SignGlass: First-Person View Comprehensive and Generalizable
ASL Translation Using Wearable Glass

Yongxiang Cai"
Computer Science

Taiting Lu”
The Pennsylvania State University
State College, Pennsylvania, USA

Zhenghao Li
Pennsylvania State University
State College, Pennsylvania, USA

Binghamton University

Binghamton, New York, USA tx15518@psu.edu zkl15382@psu.edu
ycai3@binghamton.edu
Hao Zhou Kenneth DeHaan Xuhai Xu
The Pennsylvania State University Department of ASL Studies Department of Biomedical
State college, Pennsylvania, USA Gallaudet University Informatics
hfz5190@psu.edu Washington, District of Columbia Columbia University
USA New York City, New York, USA

kenneth.dehaan@gallaudet.edu

Mahanth Gowda
Computer Science and Engineering
Pennsylvania State University
University Park, Pennsylvania, USA
mahanth.gowda@psu.edu

Abstract

Communication barriers between Deaf and Hard-of-Hearing (DHH)
individuals and hearing individuals remain a major challenge, high-
lighting the need for technologies that enable seamless sign lan-
guage interpretation. However, current American Sign Language
(ASL) recognition and translation systems face key limitations,
including poor portability, complex usage settings, incomplete cap-
ture of essential components, and weak generalization, reducing
practicality and user acceptance.

To address these challenges, we present SignGlass, the first smart
glasses equipped with three wearable cameras for comprehensive
capture of both manual and non-manual ASL markers, supported
by advanced algorithms for real-time recognition and translation
into English. Specifically, SignGlass integrates a jitter-aware spatio-
temporal attention mechanism for robust recognition of hand move-
ment patterns. Complementing this, a dual-camera, temporally-
aware facial module captures the subtle facial expressions essential
for ASL comprehension. To support diverse signing styles across
individuals, we further introduce a cascaded data augmentation
strategy to improve model generalization.

In a user study with 14 Deaf participants, SignGlass achieved high
translation accuracy and was well-received, demonstrating its ef-
fectiveness in bridging communication gaps. This work highlights
the promise of multi-camera wearable systems in advancing ASL
translation and promoting more accessible communication.
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1 Introduction

It is estimated that over 70 million individuals worldwide are deaf
[57, 74]. Within this context, sign languages play a crucial role in
communication for Deaf and Hard-of-Hearing (DHH) communities,
often serving as their primary language [21]. Among them, Amer-
ican Sign Language (ASL) is the most widely used sign language,
particularly in North America [40]. ASL is a structured visual lan-
guage that comprises both manual and non-manual markers to
convey complex linguistic information. Manual markers include
four fundamental elements—handshape, palm orientation, move-
ment, and location—which form the core structure of the language.
Non-manual markers, such as facial expressions and head or body
postures, contribute to grammatical structure and semantic nuance
[54, 72]. For example, the manual sign for "I UNDERSTAND" in-
volves specific hand movements, but incorporating raised eyebrows
and a slight head tilt—both non-manual markers—transforms the
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meaning into a question: "Do I understand?" Additionally, ASL fol-
lows a unique set of linguistic rules that differ significantly from
English [41, 76]. Missing any linguistic component—manual, non-
manual, or grammatical—can hinder comprehension and lead to
communication breakdowns [22]. Therefore, accurate and effective
ASL interpretation is essential for facilitating clear communication
between DHH individuals and hearing individuals.

Traditionally, professional ASL interpreters have played an in-
dispensable role in enabling communication between DHH indi-
viduals and hearing people. However, their high cost and limited
availability pose substantial barriers, particularly in spontaneous
interactions. This limitation underscores the pressing need for ac-
cessible, cost-effective, and user-friendly ASL recognition and trans-
lation technology that can provide real-time assistance to DHH
individuals in their daily lives. To address this challenge, prior
research has explored ASL recognition through two primary tech-
nological approaches: camera-based methods and wearable sensor-
based systems. Camera-based methods rely on computer vision
techniques for sign language recognition using video-based ap-
proaches [14, 23, 35, 56, 66]. These systems have achieved high
recognition accuracy[18, 24], yet camera-based systems require
an unobstructed frontal view of the user’s gestures, making them
impractical for real-time communication in dynamic or crowded
environments, such as public spaces and classrooms. Meanwhile,
wearable sensor-based systems incorporate various sensor modali-
ties, such as electromyography (EMG) for detecting muscle activity
[71, 76, 77], inertial sensors for motion tracking in smart rings or
wristbands [44, 48, 79, 80], and acoustic sensors for sound-based
sign detection [37, 40]. However, wearable systems often fail to cap-
ture non-manual markers—such as facial expressions, head move-
ments, and body posture—which are essential for accurate ASL
interpretation [79, 80]. Thus, recent solutions like SmartASL and
TransASL [37, 41] use multiple wearable devices, such as smart-
watches and earphones, to recognize both manual and non-manual
markers.

