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Abstract
Recognition of signers’ emotions suffers from001
one theoretical challenge and one practical chal-002
lenge, namely, the overlap between grammat-003
ical and affective facial expressions and the004
scarcity of data for model training. This pa-005
per addresses these two challenges in a cross-006
lingual setting using our eJSL dataset, a new007
benchmark dataset for emotion recognition in008
Japanese Sign Language signers, and BOBSL,009
a large British Sign Language dataset with sub-010
titles. In eJSL, two signers expressed 78 dis-011
tinct utterances with each of seven different012
emotional states, resulting in 1,092 video clips.013
We empirically demonstrate that 1) textual emo-014
tion recognition in spoken language mitigates015
data scarcity in sign language, 2) temporal seg-016
ment selection has a significant impact, and 3)017
incorporating hand motion enhances emotion018
recognition in signers. Finally we establish a019
stronger baseline than spoken language LLMs020
(Qwen 2.5 and GPT-4o).021

1 Introduction022

Emotion recognition is a core topic not only in nat-023

ural language processing (Yun et al., 2024) but also024

in affective computing and human-computer inter-025

action (Zeng et al., 2009; El Ayadi et al., 2011), en-026

abling more natural and empathetic systems. Such027

systems are equally or more important for social028

minorities. Recently, more light is shed on sign029

language (Long et al., 2024; Yin et al., 2024; Wang030

et al., 2025), however, automatic emotion recog-031

nition in signers has not been explored at all. To032

our best knowledge, the single contribution in this033

direction is the EmoSign dataset for American Sign034

Language (ASL) (Chua et al., 2025).035

In this paper, we introduce eJSL1, a new bench-036

mark dataset for emotion recognition in Japanese037

Sign Language JSL). We asked two signers to ex-038

press 78 distinct sentences with each of seven dif-039

ferent emotional states, resulting in 1,092 video040

1https://released-but-anonymized-for-reviewing/

clips. Because human languages are highly context- 041

dependent, any linguistic expression potentially 042

can be expressed with any emotion. In this dataset, 043

thus, the task is recognizing the emotions of signing 044

signers rather than that of signed contents. 045

Here, the arising challenge is that emotion ex- 046

pressions in signers are further complicated be- 047

cause facial expressions convey both grammatical 048

and affective information (Brentari, 1999; Wilbur, 049

2000). For example, eyebrow movement can signal 050

a yes/no question (Pfau and Quer, 2010) or express 051

surprise (Valli and Lucas, 2000), creating ambi- 052

guity for emotion recognition models trained on 053

non-signers. 054

To address the challenge, we investigate three 055

hypotheses: (1) caption-based weakly labeled data 056

can support effective model fine-tuning, (2) select- 057

ing temporal segments less affected by grammatical 058

expressions improve accuracy, and (3) hand gesture 059

features enhance recognition beyond facial features 060

alone. Experiments on multiple datasets validate 061

these hypotheses and offer insights into understand- 062

ing of emotional communication in signers. 063

2 Emotion Recognition and Sign 064

Language 065

As discussed, a unique challenge in emotion recog- 066

nition in signers lies in the overlap between gram- 067

matical facial expressions (GFEs) and affective fa- 068

cial expressions (AFEs). Unlike spoken language, 069

sign language uses non-manual markers such as 070

facial movements and head gestures to encode syn- 071

tax. These signals often occur simultaneously with 072

AFEs, making their separation critical for accurate 073

understanding of communicative information. 074

To this end, Silva et al. (2020) annotated their 075

corpus with facial Action Units (AUs) to encode 076

GFEs. However, this corpus is not annotated in 077

terms of emotion. Although there are many other 078

sign language datasets (see Table 2 of (Albanie 079

et al., 2021) for a not-exaustive but rich list of 30 080
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datasets), none of them are with emotion annota-081

