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7 Abstract Automatic recognition of emotions remains an

8 ongoing challenge and much effort is being invested

9 towards developing a system to solve this problem.

10 Although several systems have been proposed, there is still

11 none that considers the cultural context for emotion rec-

12 ognition. It remains unclear whether emotions are universal

13 or culturally specific. A study on how culture influences the

14 recognition of emotions is presented. For this purpose, a

15 multicultural corpus for cross-cultural emotion analysis is

16 constructed. Subjects from three different cultures—

17 American, Asian and European—are recruited. The corpus

18 is segmented and annotated. To avoid language artifacts,

19 the emotion recognition model considers facial expres-

20 sions, head movements, body motions and dimensional

21 emotions. Three training and testing paradigms are carried

22 out to compare cultural effects: intra-cultural, cross-cul-

23 tural and multicultural emotion recognition. Intra-cultural

24 and multicultural emotion recognition paradigms raised the

25 best recognition results; cross-cultural emotion recognition

26 rates were lower. These results suggest that emotion

27 expression varies by culture, representing a hint of emotion

28 specificity.

29

30 Keywords Affect � Culture � Universality �

31 Specificity � Emotional corpus

321 Introduction

33The desire to create applications and devices that better

34support human needs is evident in fields of study such as

35human computer interaction (HCI). Considering the con-

36text in which users interact is key to creating a human-like

37interaction [10]. Including cultural context in the systems

38that support users yields better results in the interaction

39between humans and computers; thus, adding cultural

40context can generate applications with worldwide scope [1,

4111, 15].

42One way to bridge the breach between human and

43computers is to provide tools that understand the internal

44mental state of the users [18]. Understanding the emotional

45state of a user allows the machine to modify its responses

46accordingly. This new paradigm introduces the possibility

47of changing the current character of interaction in which

48the user is typically expected to adapt to the computer

49instead of the opposite, ideal way.

50In contrast to human to compute interaction, in human-

51to-human communication one person understands

52another’s emotions through different hints such as facial

53expressions, body language and vocal pitch [17]. An

54individual sends these signals unconsciously as part of the

55communication process and the people he or she is inter-

56acting with receives them along with other elements of the

57communication such as speech. Emotional information is

58crucial for successful communication. Using the same type

59of hints, a machine would be able to understand the internal

60emotional state of its users [18].

61In emotion theory, the effect of cultural context is in

62sending and receiving subtle emotional cues is still an open

63question [20]. Several psychological studies suggest that

64culture plays a very important role in the mutual under-

65standing of emotions.
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66 The field of emotion recognition has been advancing

67 quickly, yet the inclusion of the cultural aspect is still

68 missing from currently available emotion recognition sys-

69 tems [8]. It is our purpose to further study the effect of the

70 cultural aspect in the understanding of emotions, both

71 within and outside of a culture.

72 1.1 Related emotion recognition research

73 A prototypical emotion recognition system is developed by

74 training a system with several subjects’ emotional reactions.

75 There are single or multiple cue emotion recognition sys-

76 tems. A single cue emotion recognition system is trained

77 focusing in one of the physiological hints. For example, a

78 single cue emotion recognition system may be based on

79 facial expressions only. A multiple cue emotion recognition

80 system mixes several hints, such as facial expression and

81 voice. Besides audiovisual hints, other physiological signals

82 such as brain waves or skin conductivity can also be used to

83 train the emotion recognition system.

84 Although the multimodal (multiple cue) emotion rec-

85 ognition systems and the use of different emotion theories

86 (e.g. categorical and dimensional [17]) continue to be

87 popular among researchers, very few efforts have been

88 made to include contextual information such as cultural

89 context in interaction systems.

90 Available emotion recognition systems that include

91 cultural context are based mostly on a single cue, for

92 example, body [16] or voice [14]. Up to now, these systems

93 are focused on categorical classification of emotions, e.g.,

94 happy, sad, angry.