However, these systems struggle to be effectively deployed in
real-life scenarios due to their limited generalizability, rendering
them unreliable for new users, as evidenced by their leave-one-user-
out Word Error Rate (WER) exceeding 75% [37, 41]. To achieve fea-
sible performance, a substantial amount of additional personalized
data is required to retrain the existing model. However, collecting
sufficient personalized ASL data demands tremendous effort, mak-
ing daily usage impractical. This is largely because in-ear sensing
for facial gesture recognition fails to deliver consistent performance
across different users [19, 37, 39, 41, 70]. Furthermore, recent wear-
able systems that employ acoustic sensing [38, 40, 46], EMG sensing
[76,77], and inertial measurement unit (IMU) sensing [44, 46] gener-
ate lower-dimensional features compared to image-based methods,
limiting their capacity to capture and recognize the complex compo-
nents of ASL, especially for fine-grained motions. Additionally, the
multiple-device settings significantly increase system complexity
and reduce usability. The unconventional use of earbuds, in par-
ticular, presents social acceptance challenges for DHH individuals,
making such systems impractical for everyday use.

To address all the above critical limitations, it is imperative to
develop effective, user-friendly, and practical solutions that can
comprehensively capture all ASL components and translate ASL

into English accurately. One promising direction lies in leverag-
ing advances in wearable camera technologies. Recently, with the
rapid development of deep learning in computer vision, embedded
wearable cameras have become increasingly popular in studies of
human behavior in real-world settings, offering a powerful means
of visually capturing actions. In particular, egocentric (first-person
view) cameras, which align with the wearer’s field of view, have
shown great potential for capturing nuanced human actions and
interactions in natural environments [7, 16, 17, 27]. Moreover, the
rapid advancement and widespread availability of smart glasses,
such as Google AR glasses [28, 36] and Meta Al glasses [27], under-
score their growing usability, making them increasingly practical
for seamless integration into everyday life.

Motivated by these technological advancements and practical
opportunities, we propose an ASL recognition and translation sys-
tem that utilizes three wearable cameras mounted on a single pair
of smart glasses. Additionally, our user experience survey study
shows that SignGlass was favored by users over existing alternative
devices, including earphones, smart rings, and smartwatches. More
usability study is discussed in Sec. 3.4. This system is designed to
simultaneously capture both manual and non-manual markers, en-
abling robust, accurate, and comprehensive ASL translation across
diverse users and environments. In summary, as shown in the left
side of Fig.1, we utilize a pair of glasses with three wearable cam-
eras to capture the manual and non-manual markers. The middle
camera will record hand gestures to recognize different ASL manual
markers. The two side cameras will be used to identify different non-
manual markers, including facial motions and the view changes
generated by head motions. After recording these two essential
components, as shown on the right side of Fig.1, we designed ad-
vanced deep learning algorithms to achieve high performance of
cross-user ASL recognition and translation. The contributions of
our work can be summarized as follows:

o To the best of our knowledge, SignGlass is the first single
smart wearable device for comprehensive ASL recognition
and translation. We developed and implemented a portable
prototype smart glass equipped with three wearable cameras
to recognize both manual and non-manual markers simulta-
neously and convert ASL glosses into English. A user survey
with 46 Deaf participants revealed that 39 expressed willing-
ness to use our SignGlass system for daily communication.

e We propose an end-to-end deep learning algorithm with
multi-stage optimization to achieve high ASL recognition
and translation performance. We first propose a jitter-aware
spatio-temporal encoder designed for stabilizing first-person
view hand gestures. We then introduce a signer-conditioned
FiLM module that leverages facial dynamics to enable user-
independent modeling of non-manual markers. Lastly, we
present a lightweight gloss-to-English translation layer that
supports grammatical ASL-to-English mapping using multi-
modal gloss inputs.

e We adopted a novel cascade data augmentation method to
accommodate the ASL sign diversity across different ASL
users’ preferences and styles.

e We conduct an extensive user study with native sign lan-
guage users (N = 14) to validate the feasibility of SignGlass.
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Figure 1: Overall flow of SignGlass. We designed the SignGlass hardware system and advanced effective deep learning algorithms
to implement accurate cross-user ASL recognition and translation.

Our system achieved a WER of 16.98% and a BLEU-1 score
of 83% in leave-one-user-out testing, showing strong gener-
alizability.

2 Related Work

Table 1 contrasts SignGlass in the context of key-related works.
Among this table, the accuracy metric WER under UI represents
word error rate (WER) under user-independent (UI), which repre-
sents the ASL capture accuracy, defined in Section 6.3. The BLEU
score under UI represents the calculation of the Bilingual Evalua-
tion Understudy (BLEU) score under user-independent (UI), which
evaluates machine-translated text quality, defined in Section 6.3.
Non-manual Marker refers to recognizing non-manual markers (e.g.,
facial expressions and head motion). Unseen User Support refers
to recognizing ASL patterns in new users. Deaf User Study indi-
cates if the study was conducted with deaf users. Then, this section
elaborates on manual markers recognition, non-manual markers
recognition, and traditional camera-based ASL recognition.