tion except for EmoSign and our eJSL. However,082

both of them are small-scale benchmark-oriented083

datasets. Thus the scarcity of data available for084

supervised training is another challenge.085

In human multimodal communication, verbal086

and non-verbal information can be independent,087

even contradictory in sentiment. In such contra-088

dictory situations, facial information can be highly089

dominant more than verbal information (Mehra-090

bian, 1971). Nevertheless, in usual situations, it091

is repeatedly observed that textual information is092

dominant by the multimodal spoken language emo-093

tion recognition literature (Li et al., 2023; Yun et al.,094

2024). Therefore, we can expect that, even in sign095

language, textual caption/subtitle data (i.e., transla-096

tions in spoken language) are useful to induce the097

emotion state of original signers in existing corpora.098

In this paper, we explore this possibility.099

3 Datasets100

We use three sign language datasets: eJSL,101

EmoSign, and BOBSL. We use eJSL and EmoSign102

for evaluation and BOBSL for both evaluation and103

neural model training. Although all three datasets104

are in different sign languages, as our focus is para-105

linguistic (or even non-linguistic) and we are at a106

very early stage of research, we assume the impact107

of the differences is marginal.2108

3.1 eJSL109

The eJSL (emotional Japanese Sign Language)110

dataset is our original video corpus containing111

78 distinct utterances. As illustrated in Figure 1,112

each utterance performed by one male and one fe-113

male signer across the six Ekman’s basic emotions114

(anger, disgust, fear, joy, sadness, surprise) (Ek-115

man, 1992) and the neutral state, yielding 1,092116

clips in total. The signers are native JSL signers117

who work as vocational deaf actors. The signers118

can also read and write fluently in Japanese as well119

as non-signers. Thus all instructions and utterances120

were textually presented in Japanese.121

Each clip is a complete JSL utterance with122

a single intended emotion. The 78 utterances123

2We recognize that this is a strong assumption, and inter-
lingual and intercultural differences will naturally have an
impact, but we believe these will only emerge as issues once
more research has progressed and recognition performance
has improved. When and how cultural variations limit this
assumption is an important research question for future work.

were adopted from a public transcript3 with sub- 124

stantial modifications in consultation with a pro- 125

fessional sign language interpreter so that sign- 126

ers have less difficulties in uttering (e.g., replac- 127

ing proper names with pronouns, avoiding ono- 128

matopoeic words, etc.). 129

3.2 EmoSign 130

EmoSign (Chua et al., 2025) is an ASL dataset of 131

200 clips drawn from the ASLLRP corpus (Neidle 132

et al., 2022), designed for affective analysis. We 133

use its Single Expression Set of 140 clips, which are 134

labeled with a single dominant emotion. It covers 135

ten emotion categories (for mapping to our label set, 136

see Appendix A) and serves for model comparison, 137

as Chua et al. (2025) provide established baselines 138

using vision-capable large language models. 139

3.3 BOBSL 140

The BOBSL dataset (Albanie et al., 2021) contains 141

over 1,460 hours of British Sign Language video 142

data from BBC programs by 39 sign language in- 143

terpreters. Using the official subtitle and alignment 144

data from BOBSL, we derive a dataset by applying 145

a textual emotion recognition (TER) model to sub- 146

titles, producing large-scale weak labels in seven 147

basic emotions according to the steps below. 148

First we extract two base subsets: BOBSL-A 149

from automatically subtitle-alignned data (113,826 150

clips), and BOBSL-M manually subtitle-aligned 151

data (34,046 clips). 152

A portion of BOBSL-M is held out (1438 153

clips) and manually annotated by two English- 154

speaking non-signers based on subtitles, with a 155

high-confidence overlap set (BOBSL-M_C, 930 156

clips for testing) showing moderate-to-substantial 157

agreement on emotion labels (see Appendix B) . 158

Finally, we apply a pre-trained TER model4 159

to BOBSL-A, as we identified the model works 160

best according to our preliminary verification using 161

BOBSL-M_C. We refer to the resulting emotion- 162

annotated dataset as BOBSL-A_TEA for training. 163

4 Experiments 164

In this section, we validate our three hypotheses: 165

(1) TER on subtitles mitigates the data scarcity 166

issue in sign language, (2) selecting temporal seg- 167

ments less affected by grammatical expressions 168

3https://github.com/mmorise/ita-corpus/blob/
main/emotion_transcript_utf8.txt

4https://huggingface.co/michellejieli/emotion_
text_classifier
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Joy Sadness Anger Disgust Fear Surprise

Figure 1: Examples of six different emotional expressions for the same utterance “What? That’s definitely a lie,
right? Hurry and say it was a lie.” by a signer in the eJSL dataset.