95 One study on culture dependence in body motions pre-

96 sented in the work of Kleinsmith and colleagues [16]

97 compares three cultures: Japanese, Sri Lankan and Latin

98 American. The corpus used for this study consists in posed

99 body motions from 13 different subjects. Another study

100 based on speech analysis [14] compares three cultures:

101 European, American and Asian. Kamaruddin and col-

102 leagues use utterances obtained from TV shows in three

103 different languages, each one representing one of the cul-

104 tures being compared. These studies presented evidence of

105 cultural specificity for emotion classification for the cul-

106 tures studied.

107 The design of a new database for cross-cultural emotion

108 recognition studies has been published recently [2]. It

109 includes audiovisual information and its main focus is

110 gesture analysis. The interactions in this database are acted

111 and the three groups compared are all European.

112 1.2 Cross-cultural emotion recognition issues

113 Universality or specificity of emotions has been debated

114 since the times of [5]. Universality of emotions suggests

115that emotions can be recognized regardless of the cultural

116backgrounds of the sender and receiver. This means that

117even if two people belong to different cultures, they would

118each be able to understand what emotion is being trans-

119mitted by the other based on visual and auditory cues.

120Ekman’s [7] multicultural studies lead to the idea that there

121are six basic universal emotions.

122On the other hand, specificity of emotions suggests that

123emotions are expressed and interpreted differently across

124cultures. Russell’s work presents strong evidence disprov-

125ing Ekman’s theory of cultural universality [22]. Recent

126evidence in emotion perception questions the universality

127of facial emotions [13].

128Although the question of cultural universality or speci-

129ficity of emotion has been a hot topic for several decades,

130today it remains without a definite answer. Most of the

131work done to disentangle this question focuses on facial

132cues and utilizes discrete categorization of emotions.

133The first issue for cross-cultural emotion studies is the

134lack of a common corpus that can be used for analysis,

135modeling, training and testing. There are very few open

136emotion databases [8] and none of these are constructed

137for the purpose of cross-cultural comparisons. Developing

138a cross-cultural corpus poses its own challenges: from

139basic and important points such as ways of gathering

140subjects from different cultures to complex points such as

141designing tasks simultaneously suitable for different

142cultures.

143As mentioned in the previous section, most of the

144research done in this topic is based on single cue analysis.

145Scherer [20] describes expressions of emotion as a mix of

146psychobiological, sociocultural and epochal factors. His

147study presents evidence on the ongoing debate regarding

148cultural universality and specificity of emotions. His find-

149ings suggest that emotion encoding and decoding depend

150on the context of the interaction and suggests multimodality

151to more deeply study the question of cross-cultural

152emotions.

153Working with multiple cultures might imply working

154with several languages as well. This is another unresolved

155issue at the time of the interaction and analysis. Haid and

156colleagues describe emotion words as poor anchors for

157cross-cultural comparisons [9]. Looking beyond the six

158most common emotions is suggested for comparing dif-

159ferent cultures.

1601.3 Scope of this research

161Cultural universality or specificity of emotion remains an

162undecided issue. Several HCI studies have shown that

163considering the cultural context of computer user leads to

164better interaction results. Our purpose in this paper is to

165analyze and compare emotion expression and recognition
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166 between different cultures and provide hints towards uni-

167 versality or specificity of emotions.

168 As a foundation for our study, we have prepared an

169 emotion dataset of subjects from multiple cultures. This

170 corpus is labeled at a feature and emotion level. Three

171 cultures–American, European and Asian–considered. Our

172 models analyze multiple cues in a dimensional categori-

173 zation of emotions. We perform different combinations in

174 training and testing models to further understand the effect

175 of culture in the recognition of emotions.

176 The paper is organized as follows. Section 2 explains

177 the proposed steps in developing an emotion recognition

178 model and to compare the effect of culture. In Sect. 3,

179 the construction of the emotion corpus is explained.

180 Section 4 discusses the annotation of the corpus of fea-

181 tures and emotions. The development of our emotion

182 recognition experiments with different cultural combina-

183 tions for training and testing is presented in Sect. 5.