2.1 Manual Markers Recognition in ASL

Wearable sensor-based ASL recognition has attracted significant
attention due to its portability, making it ideal for daily use. Various
sensors, including IMU, acoustic sensors, and EMG (Electromyog-
raphy), have been extensively explored.

IMU sensors, worn on the hands, fingers, or wrists [45, 49, 76, 80],
capture hand motions, while acoustic sensors can be integrated into
devices like earphones [40]. EMG sensors [76, 77] detect muscle
activity associated with finger and hand movements.

Despite their practicality, these technologies often have limited
effectiveness in user-independent scenarios or when recognizing
predetermined gestures. For example, Ekiz et al. [25] recognized
only 13 sentences with a smartwatch, whereas SignSpeaker [31]
recognized 73 sentences under similar conditions. Systems such as
SonicASL [40] and TransASL [37] demonstrated effectiveness only
in user-dependent environments.

In contrast, SignGlass utilizes wearable cameras to comprehen-
sively capture and interpret gestures from previously unseen users.
Additionally, our user study with Deaf participants (see Section
3.4) revealed that hand-based wearable devices were perceived as
restrictive and intrusive. Unlike prior work, SignGlass introduces

an innovative approach from the perspective of DHH individuals by
employing smart glasses with embedded cameras. This hands-free
design enhances comfort for prolonged daily use while improving
ASL recognition accuracy and user-friendliness.

2.2 Non-manual Markers Recognition in ASL

Non-manual markers in ASL, such as facial expressions, head move-
ments, and body postures, are crucial because they convey gram-
matical information, including tone, questions, and negation, thus
enriching the signed message [63, 69]. These visual cues comple-
ment manual signs to clarify meaning, express emotions, and dif-
ferentiate sentence structures. Recognizing non-manual markers is
more challenging compared to manual markers due to their often
subtle, context-dependent, and fine-grained movements.

We observed a growing trend toward recognizing non-manual
markers in sign language, including eyebrow and head gesture
tracking [47], adaptive 2D-3D face tracking [53], and tracking via
wearable devices [54]. Recent works, such as TransASL [37] and
SmartASL [41], proposed using in-ear sensing to detect facial ex-
pressions. However, these studies primarily capture ear canal de-
formations, limiting performance and practical use in the DHH
community. Conversely, SignGlass incorporates wearable cameras
embedded within smart glasses, significantly enhancing perfor-
mance while providing adequate portability and mobility.

2.3 Sign Language Recognition using Cameras

Sign language recognition has primarily leveraged vision-based
techniques, aligning manual and non-manual markers with ex-
tracted visual features [8, 29, 30, 55, 81]. Approaches such as Sign-
BERT [33] and HMA [32] decode 3D hand keypoints from RGB
videos. Camgoz et al. [20] introduced a transformer-based archi-
tecture that simultaneously performs continuous sign language
recognition and translation using Connectionist Temporal Classifi-
cation (CTC) loss.

Despite demonstrating promising results for recognizing both
manual and non-manual markers, these systems typically lack
portability, restricting practical daily use. Recent efforts include
Zhao’s smart-glasses-based system [78], designed to translate sign
language captured from a camera facing the user, and Sign-to-911
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Table 1: Summary of Main Related Work. Ul represents User-independence. WER represents Word Error Rate. BLEU represents

Bilingual Evaluation Understudy.

] Metrics | SignGlass | SignRing [45 [ WearSign[76 [ ASLRing [80 | SmartASL [4]] [ TransASL [37 |

Non-manual Marker Yes No No No Yes Yes
No. of Devices 1 2 2 Multiple 2 2

Form Factor Glass Rings Watch+ Armband Rings Earbudst+ Watch | Earbudst Glass
Sensor Camera IMU IMU + EMG IMU IMU + Mic Mic
ASL Translation Yes No Yes No Yes No
Unseen User Support Yes No Yes Yes No No
No. of Sentences 600 951 250 1080 40 40
No. of Vocabulary 1052 934 56 1057 80 80
WER under Ul (%) 16.98 No Tracking 4.7 26.9 175 184

BLEU under Ul (%) 83 No Tracking No Tracking No Tracking No Tracking No Tracking

Deaf User Study Yes No No Yes No No

B

Figure 2: ASL sign:
Eat [5]

Figure 3: ASL sign:
Bike [4]

[29, employingAR glassedor bidirectional ASL-Englishtransla
tion in emergencyscenariosHowever,thesesystemsprimarily
rely on front-facing camerasor focusexclusivelyon non-manual
markers.In contrast,SignGlasemploysportablesmartglasseem
beddedwith lightweight camerado recognizeboth manualand
non-manualmarkerswithout relying on front-facing camerasen-
hancingpracticality and portability for everydayuse.

