
Dual Case 0.67 0.39 

  Plural 

Case 
0.72 0.36 

Total Summation 10.3 9.06 

Average 0.93636 0.82364 

Percentage of 

Translation Accuracy  
53.20% 46.80% 

 

 

 

 

 

 

 

 

Figure 3. Arabic Word Case Characteristics 

 

The cases or errors were classified according to grammatical number, singular, dual, and plural. The number of errors for 

BLEU, NSIT, GTM, PER and human analysis was higher for Google MT than the number of errors in comparison to Babylon 

MT. This result indicates better performance of Google MT. In the case of the BLEU metric, the quality of translation is high 

even if four words in a sequence match the reference translation. In the case of the WER and TER, the higher quality of 

translation means a smaller number of errors for Google MT. This finding contradicts the results obtained in some other studies.  

5.5.2 Overt Errors 

The model of translation quality assessment described by House in 1996 was used to identify and assess the quality of the 

translation from Japanese to Arabic. The translation was not performed overtly according to this model. Then the output 

obtained through the machine translation of the words and the sentences were compared with those obtained through the TWA. 

The list of errors is given below (Table 4 and Figure 3). Google MT reported 37.28% error, and Babylon MT reported 63% 

errors. The number of errors for Babylon is significantly higher than the number of errors for Google MT, Table 5 

 

 

 

0%

50%

100%

The Characteristics of Arabic 
Word Case 

Main category of Case Google MT Babylon MT
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Table 5: Relative Frequency of Overt Errors in TT categories. 

Error 

categories 

Frequency 

Verbatim 

Frequency 

Verbatim 

Google MT 
Babylon 

MT 

Not 

Translated 
158 780 

Slight 

change in 

meaning  

384 587 

Significant 

change in 

meaning 

269 555 

Distortion 

of 

meaning 

256 678 

Breach of 

the SL 

system 

354 879 

Creative 

translation 
460 126 

Cultural 

filtering 
330 115 

Average 315.8571429 531.4285714 

Percentage 37.28% 62.72% 

Figure 4. Overt Errors 

5.5.3 Linguistic Error Analysis 

Table 6 represents the summary of the results, the linguistic errors obtained from the analysis. It shows all error categories 

classified according to the frequency of occurrence. 

 

 

 

 

 

 

 

 

 

Frequency Verbatim0
200
400
600
800

1000

Overt Errors 

Frequency Verbatim Frequency Verbatim
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Table 6: Relative Frequency of Linguistic Error categories and their distributions. 

 

 

 

 

 

 

 

 

 

 

The word order and word sense are the most common errors for the Google MT system. The errors associated with word order 

were more frequent for Google MT in spite of the smaller overall number of errors. The overall error rate is at 39.35% and 

60.65% for Google MT and Babylon MT correspondingly.   

5.6. Discussion and Finding 

The quality of translation can be considered weak for Babylon MT due to the great number of errors and the poorer quality 

analysis scores. For Google MT, the quality of translation is still not good as it reported around 40% errors. The overall quality 

of the translation is poor. Both systems have shown their strengths in different areas. The studied MT systems can modify their 

translation algorithms as they showed the different performance regarding various types of errors.   

VI. CONCLUSION 

The importance of Japanese to Arabic translation grows along with globalization. This growth has also pushed the need for 

quality machine translation systems, but performance of the existing ones leaves much to be desired. 

Error categories 

Frequency 

Verbatim 
Frequency 

Verbatim  

Babylon 

MT 
Google 

MT 

Word sense 980 670 

Word order 780 170 

Missing word 159 395 

Superfluous word 112 259 

Orthography/punctuation 97 693 

Particle error 133 769 

Untranslated word 148 345 

Pragmatic error 115 590 

Average 315.5 486.375 

Percentage 39.35% 60.65% 

Figure 5. Linguistic Errors 

0
100
200
300
400
500
600
700
800
900

1000

Linguistic Error Analysis 

Frequency Verbatim Frequency Verbatim  Babylon MT
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The study utilizes 1800 sentences of varying difficulty from Japanese education books. Two MT systems, namely Google 

and Babylon, translated these sentences.  

The research involved various evaluation tools, namely BLEU, GTM, WER, PER, TER, and human analysis, to check the 

quality of the translation. Error analysis for the linguistic and overt errors was carried out: it showed the difficulties and 

differences in the quality of translation between Google and Babylon MT. In addition, improvement areas for each machine 

translation system were identified.  