184 Finally a discussion and conclusions are presented in

185 Sect. 6.

186 2 Proposed methodology

187 Based on the issues described in Sect. 1.2 there are five

188 general requirements for a model that considers the cross-

189 cultural context.

190 (a) Cross-cultural corpus: In order to perform emotion

191 recognition analysis considering cultural differences,

192 it is necessary to design an emotion recognition

193 experiment using an emotional corpus built with a

194 focus on culture. Due to the lack of databases with the

195 features required for this study, it is necessary to

196 construct a corpus with emotional expressions and

197 interactions to use as training and testing material for

198 the experiment. This corpus needs to include people

199 from different cultural backgrounds, and the interac-

200 tions need to be natural. Conventional studies work

201 with posed or acted interactions. Previous research

202 have shown that when a person acts or poses an

203 emotion, the result tends to differ from natural

204 emotions in at least two points: the timing and

205 synchronization between features and motions tend to

206 be wrong, and the expressions exaggerated and, based

207 on stereotypes of how the posed expression should

208 look [12, 25]. For our current purpose, we want to

209 avoid these issues. Thus, we prepared an emotional

210 corpus with subjects from different nationalities,

211 interacting in situations that elicit emotional reactions

212 in the participants. The expressions that appeared

213 during such emotional interactions were recorded.

214(b) Multimodality: The model requires analysis of several

215cues to further study the effect of culture on different

216audiovisual expressions. Facial expressions, head

217motions and body movements were considered as

218three different types of cues.

219(c) Theories of emotion: Even though most emotion

220research revolves around the six basic emotions

221proposed by [7], this study utilizes dimensional

222categorization of emotions [23]. Two dimensions

223are considered: valence, which means how positive or

224negative an emotion is; and arousal, which represents

225the intensity of this emotion.

226(d) Language: The assessment of emotions forces sub-

227jects to assign linguistic symbols to their feelings.

228This is a point of bias in a cross-cultural context. The

229use of dimensional categorization of emotions dimin-

230ishes the effect of linguistics. Besides assessment,

231stimuli that require deep understanding of language

232could bias the interaction as well. To avoid such bias,

233pictures are used as stimuli for the experimental

234interactions to record the emotion corpus.

235(e) Cultural comparisons: The final goal of the corpus

236construction and experiment is to compare the

237emotional expressions among different cultures. For

238this purpose, a model for each culture is prepared.

239Next, the recognition is tested first within each culture

240and then across cultures (e.g. American model tested

241with European population). Finally, a global model is

242prepared and tested. Having three different models,

243differences and similitudes can be observed.

2443 Emotional corpus construction

245The corpus was constructed following the guidelines of

246multiple cultures, natural emotions (through emotion elic-

247itation), and language independence. The details are

248explained below.

2493.1 Participants and cultural classification in this study

250Eight participants with different cultural backgrounds were

251recruited from the University of Tsukuba. The participants’

252countries of origin are Jamaica, France, Costa Rica, India,

253Spain, Brazil, Japan and Hungary.

254Some psychological studies in emotion classify cultures

255into two groups: Western cultures and Oriental cultures.

256However no standard is defined for this group division. In

257this study our cultures are separated heuristically by geo-

258graphical regions into three main groups: America, Europe

259and Asia.

Int. J. Mach. Learn. & Cyber.

123
Journal : Large 13042 Dispatch : 10-8-2013 Pages : 9

Article No. : 192
h LE h TYPESET

MS Code : JMLC-D-13-00012 h CP h DISK4 4

A
u

th
o

r
 P

r
o

o
f

Rei
Highlight

Rei
Highlight

Rei
Highlight



U
N
C
O
R
R
E
C
T
E
D
P
R
O
O
F

260 3.2 Emotion elicitation

261 The emotional corpus is essential to developing correct

262 emotion recognition models. The ecology of the corpus is

263 important to reflect real behavior, not only for the analysis of

264 cultural context, but also for future use in real life scenarios.