3 Design Considerations

In this section,we beginwith an introduction to the basicsof
AmericanSignLanguaggASL),followed by a discussiorof sys
tem designrequirements performanceconsiderationsand user
experiencestudy.

3.1 Basics of American Sign Language (ASL)

Signlanguages a visuallanguagecharacterizedy intricate ges

turesandgrammaticaktructuresIt compriseothmanualmarkers
(e.g.handshapemovementpalm orientation,andlocation)and

non-manualmarkers(including facial expressionsheadtilts, and

bodypositions)[15 42 67, 72, 73 77]. Signlanguages considered
aclassof naturallanguagepossessingts own distinctive grammar
and lexicon. There are over 200sign languageswith millions of

people indicating the necessityof translation[6]. The majority of

signlanguageusedin the USAand partsof Canadds ASL.

(i) Manual and Non-Manual Markers. Asthe centralpart of ASL,
Manualmarkersinclude four basicparametersNhanghapesposk

tions, and movementsNplay37. Eachmanualmarkeris uniquely

craftedto conveyspecilc meaningsby positioningandmoving the

handswith distinct handshapesand palm orientations.Figures2

and3 depictthe handmovementsecessaryor signingthe words

"eat"and"bike". Accurateidenti!cation anddi"erentiation of man
ual markersare essentiaffor preciseASL word recognitionand
interpretation,asthey eachcontribute critical meaningto a signed
message.

Figure 4: Examples of ASL grammatical elements from mul-
timodalities including facial expressions, head movements,
and hand gestures: WH-questions (WH-Q), Yes-Noquestions
(Y/N), Negation (NEG), Topicalization (TOP), Conditional sen
tences(C/W) and Others sentenceqOthers) from ASLLRP[9].

As shownin Figure4, Non-manualmarkers(NMMs),including
non-a"ective facial expressionsheadtilting, andbody positioning,
areessentiain ASLfor conveyinggrammaticalnuancesand pro-
viding semanticcontextto manualmarkers(e.g.handshapesand
movements]52. NMMs enhancecomprehensiorby di"erentiat-
ing sentencaypesandaddingnecessarygontext.Forexamplejt is
necessaryo constructthe following Ive primary sentenceypes
utilizing NMMs: 1). WH-questiong=urrowedeyebrowsand head
tilts signalquestiongthat requestspecilc information. 2). Yes-No
questionsRaisetyebrowsandforward headmovementsndicatea
yes-noinquiry. 3).NegationHeadshakesaandnegativefacialexpres
sionsdenotedenial.4). TopicalizationRaisedeyebrowsand pauses
emphasizeor clarify the topic. 5). ConditionalsentencefRaised
eyebrowsand pausesrticulate conditional clausesUnfortunately,
current wearableASL recognitiontechnologieswill addanother
wearabledevice- earbuds- to sensefacial expressiondy detect
ing earcanaldeformationsB7, 41] usingIMU sensingor acoustic



SignGlassFirst-PersoriView Comprehensivend GeneralizableASL TranslationUsing WearableGlass

sensing.However,theseearbuds-basedon-manualmarkersor

facialexpressiordetectionare highly restrictedby generalizability
becausehe leave-one-user-ouperformances low. To overcome
theselimitations, we proposea novel systemcapableof recognizing
both manualand non-manualmarkerssimultaneouslyenablinga

more comprehensivendaccurateinterpretation of ASL.

Table 2: ASL sentencevs English sentence

ASL Sentence EnglishSentence
LOVEYOU | loveyou.
WRONGWHAT | WhatOsvrong?
REMEMBERME | Doyouremembeme?
ME SICK IOmot feelingvery well.

(i) ASL Grammar After recognizingthe manualand non-manual
markers,we will getthe ASLglossesonformingwith uniquelin-
guistic rules and structures.ASL sentencegrimarily follow the
Subject-Verb-Objestructure [1(. However,the order can shift
when the topic is introduced!rstNa processknown as topical-
ization [61]Nresulting in the format: ObjectSubject-VerfTable2
presentsseveralexamplesomparingASL sentencestructureswith

their Englishtranslations.

3.2 System Design Requirements

(i) ASL Dilerences Across Dilerent Users. Similarto English,
ASLsignerswill exhibit a diverseand nuancedrangeof variations
basedn their preferencesindstyles,in"uenced by regional,cul-
tural, and community in"uences[B8(. This diversity, especiallythe
more complexco-articulatedsignsusedby native signerscom:
paredto learners presentssigni!cant challengedor recognition
tasksin ASLinterpretation.Prior works [37, 41] focuson the user-
dependenstudy, which meansthosesystemscanonly recognize
their own collecteddatawithout any contribution. Moreover,the
joints of various!ngers exhibit intricate inter-dependenciethat
arenot readily capturedby equationshowever,we anticipatethat
our ML modelswill inherently discerntheseconstraints.