improves accuracy, and (3) hand gesture features169

enhance recognition beyond facial features alone.170

4.1 Emotion recognition models and metrics171

Through our experiments, we adopt EMO-172

AffectNet (Ryumina et al., 2022) for video-based173

face emotion recognition (FER), with a minor ex-174

tension to include hand gesture features. For our175

hand gesture extension, see Appendix C.176

Ryumina et al. (2022) provide a comprehen-177

sive cross-corpus study covering eight emotion178

datasets. Their framework combines a ResNet-179

50 FER backbone, pretrained on VGGFace2, with180

temporal modeling modules using multiple data181

augmentation strategies and label balancing. As182

our primary baseline, we use their public model183

weights5, which were optimized in such a way with184

non-signer data. Here after we refer to the plain185

Emo-AffectNet architecture as EAN and the hand186

gesture extended version as EANwH.187

In accordance with the emotion recognition liter-188

ature, we use weighted accuracy (wAcc) and macro189

F1 as performance metrics.190

4.2 TER-based automatic data labeling191

To validate the effectiveness of TER-based auto-192

mated labeling on sign language datasets, we fine-193

tuned the baseline EAN model with the BOBSL-194

A_TEA datasets introduced in section 3.3.195

As shown in Table 1 and Table 2, finetuning196

with BOBSL-A-TEA improved recognition perfor-197

mance significantly not only on BOBSL but also on198

eJSL, although the current overall performance is199

still quite low in comparison to that on non-signers.200

Nevertheless, the results support our hypothesis201

that TER-based weak labeling would mitigate the202

scarcity of sign language emotion recognition data.203

5https://github.com/ElenaRyumina/
EMO-AffectNetModel

Method wAcc (%) macro F1 (%)

EAN w/ non-signers data 15.54 12.12
EAN w/ BOBSL-A_TEA 27.85 17.75

Table 1: Performance of fine-tuning with TER-based
labeling on BOBSL-M_C.

Method wAcc (%) macro F1 (%)

EAN w/ non-signers data 7.41 9.25
EAN w/ BOBSL-A-TEA 15.11 12.11

Table 2: Performance of fine-tuning with TER-based
labeling on eJSL.

Method wAcc (%) macro F1 (%)

Full Clip Input 15.11 12.11
Random 2s Segment 15.20 12.29
Post-Signing 2s Segment 23.17 19.26

Table 3: Comparison of temporal segment selection
strategies on eJSL.

4.3 Temporal segment selection 204

If GFEs really obscure affective cues, selecting non- 205

signing temporal segments used for FER should im- 206

prove the recognition performance. This has been 207

theoretically expected but has not been verified 208

quantitatively yet. Especially, by observation, post- 209

signing segments seem to be emotionally salient, 210

at least in acted eJSL. 211

Therefore, we compare the following three strate- 212

gies: (1) using full clip, which is equivalent to the 213

previous experiment settings for Table 1 and Ta- 214

ble 2; (2) randomly selecting a 2-second segment in 215

each clip; and (3) using the post-signing 2-second 216

segment in each clip.6 217

As expected, the results shown in Table 3 con- 218

firm temporal segment selection of non-signing or 219

emotionally salient segments is quite effective. 220

6We extracted the post-signing segment automatically us-
ing motion intensity, for we instructed signers to remain still
for 3 seconds after signing each sentence.
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Method wAcc (%) macro F1 (%)

EAN (full clip) 27.85 17.75
EANwH (full clip) 32.72 20.03

Table 4: Performance of EANwH on BOBSL-M_C.

Method wAcc (%) macro F1 (%)

EAN (full clip) 15.11 12.11
EAN (post 2s) 23.17 19.26
EANwH (full clip) 24.63 21.09

Table 5: Performance of EANwH on eJSL.