265 Pictures were used to elicit emotions from the participants.

266 The pictures used were obtained from the GAPED database

267 [6]. The pictures available in this database are emotionally

268 loaded, and they are expected to influence the watchers

269 emotional state. The information about valence and arousal of

270 each picture is available within the database, which makes

271 them suitable for our study. The contents of the pictures range

272 from pleasant images (for example cute animals or babies) to

273 unpleasant images (like spiders and gross situations).

274 During the experiment, each participant was invited to

275 enter the experimental room and sit in a chair placed one

276 meter away from the monitor where the images were dis-

277 played. Participants were then instructed to watch the

278 pictures that were automatically displayed on the screen.

279 After observing a picture, the participant was asked to

280 assess his or her own emotional state using a five point

281 scale (from negative to positive, zero being neutral). Two

282 high definition cameras synchronized to each other recor-

283 ded the whole interaction. The first camera was focused on

284 the face of the participant and the second on the full body.

285 The pictures were presented in a random order for 5 s

286 each, with a grey screen displayed for 3 s between pictures

287 to let the participant rest. In total each participant observes

288 20 pictures: 8 positive, 8 negative and 4 neutral.

289 Each session was recorded continuously. The methods

290 presented in [21] were used to segment the recording and

291 obtain the regions of interest corresponding to the frag-

292 ments in which the participant was exposed to the picture.

293 Examples of still shots of the videos recorded with the

294 cameras can be seen in Figs. 1 and 2. Figure 1 presents an

295 expression obtained from the full body camera, when the

296 participant watched a negative image. Figure 2 illustrates,

297 on the top row, responses of the participants while watching

298 negative images, and in the bottom row, responses while

299 watching positive images.

300 It is important to remark that the information of the

301 pictures is not used further in the study. The only purpose

302 of the pictures is to create some feeling or reaction in the

303 participants. After the participation of the subjects is

304 recorded, there is no relation between the contents of the

305 pictures and the emotional models we construct.

306 4 Corpus annotation

307 The corpus consists of 160 segments of video with the

308 emotional responses of the participants as they watched the

309pictures. Each segment last 5 s and is classified into

310American, Asian or European. At this stage, it is necessary

311to annotate features and emotion information (which will

312be referred to as ‘‘emotion label’’ in this paper) before

313training the model. An Emotion label refers to the real

314information on emotions inside each segment of

315interaction.

3164.1 Feature annotation

317Twenty-nine features were labeled for face, head motions

318and body movements. The features were chosen consider-

319ing the frequency of movement among all participants. A

320feature is considered significant if it is observed more than

321five times in at least two independent participants from any

322cultural group.

323Facial features: Inner eyebrows up, outer eyebrow rai-

324ser, eyebrow lowerer, frown, eyelid tightener, eyelids

325towards each other, multiple blinks, smile, laugh, abnormal

326breathing, nose wrinkle, jaw drop, lip pressor, lip suck, lip

327corner puller, lip corner depressor, jaw sideways, swallow,

328chin raiser.

329Head features: move head, move head away, nod, say

330no, tilt head.

331Body features: move finger up and down, move hands,

332touch or scratch with the hand, press hand, move leg.

Fig. 1 Full body high definition camera. Natural response elicited by

a European participant (from Hungary) while observing a negative

picture
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333 4.2 Emotional annotation

334 Emotional annotation refers to the emotion label assigned

335 to an observed interaction. This label is considered the

336 ‘‘real’’ emotion that the participant in the video segments is

337 feeling. Labels are necessary to train a model and perform

338 associations between interactions and elicited feelings.

339 There are several techniques to assign emotion labels to

340 the segments. We chose to assign the participant’s self-

341 report of emotion as emotion label. Self-report of emotions

342 is considered valid in the cases when subjects report

343 ‘‘currently experienced’’ emotions [17]. In our experi-

344 ments, the participant’s emotion was reported immediately

345 after he or she observed the image, thus this labeling

346 technique is appropriate for our investigation.

347 Since our interest in this study is to analyze the

348 expression of emotions in different cultures, not under-

349 standing of emotions, we do not include the emotional

350 judgment of third parties [20].