(ii) Unseen SentenceGeneralization. In real-world applications,
ASL recognitionsystemsnustcopenot only with inter-signervari-
ability but alsowith a vastspaceof previously unseensentence
structures.Unlike Ixed-vocabularygesturerecognitionsystems,
ASL exhibitsa highly compositionalgrammarwherea !nite set
of glossecanbe combinedin diversewaysto expressew mean
ings[12. Forexamplethe glossed EARNSIGNandWANT may
appearin multiple valid permutationsdependingon emphasisor
discoursestyle (e.g.,OLEARNSIGNWANTOvs. OWANTLEARN

SIGNOYhesepermutationsleadto a long-tail distribution of pos
sible sentenceconstructionsthat posesignilcant challengedor
generalizationTraditional ASLrecognitionpipelinesoften rely on
scriptedphrasedataset®or prede!nedtemplatematching,which
limits their ability to handlenovelcombinationd 13 43. Moreover,
many prior studiesevaluatemodelsunderuser-dependensettings,
where sentencecompositiondn training andtesting closelyresem
ble eachother. Suchsetupsfail to re"ect the variability encountered
in open-domairASLusage.

UISTO255eptembe28D0ctobed1,2025Busan,Republicof Korea

Toaddresshis, we explicitly designour systemfor unseersentence
generalizatiorby leveraginguser-independertraining, multimodal
glossconstruction,andtranslation-awaredecoding Our transla
tion moduleconditionsoutput generationon the full glosscontext
without assumingxed phrasestructures[65. As demonstrated
in Section6, the systemmaintainsrobustperformancesvenunder
leave-one-user-ouestingwith unseensentencerrangements.

3.3 Performance Considerations

(i) E'ective ASL SensingUsing a Single Device. Considering
that non-manualmarkersare primarily situatedaroundthe head

andface,andmanualmarkersarelocatednearthe chestarea,using

wearabledeviceso monitor them at the sametime is challenging.
Currently, TransASLB7] and SmartASL{1] havestartedto explore

the possibility of sensingmanualand non-manualmarkersusinga

combinationof glassand earbudspr a combinationof smartwatch
andearbudsThis combinationwill restrict practicalusagein daily

life for two reasonspneis that the earbudis not usefulfor deaf
peopleatall, andthe otheris that speci!c multi-devicewill limit the

deploymentin daily life. Our goalis to providea singlecomfortable-
wearingdevicewhile concurrentlypreservingthe capacityto detect
both manualandnon-manualmarkers.

(ii) Field-of-View Considerations. Our proposedsystemusesa
smartglassesamerawith an ultra-wide 16Q !eld-of-view (FOV)
to ensurecomprehensiveoverageof both manualandnon-manual
markersduring ASLsigning.Thiswide FOVallowsthe entire upper
body, including hand gesturesand facial expressionsto remain
within the frame,reducingthe risk of missingkey ASL features Al-
though suchwide-anglelensesntroducenotableimagedistortion
(e.g.)sheye ettect) this is mitigatedthrough standardcalibration
techniquegqe.g.OpenCV!sheye correction)anddoesnot require
real-time correctionduring operation.In practice,this trade-o#
allows broaderspatialcoverageand helpsto keepdatanaturally
centeredacrossvariousgestureswithout additionalalignmentpro-
cesses.

(iii) Mutli-channel and Multi-modal Recognition basedon
DeepLearning. After capturingmanualandnon-manualmarkers,
recognizinghemaccuratelyis unavoidableTo accuratelyrecognize
ASL manualmarkersand non-manualmarkers,a multi-channel
and multimodal recognitionsystemis demandedln addition,the
restructuringandomissionin translating Englishto ASLglosses
highlight a critical point: ASLusesa di#erent syntacticstructure
andprioritizes di#erentlinguistic elementsThis exampleshows
how ASL glossesomit certain Englishgrammaticalelementswhile
retaining the core meaning,showcasingASLOanique linguistic
framework.This di#erenceposesasignilcant challengefor hearing
individualstrying to understandASLwithout a deepunderstand
ing of its grammarand nuanceslt underscoreshe importanceof
comprehensiveeducationandimmersionin ASLfor e#ectivecom
municationwithin the Deafcommunity,illustrating the richness
anddepthof ASLasits languageAfter processinghe sensingdata,
we completethe ASL recognition,preservingthe uniquenesof
ASL glosses.

(iv) Generalizability Across Various Users. Dueto the vast
di#terencesamongindividuals,evenfor the samegesture a signi! -
cantdeclinein the accuracyof gesturerecognitionfor new users
[40 45 68. In our work, we proposedan optimizedalgorithm for
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dataaugmentationwhich is capableof duplicatingandreinforcing
key gestureswithin the videosequencéo makethem more promi-
nent, potentially improving the accuracyandrobustnesf gesture
recognition.