4.4 Incorporating hand motion221

Hand motions are expected to serve cues for sign-222

ing segments. Then, by incorporating hand fea-223

tures, a model would learn an effective way to at-224

tend only to non-signing moments. To confirm this225

possibility, we applied EANwH (see section 4.1), a226

hand-feature extended version of EAN.227

As expected, the results shown in Table 4 and228

Table 5 confirm that incorporating hand features229

are effective both for BOBSL and eJSL. For eJSL,230

EANwH using full clips performs better than the231

post-signing segment selection with EAN.232

4.5 Comparison to vision-capable LLMs233

Finally, we compare our EANwH model to vision-234

capable LLMs (Qwen 2.5 and GPT-4o) using235

EmoSign (Chua et al., 2025). We applied the pro-236

cedure presented in (Chua et al., 2025) and could237

reproduce mostly the same results with them.7238

The results shown in Table 6 suggest that239

EANwH is better than the tested LLMs. Especially,240

EANwH has superior performance on Neutral. Ap-241

pendix Table 8 shows that Neutral is the majority242

class in BOBSL-M_C, as is often the case in real-243

world data. Therefore, performance on the Neutral244

class may strongly influence users’ perceived per-245

formance in practical applications.246

Table 7 shows the evaluation results on eJSL247

with the same procedure. EANwH obtained the248

best results, consistently with the test on BOBSL-249

M_C shown in Table 6.250

4.6 Discussion251

Statistical tests on eJSL confirm that EAN w/252

BOBSL-A-TEA is significantly better than EAN253

w/ non-signers (p < 0.0001, Table 2), and EANwH254

7Only a few clips were differently classified from the re-
sults reported in their confusion matrices. We set the tempera-
ture parameter 0.

Model Joy Sad. Ang. Dis. Fear Sur. Neu. Total

Qwen2.5 39.18 4.26 28.57 0.00 0.00 17.65 10.17 14.26
GPT-4o 38.38 27.27 0.00 28.57 8.33 0.00 0.00 14.65
EANwH 30.99 16.67 26.67 8.33 10.53 0.00 25.00 16.88

Table 6: Per-class F1 and overall macro F1 scores of
vision-capable LLMs and EANwH on EmoSign.

Model Joy Sad. Ang. Dis. Fear Sur. Neu. Total

Qwen2.5 20.91 11.98 2.53 12.10 9.57 1.27 19.84 11.17
GPT-4o 7.38 4.64 15.93 23.79 8.61 11.00 6.67 11.15
EANwH 35.91 10.64 15.55 14.29 9.65 21.10 40.49 21.09

Table 7: Per-class F1 and overall macro F1 scores of
vision-capable LLMs and EANwH on eJSL.

(full clip) is significantly better than EAN (full clip) 255

(p < 0.0001, Table 5). However, the gain from EAN 256

(post 2s) to EANwH (full clip) is not significant. 257

While we observed gains from the simplest base- 258

line, the achieved overall performance is still very 259

limited.8 However, as EANwH, our hand motion- 260

enhanced version, is also quite naive, there should 261

be much room for technical improvements. 262

Utilization of existing resource will also enhance 263

performance. While this paper utilized annotated 264

data in a cross-lingual setting, use of more datasets 265

from the same sign language in training will im- 266

prove results. 267

Fundamentally both EAN and EANwH do not 268

understand signed linguistic content in utterances. 269

As discussed in section 2, linguistic content can 270

serve strong emotion indicators in usual situations. 271

Thus, integration with sign language understanding 272

also must be be explored. 273

5 Conclusion 274

To push forward the research on emotion recogni- 275

tion in signers, this paper introduced a new sign 276

language benchmark dataset eJSL, in which two 277

JSL signers acted seven emotions for 78 utterances. 278

With eJSL and other two datasets, i.e., BOBSL 279

and EmoSign, we empirically demonstrated effec- 280

tiveness of textual emotion recognition, temporal 281

segment selection and hand motion. We hope our 282

eJSL and findings contribute emotion recognition 283

in signers and sign language. 284

8We sampled 70 clips (10 per class) of one signer and
asked the other signer to classify them. The achieved macro
F1 score was 77.78, while a non-signer achieved 57.85 on the
same 70 clips. The former would be the upper-bound and the
latter would be the lower-bound for practical applications.
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6 Limitations285