351 5 Emotion recognition experiment

352 In this section, the different experimental paradigms are

353 explained. In each set up, the collected data was arranged

354 according to the cultural comparison purpose.

355 5.1 Training vectors and chosen classifier

356 Each group of training vectors is composed of the anno-

357 tated features (presented in Sect. 4.1). This information is

358 matched to the emotional label. For this study two emotion

359 labels representing valence are used: positive valence and

360 negative valence. The following expression describes the

361 type of vector used for training each model:

Eij = (fij1; fij2; ..., fij19; hij1; hij2; ..., hij5; bij1; bij2; ..., bij5Þ

363363where i represents the participant’s ID, j the number of

364picture the participant observed, E is the reported emotion,

365fijk refers to each labeled facial feature (k = 1,2,…,19), hijl
366indicates the head motions (l = 1,2,…,5), bijm represents

367the body movements (m = 1,2,…,5). Vectors are chosen

368for training and testing the models based on participant i’s

369culture.

370There are several common classifiers used for emotion

371recognition tasks [8]. We chose Support Vector Machines

372(SVM) to train each model. An implementation of SVM

373from SVM-KM Toolbox [3] with Gaussian kernel was

374employed for training and testing. A leave one out cross-

375validation (LOOCV) procedure was selected in order to use

376all the vectors for training and testing each model, using

377each vector as an independent test exactly once.

378LOOCV consists of training a model with n-1 vectors

379and testing it with the remaining one, where n represents

380the total amount of vectors. The training is performed

381n times, testing a different vector each time. LOOCV has

382been chosen instead of data partitioning to avoid biasing

383the model towards specific participants.

384Three emotion recognition experiments were carried

385out, testing recognition: within a culture, across two cul-

386tures and mixing the three cultures together.

3875.2 Intra-cultural emotion recognition

388Intra-cultural emotion recognition refers to emotion rec-

389ognition inside a single culture. That is, the model is

390trained and tested within the same culture. An intra-cultural

391emotion recognition experiment was performed for each of

392the three cultures in this study. It is necessary to examine

393the recognition results within a culture before proceeding

394to analyze cross-cultural scenarios. LOOCV was utilized in

395this case. Figure 3 shows the confusion matrices for each

396culture: American, Asian and European.

Fig. 2 Face focused high

definition camera. On the top

row, reactions of American

(from Costa Rica), Asian (from

India) and European (from

Hungary) participants,

respectively, while they

watched negative images. On

the bottom row, reactions of

European (from France),

American (from Brazil) and

Asian (from India) participants

while they watched positive

images
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397 Table 1 presents a summary of the recognition rates and

398 recognition accuracy per culture in the intra-cultural

399 emotion recognition paradigm. While participants from

400 American and Asian cultures achieved a reasonable accu-

401 racy rate, participants from European cultures achieved a

402 very low accuracy rate. In all three cultures it was easier for

403 the model to recognize positive expressions of emotion

404 than negative ones. Participant from Asian cultures

405 achieved the best recognition accuracy among the three

406 culture groups.

407 5.3 Cross-cultural emotion recognition

408 This recognition model was trained using one culture and

409 tested within a different culture, for example, train with

410 American data and test with Asian data. The resulting

411 confusion matrices can be observed in Fig. 4.

412 A summary of the recognition accuracy rates for each

413 combination of cultures is presented in Table 2. The

414 accuracy of emotion recognition decreased in most cases.

415 For the Asian model, the overall recognition accuracy

416 decreased as well in comparison with the initial intra-cul-

417 tural recognition results. European model elicited rather

418 good recognition rate.

419 5.4 Multi-cultural emotion recognition

420 Finally, a multicultural emotion recognition model (com-

421 bining all cultures) was performed. This training served to

422 improve understanding of partial cultural dependencies and

423 to analyze the effect of mixing several cultures in a single

424 model. Figure 5 shows the recognition results.