Appendix: 

The table below shows how to translate words from Japanese into Arabic based on the characteristics of Arabic words, target 

items in machine translation. The correct verbal formulation corresponds to the meaning of the Japanese text for improving the 

quality of translation. 

Main 

Category 

Semantic 

Words of 

Japanese 

Japanese Sentences  
Arabic 

Sentences 

Singular 

私∼我 私は嬉しさのあまり我を忘れた。 

 سع٘دا وٌد

 أًٌٖ لدرجح

.ًس٘د  

彼 彼に著しい影響を与えた 
 ذأث٘ر لَ واى

.علَ٘ وث٘ر  

一つ ここで一つクイズを出したいと思います。 

 أعرمد ٌُا

 ذسلود

 هساتمح

1台 私たちはバスを1台チャーターした 
 اسرأجرًا

ّاددج دافلح  

  

  

  

  

  どちらのホテルも高くない。 
 الفٌدل٘ي وال

 هىلف٘ي

  どっちが好き？両方とも好き。 

 ذفضل اِٗوا

 والُوا اوثر؟

 ٗعجثٌٖ

どちら 

  

彼はイギリス人、それともアメリカ人？どちらでもない。彼はオーストラリア人だ。 

 ُْ ُل

 أم ترٗطاًٖ

 وال أهرٗىٖ؟

 ل٘س الثلدٗي

 إًَ تالدٍ

.أسررالٖ  

紅茶とコーヒー、どちらにしますか？どちらでも結構です。 

 ذرٗد أِٗوا

 أّ الشإ

 المِْج؟

  

  

  

  

 

.ج٘د والُوا  

どれ 宿泊はどれにしても大丈夫です。 
 ٗوىٌه أِٗوا

.الوث٘د  
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Dual  

  

  

  

  

  

  

二人 二人ともハーバードへ進学した。 
 والُوا ذُثا

.ُارفارد إلٔ  

 

祖父は二人とも農業をしている。 
 الجّدٗي وال

.هزرعاى  

二つ 東京工科大学の近くにホテルが二つある。 

 فٌدل٘ي ْٗجد

 هي تالمرب

 طْوْ٘ جاهعح

.للرىٌْلْج٘ا  

た二つ 

大きいコップが二つある。 
 وْتاى ْٗجد

.وث٘راى  

法改正に大きな影響を与えた二つの“事件” 

 واى لض٘راى

 ذأث٘ر لِوا

 علٔ وث٘ر

 ذٌم٘خ

 الماًْى

両親 両親は健在です。 

 الْالداٗي

 ل٘د علٔ

.الذ٘اج  

両 方 両方のホテルともよい。 

 وال

 الفٌادل٘ي

 ج٘دٗي

両手 それは両手で持ちなさい。 
 دولِا والُوا

 ت٘دٗه

  

  

  

  

私たち 私たちの市には博物館がある。 
 فٖ هرذف ْٗجد

.هدٌٗرٌا  

我々 我々は協力して仕事をしています。 
 ًعول ًذي

.هعا ترعاّى  

沢山 漁師さんがしょっちゅう私に魚を沢山くれる。 

 ها غالًثا

 ٗعطٌٖ٘

 الص٘ادّى

 هي الىث٘ر

.األسوان  

５つ 私は５つの箱を持っている。 
 خوسح لدٕ

.صٌادٗك  

  

Plural  

  

  

  

10冊 あなたは本を何冊持っていますか? 
 الىرة هي ون

 لدٗه؟

 

10冊持っています。 
 عشرج لدٕ

.ورة  

10匹 池には鯉が10匹います。 

 عشرج ٌُان

 شثْط سوىاخ

 فٖ شائع

.الثروح  
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  多い 狩猟・釣りの対象となる動物が多いです。 

 ذسرِدف

 هي الىث٘ر

 الذْ٘اًاخ

 ّاألسوان

 للص٘د

多数~全て ここには良いホテルが多数あります。 

 العدٗد ٌُان

 الفٌادق هي

.ٌُا الج٘دج  

 