1.0 Survey Results on ASL Recognition Using SmartGlass
39/46 39/46
0.8 34/46
28/46
0.6
0.4
0.2
0.0 -
Frequent The use of non- Acceptance of No Privacy

Communication manual makrer Smart Glass Concern

Figure 5: Survey Results on ASL and SignGlassUsage

3.4 User Experience Study

(i) User-Centered Design Insights from DHH Community
Interviews. To designha human-centeredystemfor signlanguage
translationtailoredspecilcally to the needsof the Deafcommunity,
we conductedan in-personinterview study involving 46 partici-
pantsfrom the Deafand Hard-of-Hearing(DHH) community. This
study focusedon four key metricsto inform the systemGdesign.
First, frequentcommunicationassesselsow often deafindividu-
alsinteractwith hearingpeople which is essentiafor determin
ing the real-world utility of atranslationsystem.Secondthe use
of Non-ManualMarkersexaminedhow deafindividualsincorpo-
rate facial expressiongnd other non-manualcuesin their signing,
highlighting the needfor comprehensiveecognitionbeyondhand
gesturesThird, the Acceptanceof SmartGlassesxploredhow
comfortableparticipantsfelt wearingsmartglassesn public.Given
concernsthat suchdevicesmight draw unwantedattention and
leadto feelingsof socialexclusionduring signing,we addressed
this issuewithin the contextof our interview-baseduser study.
Fourth, Privacy Concernsof SmartGlassesnvestigatedpartici-
pants@pprehensionaboutpotential invasionsof privacy when
using wearabletechnology.As shownin Fig. 5, 39 participants
reportedregularly communicatingwith hearingindividuals and
usingnon-manualmarkers reinforcing the importanceof inclusive
translationtechnologythat supportsboth groups.Additionally, the
majority of participantswerereceptiveto usingsmartglasseswith
28 expressindittle or no concernaboutprivacy. Drawing from
theseinsights,we proposethe developmenbf smartglassesnte-
gratedwith camerascapableof recognizingandtranslatingboth
manualandnon-manualASLmarkers therebysupportingseamless
andrespectfulcommunicationacrosscommunities.

(i) User Experience Survey Across Various Wearable Plat-
forms. We conducteda usability surveyto evaluatethe userexpe
rienceof the SignGlassensordevicein comparisornto three ASL

recognitiondevicesSmartASL[41], TransASL{37, andASLRind 8Q.

Afterward, they rated eachdevicein termsof easef use comfort
and appearancen a scalefrom 0 to 10. The results,shownin
Fig6,indicatethat TransASLwaslessfavorabledueto the wear-
abledeviceswith complexwires limiting the usageof TransASL.
The SmartASLand ASLRingprovidedenhanceccomfort but ne-
cessitatedhe useof severaldeviceso monitor both manualand
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Figure 6: User experience survey on SignGlasscompared with
three alternative sensing devices.

non-manualmarkers leadingto someinconvenienceFig.6 shows
that our current SignGlassvork standsout for its usability during
daily activitiesdueto the highestscoreson usability, comfort,and
appearance.

4 Hardware Design

This sectionoutlinesthe designandimplementationdetailsof our
proposedSignGlasplatform.

4.1 Choice of Sensing Modality

Recentadvancesn ASLrecognitionhaveexploredarangeof sens
ing modalitiesmountedon wearabledevicesjncluding acoustic
sensingB7, 40, 46, electromyography(EMG)[76, 77, and iner-
tial measurementnits (IMUs)f1, 45 79 8(. However,theseap-
proachesface notablelimitations in fully capturingthe manual
andnon-manualrichnessof ASL.(i) Acousticsensingvia earbuds
leveragedDopplershifts or earcanaldeformationsfor single-word
ASLrecognition[41]]. While feasiblethesemethodsarelimited by
smallvocabulariesand cannotdetectcrucial non-manualmarkers
like facial expressionor headmovements(ii) EMG sensorson
the wrist or forearmcapturemusclesignalsfor 'ne-grained hand
gestureq50 76 77 but requireuser-specilccalibrationand pre-
ciseplacementThey alsofail to capturenon-manualcueswithout
addingintrusive facial sensors(iii) IMUs,usedin wearabledike
smartwatchesandrings[45 49 80, supportdynamicgesturesut
strugglewith statichandshapesandfacialgrammar.Theyrequire
calibration, are prone to drift, and often needmultiple devices,
limiting daily usability.

In contrast,camera®"er comprehensivend high-resolutionvi-
sualdatathat cancapturedetailedhand gestureshbody gestures,
and Ine-grained facial expressionsThey eliminatethe needfor
calibration,scalewell with large dataset§24], and supportrobust
machinelearningmodelswithout extensiveper-useradaptation.
Thus,we proposea multi-camerasystem, SignGlassfor signlan-
guagerecognitionandtranslationthat simultaneouslytracks!ne-
grainedmanualmarkers(e.g. 3D Inger motion andhandpose)and
non-manualmarkers(e.g. facial expressionand headmovement).