425In comparison with the cross-cultural set up, the multi-

426cultural model raised better recognition results. The cross-

427cultural set up represented a model that has a single specific

428cultural background (for example, American model). On

429the other hand, the multicultural set up had a combined

430culture background; therefore it is not limited to expres-

431sions from a single culture as the cross-cultural model.

432The multicultural model recognizes emotions from dif-

433ferent participants despite their cultural background. This

434model has the expressivity knowledge from three different

435cultures, thus it is possible to match common expressions

436regardless culture. Such knowledge is not possible to

437obtain from a model trained based in a single culture. The

438recognition rate of this model suggests that there are

439common non-contradicting expressions between the three

440cultures.

4416 Discussion and conclusions

442A study on the influence of cultural context in emotion

443recognition was presented in this paper. To understand the

444influence of culture in emotion recognition, a multi-cultural

445corpus was constructed, segmented and labeled considering

446facial expressions, head movements and body motions.

447Three cultures: American, Asian and European were

448considered. To avoid language artifacts the study was

449based in dimensional emotions, using emotional valence

450for the experiments. Participants of the data collection

451experiment were asked to rate their own emotions while

452watching emotionally loaded images. This information was

453used as emotion labels. The experimental interactions were

454recorded by two synchronized high definition cameras, one

455focused in body and the second one focused on the face.

4566.1 Intra-cultural vs. cross-cultural emotion

457recognition

458In the intra-cultural setting, the same cultural corpus was

459used to train and test an emotion recognition model. This

460set up is used to understand the capability of the model to
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Fig. 3 Recognition results for

intra-cultural emotion

recognition of the three cultures:

American, Asian and European.

Vertical axis represents the

original emotion label. The

horizontal axis represents the

predicted emotion

Table 1 Recognition results for positive and negative valence and

general accuracy of emotion recognition per culture

Culture Positive Negative Accuracy

American 0.64 0.59 0.62

Asian 0.73 0.63 0.68

European 0.46 0.40 0.43
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461 recognize positive and negative emotions within a single

462 culture.

463 The results in Table 1 indicate that the model is able to

464 recognize the emotions for the American and Asian cul-

465 tures with good accuracy. In the case of the European

466model, the recognition accuracy is low. Further analyzing

467this issue, variability inside the different cultures that are

468represented in our corpus by the label ‘‘Europe’’ was rec-

469ognized as a possible reason for the low recognition

470accuracy of the European model. The corpus is based on

471subjects from Spain, France and Hungary. Although the

472countries belong to the same continent, their cultural

473backgrounds are quite different; behavioral expressivity

474seems to be different as well. From this issue, we can

475understand that it is necessary to define a more sensitive

476cultural filter. Continental grouping seems to be too broad

477to reflect the nuances of the different cultural populations.

478Overall, the cross-cultural emotion recognition model

479had lower accuracy results compared with the intra-cultural

480models. Such decrease in the result indicates that a model

481trained to understand emotional expressions from a spe-

482cific culture fails to recognize with the same accuracy

483emotional expressions from subjects of a different culture.

484This finding suggests cultural specificity of expression of

485emotions. Within a universal context, a model trained with

486subjects from a single culture should not suffer a recog-

487nition rate decrease when new subjects are tested, despite

488their cultural background.

489Based on Table 2, it is possible to understand that

490expressions of participants in the European corpus had low

491similarity to those participants in the American corpus. On

492the other hand, there seems to be closer emotion expres-

493sivity between the European and Asian. Nevertheless, it is

494still necessary to refine both corpuses before reaching a

495conclusion regarding the relative similarity amongst the

496three cultural groups.
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Fig. 4 Recognition results for

cross-cultural emotion

recognition among cultures. The

first column was trained with the

American corpus, the second

one with the Asian and the third

one with the European corpus.

Each trained model was tested

with the two remaining cultures.

The vertical axis represents the

original emotion label while the

horizontal axis represents

predicted emotion

Table 2 Accuracy rates per training/testing trial in the cross-cultural

recognition paradigm

Tested culture Trained culture

American Asian European

American 0.46 0.48

Asian 0.52 0.64

European 0.58 0.63

The columns represent the corpus used for training and the rows

represent the corpus used for testing
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Fig. 5 Recognition results for multi-cultural emotion recognition.