多数のホテルにあたったのですが、どれも部屋がありません。全て満室でした。 

 اصطدهد لمد

 هي تالعدٗد

 الفٌادق

 لدٓ ل٘س ّلىي

 غرف هٌِا إٔ

. للذجز هراح

 دجزُا ذن

.تالىاهل  

他人 他人の悪口を言ってはいけません。 
 تسْء ذرذدز ال

اٙخرٗي عي  

Main 

Category 

Semantic 

Words of 

Japanese 

Japanese Sentences  
Arabic 

Sentences 

Singular 

私∼我 私は嬉しさのあまり我を忘れた。 
وٕت صعٍدا ٌدزجح 

 .إًٔٔ ٔضٍت

彼 彼に著しい影響を与えた 
واْ ٌٗ تأثٍس وثٍس 

 .عٍٍٗ

一つ ここで一つクイズを出したいと思います。 
ٕ٘ا أعتمد تضٍّت 

 ِضاتمح

1台 私たちはバスを1台チャーターした اصتأجسٔا حافٍح ٚاحدج 

  

  

  どちらのホテルも高くない。 ٍٓوال اٌفٕدلٍٓ ِىٍف 

  どっちが好き？両方とも好き。 
اٌّٙا تفضً اوثس؟ 

 والّ٘ا ٌعجثًٕ

  

  

  

  

  

Dual  

  

どちら 彼はイギリス人、それともアメリカ人？どちらでもない。彼はオーストラリア人だ。 

ً٘ ٘ٛ تسٌطأً أَ 

أِسٌىً؟ وال اٌثٍدٌٓ 

ٌٍش تالدٖ إٔٗ 

 .أصتساًٌ

  

紅茶とコーヒー、どちらにしますか？どちらでも結構です。 

اٌشاي أٚ  أٌّٙا تسٌد

 اٌمٙٛج؟

 .والّ٘ا جٍد  
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どれ 宿泊はどれにしても大丈夫です。 أٌّٙا ٌّىٕه اٌّثٍت. 

二人 

二人ともハーバードへ進学した。 
ذ٘ثا والّ٘ا إٌى 

 .٘ازفازد

祖父は二人とも農業をしている。 ْوال اٌجّدٌٓ ِززعا. 

二つ 

東京工科大学の近くにホテルが二つある。 

ٌوجد فندقٌن بالقرب 

من جامعة طوكٌو 

 للتكنولوجٌا.

大きいコップが二つある。  كوبان كبٌران.ٌوجد 

法改正に大きな影響を与えた二つの“事件” 

قضٌتان كان لهما 

تأثٌر كبٌر على تنقٌح 

 القانون

両親 両親は健在です。 
اٌٛاٌدآٌ عٍى لٍد 

 .اٌحٍاج

両 方 両方のホテルともよい。 كال الفنادقٌن جٌدٌن 

  

  

  

  

  

  

Plural  

  

  

  

  

  

両手 それは両手で持ちなさい。 كالهما حملها بٌدٌك 

私たち 私たちの市には博物館がある。 
ِتحف فً ٌٛجد 

 .ِدٌٕتٕا

我々 我々は協力して仕事をしています。 
نحن نعمل بتعاون 

 معا.

沢山 漁師さんがしょっちゅう私に魚を沢山くれる。 

غاٌثًا ِا ٌعطًٍٕ 

اٌصٍادْٚ اٌىثٍس ِٓ 

 .األصّان

５つ 私は５つの箱を持っている。 ٌدي خّضح صٕادٌك. 

10冊 

あなたは本を何冊持っていますか? وُ ِٓ اٌىتة ٌدٌه؟ 

10冊持っています。  وتة عشرةٌدي. 

10匹 池には鯉が10匹います。 

هناك عشرة سمكات 

شبوط شائع فً 

 البركة.

多い 狩猟・釣りの対象となる動物が多いです。 

تستهدف الكثٌر من 

الحٌوانات واألسماك 

 للصٌد
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多数~全て 

ここには良いホテルが多数あります。 
ٕ٘ان اٌعدٌد ِٓ 

 .اٌفٕادق اٌجٍدج ٕ٘ا

多数のホテルにあたったのですが、どれも部屋がありません。全て満室でした。 

لقد اصطدمت بالعدٌد 

من الفنادق ولكن لٌس 

غرف لدى أي منها 

متاح للحجز. تم 

 حجزها بالكامل.

他人 他人の悪口を言ってはいけません。 
ال تتحدث تضٛء عٓ 

 اَخسٌٓ
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