4.2 Justilcation on Form Factor Design.

As illustrated in Fig.7,the objectiveof our designis to createa
discreetadaptableand comfortablesmartglassthat canbeworn
continuouslythroughoutthe day andnight. The deviceis capable
of sensinghandgesturesfacial expressionsandother non-manual
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markerswhile wirelesslystreamingdatafor real-timeanalysis Ex-
isting platforms,suchassensorgloves[1] andstrap-basedlevices
[3], restrictnaturalanddexteroudnger movementsandareunable
to detectnon-manualmarkerslike facial expressionswhich are
critical for AmericanSignLanguaggASL)recognition.Although
systemdike SmartASL41] andTransASL 37 supportbothmanual
andnon-manualmarkers their relianceon earbudsNadeviceoften
redundantfor DeafandHard of Hearing (DHH) individualsNlimits
their comfort and usability. Previousstudies[62 havehighlighted
the challenge®f earbud-basetechnologiedor DHH usersasthey
may interfere with other assistivedevices,suchashearingaids
or cochlearimplants,further reducingpracticality. Our proposed
solutionNasmartglasswith threemountedcamerasNo"ersamore
accessiblandinclusiveform factor by eliminating the needfor ear
buds.In addition,recentdevelopmentsuchasGoogleAR glasses
[3€], which transcribespokenlanguageanddisplayit on AR lenses
in realtime [28, demonstratehe potential of this technologyto
enhancecommunicationfor DHH individuals by enablingthemto
readtranscribedspeechThis innovation supportsthe broadergoal
of fosteringtwo-way communicationbetweenDHH individuals
andhearingpeople further bridging the communicationgap.

To optimizeboth functionality and usercomfort, we focusedon
the following designfeatures:(1)SignGlagstegratesthree minia-
ture RGBcameragoweredby a RaspberryPi Zeroto ensurecom
pactnessand mobility. (2) The camerasare enclosedn a custom
3D-printedcasemadefrom ThermoplasticPolyurethang(TPU)us-
ing fuseddepositionmodeling(FDM),ensuringcomfort for skin
contactand suitability for lona-termwear.
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Figure 7: SignGlass experimental prototype on 3D head
model. While users are performing the sign language, the
cameras are capturing images of facial movement and hand
motion. (a) SignGlassplatform: data collection module: three
miniature RGB cameras,three Raspberry Pi Zero and a 3D-
printed case.(b) Imagesfrom the three cameras,including

C#1, C#2,C#3. (c) Camera angle settings. The angle settings
are labeled with FCvalues, which refer to the front camera
(C#2)angle. The detailed camera settings are included in Sec
tion 4.4,

4.3 Hardware

To meetthe hardwaredesignconsiderationoutlinedin Section3.3,
the SignGlasgrototypeincorporateshree miniature RGBcameras
(i.e.,0V564 by Arducam[2]), eachwith a!xed !eld of view (FOV)
of 16Q anddimensionsof 11.5mm! 9.5mm. As depictedin Fig.
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7,the camerasare strategicallypositionedto captureboth facial

expressionsand hand movementsrom multiple angles.Further
detailsregardingthe arrangemenif the camerapositionsare pro-

videdin Section4.4.The camerasaptureimagesat a resolutionof

720! 480pixelsat 30framesper secondFPS)andthe collected
imagesaretransmittedwirelesslyto amobiledevicevia WiFi. Each
camerais connectedo a RaspberryPi Zerothrough a cable,and

the entire platform is poweredby an external power bank. The

RaspberryPi Zero and the battery are housedwithin a custom-
madecasefabricatedfrom PLA material. The total weight of the

SignGlasglatformis 40grams.
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Figure 8: Impact of camera angleson leld of view. This Ig -
ure demonstrates how di"erent camera angles in#uence the
information captured by eachcamera (C#1,C#2,and C#3).As
the angles of camerasC#1and C#3increase, the amount of fa-
cial information in their respective views decreases.Camera
C#2,with its consistent front-facing overhead angle, provides
a stable top-down perspective acrosssettings.

4.4 Camera Setting

Fig.7 presentshe imagescapturedby three distinct camerasnte-
gratedinto SignGlassTo determinethe optimal camerasettingswe
experimentedvith the placemenif the camerasn four di"erent
settingsasdemonstratedn Fig.8. An optimizedcameracon!gura-
tion (in termsof number,position,and orientation)is crucial for
accuratelyestimatingfacial expressiong&nd handmovementsThe
analysisof the impactof camerass discussedn Section6.3.