As discussed in section 4.6, the current achieved286

performance of emotion recognition in signers is287

very limited. Therefore, the findings in this pa-288

per may not be applicable after the performance is289

significantly improved in future.290

Our eJSL dataset contains only two JSL signers.291

The data may not be representative of the JSL com-292

munity. In addition, the data are acted and may be293

different from real spontaneous data. (Note that,294

however, the current standard emotion recognition295

datasets in English (Busso et al., 2008; Poria et al.,296

2019) are also acted.)297

eJSL marks the first step in research into emo-298

tion recognition associated with sign languages299

(especially JSL), and has a certain significance as300

a benchmark. However, since it only includes two301

signers, it will be essential to use it in conjunc-302

tion with other datasets. Increasing the number of303

signers of eJSL itself is also an important future304

challenge.305

The dataset may be used for purposes other than306

benchmarking, such as analysis by linguists, but307

should not be used to train models without careful308

consideration.309

7 Ethical Considerations310

The eJSL data collection was conducted in Febru-311

ary 2025 after obtaining the signers’ consents us-312

ing the standard consent form of our institute. In313

accordance with the institutional ethics commit-314

tee’s ethical review requirements checklist, the data315

collection was exempt from full ethical review in316

advance. The interpreter and signers were appro-317

priately compensated in accordance with the insti-318

tutional regulations.319

The eJSL dataset has been reviewed by two sig-320

natories prior to its release. It is available for loan321

on the condition that it is not redistributed and is322

used for research purposes only.323
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A Mapping from EmoSign to Ekman’s428

Basic Emotions429

We map EmoSign surpris_ pos and surprise_neg430

to surprise, worry to fear and frustration to sad-431

ness, based on semantic similarity (Russell, 1980).432

Table 8 shows this mapping and the original counts.433

eJSL (Ekman) EmoSign Count

Joy Happyness 54

Sadness Sadness 10
Frustration 19

Anger Anger 3

Disgust Disgust 10

Fear Fear 7
Worry 14

Surprise Surprise_pos 5
Surprise_neg 7

Neutral Neutral 11

Table 8: Emotion distribution of the EmoSign single
expression set (N=140) and mapping to Ekman’s basic
emotions.

B Manual Emotion Annotation on434

BOBSL subtitles435

In the BOBSL-M subset, we manually annotated436

a selected subset of 1,438 clips for emotion labels437

using two independent annotators, both of whom438

labeled the same set of video segments (1 male439

and 1 female students who graduated universities440

in North America). Based on these annotations, we441

created two subsets: BOBSL-M_A1 and BOBSL-442

M_A2, corresponding to the individual annotations443

from each annotator. The intersection of segments444

where both annotators provided consistent labels445

forms a high-confidence subset named BOBSL-446

M_C (Table 9).447

Annotation Instructions The annotators were448

instructed as follows:449

Task description: Use 7 emotion labels to450
annotate sentences in several text document. Each451
sentence can only correspond to exactly 1 emotion452
label. Use the annotation tool to label sentences.453

454
Emotion category: Anger, Disgust, Fear, Joy,455
Neutral, Sadness, Surprise. For the “Neutral”456
label, it is used for the sentence that does not457
have an obvious emotion.458

459

Emotion M_A1 M_A2 M_C

Joy 59 251 48
Sadness 37 110 25
Anger 35 92 26
Disgust 19 55 10
Fear 21 33 5
Surprise 34 47 8
Neutral 1233 850 808

Total 1438 1438 930

Table 9: Number of instances per emotion of BOBSL-M
subsets.

How to use the labeling tool: The tool shows 460
the sentence to be annotated and its context, 461
determine the emotion of the sentence to be 462
annotated with its context. When labeling, each 463
emotion maps to a key, just press a key to do 464
the corresponding labeling: ’a’: ’Anger’, ’d’: 465
’Disgust’, ’f’: ’Fear’, ’j’: ’Joy’, ’n’:’Neutral’, 466
’s’: ’Sadness’, ’u’: ’Surprise. 467

468

Examples for each emotion category: 469

* The quoted sentences are from the internet. 470

* The unquoted sentences are from the dataset. 471

1. Anger: 472

"I can’t believe you did that! How could you be 473

so careless?" 474

What the fuck is wrong with you?! 475

2. Disgust: 476

"The way they treated those poor animals is 477

revolting." 478

Oh, horrible. 479

3. Fear: 480

"I’m really scared about what might happen next. 481

This is terrifying." 482

You must be a nightmare to live with. 483

4. Joy: 484

"I’m so happy! This is the best news I’ve heard 485

all day!" 486

Everyone was cheering, clapping. 5. Neutral: 487

"I went to the store today and bought some 488

groceries." 489

It’s one of the oldest and grandest houses in 490

Henrietta Street, built in 1743. 491

6. Sadness: 492

"I’m really feeling down today. Everything seems 493

so hopeless." 494

I regret to inform you, Mr Keys, that Thomas was 495

killed this morning, in Iraq, in the line of duty. 496

7. Surprise: 497

"Wow, I didn’t see that coming! What a shock!" 498
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I just can’t believe it, just out there, Daddy, is499