The vectors from the three cultures are used for both training and

testing, investigating the effect of mixing the three corpuses without

considering the cultural background
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497 6.2 Cultural-context consideration vs. cultural blind

498 emotion recognition

499 The third emotion recognition paradigm consisted on a

500 multi-cultural emotion recognition experiment. The multi-

501 cultural set up represents an emotion recognition model

502 that does not consider culture, thus is culturally blind. The

503 purpose of this set up is to understand the effect of emotion

504 recognition models with full knowledge of the expressivity

505 of the different cultures. In this experiment there is no

506 direct knowledge of the cultural background of each

507 participant.

508 The multi-cultural emotion recognition model achieved

509 good recognition results in general. This finding shows that

510 even though our results in intra-cultural and cross-cultural

511 experiments indicate specificity in the human expressions,

512 when a model is trained with a variety of cultures good

513 results can be obtained and similarities between the

514 expressions of the different cultures can be found.

515 Despite obtaining good results by mixing the three

516 cultures, based on the results of Sects. 5.3 and 5.4, it is

517 recommended to train emotion recognition models

518 including the cultural background of the subjects. Failing to

519 add cultural context will decrease the model’s recognition

520 rate when a new subject from a different culture is pre-

521 sented to the model. This situation can be established

522 observing the recognition accuracy decrease from using

523 Table 1 (intra-cultural test) and Table 2 (cross-cultural test,

524 i.e. new culture tested in the model).

525 6.3 Final remarks

526 The results obtained from the comparison of different

527 emotion recognition models that consider cultural context

528 suggest that culture influences the expression and recog-

529 nition of emotions. This finding is a hint towards demon-

530 strating the cultural specificity of emotions.

531 The comparison of models that consider subject’s cul-

532 tural background and models which do not consider it

533 resulted in similar recognition rates. However, further

534 analysis on a real type scenario of cultural mixing is

535 required before supporting universality of emotional

536 expressions since, as shown in the results of Table 2,

537 testing a model with subjects from a new culture will

538 decrease the accuracy rate.

539 Since cross-cultural recognition results indicate emotion

540 recognition has cultural dependency, it is predicted that a

541 cultural inclusive recognition model should yield better

542 results than a model that do not consider culture. Further

543 and more detailed experiments will be carried on to study

544 this effect.

545 The results of the intra-cultural scenarios are quite

546 similar to the results reported in previous studies on

547multimodality of emotions [24]. Based on our results,

548positive emotions seem to be easier to recognize than

549negative emotions. This result is consistent with findings of

550other groups [2, 4].

551A key point to an emotion cross-cultural study is the

552scope of the meaning culture and the choice of filter to

553separate participants into cultural groups. Our current filter

554is based on the continental geographical separation. For

555further studies, it is necessary to consider not only a geo-

556graphical background but also a sociocultural filter should

557be included in the participant grouping. It is also necessary

558to investigate the effect that cultural exchange has on the

559subjects. Pursuing this question might help in the under-

560standing of cultural bias causes, and what is the effect of

561sociological and physical traits in the cross-cultural emo-

562tion understanding.

563Future work includes the construction of a more specific

564corpus with subjects from closer cultural backgrounds to

565improve recognition results and boost comparison capa-

566bilities. Even though the corpus introduced in this study is

567robust enough to provide a cultural comparison basis, our

568results show weakness on the European sub-corpus. It is

569necessary to extend further the corpus to allow a better

570cultural filtering to avoid the issues encountered in the

571intra-European emotion recognition model. Other

572improvements of the corpus should include different vari-

573eties of emotional labels.

574In conclusion, the expression and understanding of

575emotion seems to be influenced by the cultural back-

576grounds of the people interacting. Understanding the effect

577of culture in the multimodal recognition of emotions can

578improve the emotion recognition systems and also enhance

579interaction between humans and computers in the future.

580
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