the inner city London.500

Agreement between M_A1 and M_A2 To eval-501

uate the annotation consistency between the two502

annotators, we computed the Gwet’s AC1 (Gwet,503

2008) as a robust measure of inter-rater agreement.504

Compared to Cohen’s Kappa (Cohen, 1960), AC1505

is less sensitive to category imbalance and preva-506

lence issues, making it more appropriate for our507

dataset, where the neutral class dominates the dis-508

tribution (Feinstein and Cicchetti, 1990). The ob-509

served agreement (Po) was 0.6467, and the ex-510

pected agreement by chance (Pe) was 0.0762. Us-511

ing the formula:512

AC1 =
Po − Pe

1− Pe
513

we obtained a Gwet’s AC1 value of 0.6176, indi-514

cating moderate to substantial agreement between515

annotators. This level of consistency supports the516

reliability of the overlapping subset BOBSL-M_C,517

which is used as a high-confidence evaluation set518

in our experiments.519

C EMO-AffectNet (EAN) and EANwH520

We extend EMO-AffectNet (Ryumina et al., 2022)521

to incorporate hand motion as shown Figure 2.522

C.1 Feature Extraction523

In our model, we extract modality-specific features524

from both facial images and hand skeletal data.525

Facial Feature Extraction. For facial features,526

we adopt the same methodology as described527

in the large-scale visual cross-corpus study by528

Ryumina et al. (2022). Specifically, each face529

image, cropped to 224 × 224 resolution using530

MTCNN, is passed through a ResNet-50 backbone531

pretrained on VGGFace2. The output is a 512-532

dimensional embedding extracted from the global533

average pooling (GAP) layer before the final clas-534

sification head. This representation captures rich535

identity-independent emotional features and has536

been shown to generalize well across datasets with537

varying demographics and acquisition conditions.538

The extracted features are stored frame-by-frame539

as a temporal sequence of fixed-length vectors for540

downstream sequence modeling.541

Hand Feature Extraction. For hand features, we542

follow the approach proposed in the sign language543

recognition model by Long et al. (2024). From544

each frame, we obtain 21 hand keypoints per hand 545

(totaling 42 keypoints) using the MediaPipe Hands 546

pipeline. These keypoints are represented as 2D co- 547

ordinates and normalized relative to the wrist joint 548

to ensure translation invariance. We also apply co- 549

ordinate transformation to align the hand pose into 550

a canonical hand-centered coordinate system, as 551

described in their work. This process effectively re- 552

duces spatial variance and emphasizes articulation 553

differences across signs. The final hand representa- 554

tion for each frame is a 42×2 feature matrix, which 555

is flattened and stored as part of the temporal input 556

sequence. 557

C.2 Feature Synchronization and Fusion. 558

To effectively integrate facial and hand-derived 559

features, we adopt an early fusion strategy at the 560

frame level. For each frame in the video, the 512- 561

dimensional facial feature vector extracted from the 562

ResNet-50 backbone is concatenated with the flat- 563

tened 84-dimensional hand skeleton vector (21 key- 564

points × 2D), resulting in a unified 596-dimensional 565

feature vector. This frame-level concatenation pre- 566

serves temporal alignment between the two modal- 567

ities and enables the model to capture low-level 568

interactions between facial expressions and hand 569

gestures. 570

The sequence of fused multimodal vectors is 571

then passed into a temporal modeling module, 572

which captures the temporal dependencies and emo- 573

tional dynamics across the video using two LSTM 574

layers of 512 and 256 hidden units, resulting in 575

about 300M parameters. This early fusion design 576

allows for efficient joint modeling of modality- 577

specific and cross-modal patterns without requiring 578

complex attention-based alignment mechanisms. 579

It also ensures robustness against partial modality 580

noise, as both facial and skeletal information are 581

encoded into a shared temporal embedding space 582

from the outset. 583
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Face image sequence

Frame image sequence

MTCNN

MediaPipe

ResNet-50
w/ VGGFace2

512-dim
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84-dim
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596-dim
features

LSTM
blockconcat.
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Figure 2: EANwH model architecture using both facial and hand features.
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