We evaluatedthe camerapositioning by considering(1) non-
manualmarkers,including facial expressionsheadmovements,
andbody posture,(2) the rangeof hand movementsduring sign
languageand (3)the cameraQsld of view (FOV)of 16Q. Conse
quently, we empirically positionedthe camera(seeFig.7 C#2)in
the middle of the glassesat 15 perpendicularto the frame.This
ensureghat SignGlassane"ectively capturehand motion data.
Theothertwo cameragseefFig.7 C#land C#3)are positionedon
the sidesof the glassesl®gsto focuson non-manualmarkers,such
asfacial expressionsThe positionsand arrangementsvere em-
pirically determinedbasedon preliminary experimentsconducted
by the researchersThe rotation anglesandtilt of the camerasare
depictedin Fig.8 (tilt in blueandrotation in red).The purposeof
tilting androtating camerasC#1and C#3is to betterorient them
toward the face.



UISTO255eptembe28DOctobed1,2025Busan,Republicof Korea

5 Algorithm Design

In this sectionwe presentthe algorithmicarchitectureof SignGlass.
Asillustratedin Fig.9, SignGlasgomprisegwo main components:

ASL-to-GlossecognitionandGloss-to-Englistiranslation.EgoCor-
rNet processedrst-person RGBand motion datato extractmanual
glosstokens,while EgoFaceNgberformsdual-streamtemporalen-

codingandFiLM-conditionedfusionto classifynon-manualglosses.

The outputsfrom both modulesare concatenatednto a structured
glosssequencewhich is then decodednto natural Englishusing
aTransformerdecodertrained on gloss-Englishpairs. This modu
lar pipeline enablednterpretable real-time ASL translationwith

explicit linguistic grounding.

5.1 ASL-to-Gloss Implementation

5.1.1 ManualMarkerRecognition.
First-person(egocentricyideo captureintroducesunique noise
patternsdueto naturalheadmotion,self-occlusionandbackground
distractions which signilcantly degradegesturerecognitionaccu
racy.In contrast,prior third-personapproachesreoften over!tted
to Ixed camerasetupsandfail to generalizen wearablemobilesce
narios.To overcomethis, we introduceEgoCorrNet, ajitter-aware,
spatio-temporakecognitionframework designedspeci!cally for
Irst-person ASL input. EgoCorrNettranslates!rst-person RGB
videointo symbolicASL glosssequencesservingasthe manual
recognitionstreamin our overall system(Fig.9).

Theinput to EgoCorrNetconsistsof two complementarymotion
cuesdenseoptical"'ow andhandlandmarks While MediaPipg 75

ettectivelyextracts21-pointhandlandmarksper frame,this rep-
resentationaloneis unreliablein the presenceof occlusionsor
camera-induceditter. We Ind that optical"ow trajectoriesprovide
critical temporalcontext,especiallyfor capturingcontinuoushand
movementduring complexgesturesThesedual-channelinputs
arespatiallyalignedandfusedearly at the channellevel,allowing

for lightweight downstreamprocessingandreducednferencela-
tency.Formally,the input attime! is representedisa fusedtensor
xi =[fi;h]! R "* "% wheref isthe RGBoptical "ow mapand
Ii isa21-jointhandlandmarkheatmaprenderedasa spatialfeature
map. This fusedmulti-modal representatiorformsthe input to our
spatio-temporakncoderwhich we describenext. Additionally, a
binary motion maskis computedfrom the optical "ow magnitude
and usedto suppressackgroundclutter during featureextraction.

The spatio-temporakncoderis processedisingthe CorrNet+[34]
architectureasa backbonewhich combinesa MobileNetencoder
with squeeze-and-excitatiofSE Jattentionfor compactspatialmod-
eling, followed by a Bi-LSTMfor capturinglocaltemporaldepen
denciesWe build on this foundationby introducing a jitter-aware
cross-modablignmentmoduleto addresshe instability uniqueto
egocentricvideo,suchashead-induceditter andself-occlusionTo
robustly align motion cuesunder egocentrigjitter, we proposea
jitter-aware cross-modahlignmentmodulethat dynamicallylinks
optical "ow andlandmarksequencesvertime. Giventemporal
featuresequencefom both modalities,we computebidirectional
attentionto align their Iatent representations:

Zo, = softmax (—&)$(—) (D)

" Ly
Z)y = softmax (L—&)SB(;—) F ()

Here,F,L! R*"* denote"ow andlandmarkfeaturesover$ frames,
and" g,"+," ( arelearnedprojectionmatrices.Theseattention
mapsallow eachmodality to re-weightandadaptto the other,com
pensatingfor temporalinconsistenciesuchasmotion blur in "ow
or missingjoints in landmarksWe further stabilizealignmentusing
residualgatingto fuseZy,andZy into a uni'ed, jitter-insensitive
alignmentfor temporalconsistencyrepresentationThe aligned
multimodal sequences decodednto ASL glosstokensusing a
lightweight temporaldecodercomprisinga 1D convolutionallayer
followedby a BiLSTM.The 1D CNN capturedocalmotion patterns,
while the BiLSTMmodelslong-rangedependencieacrosghe se
quenceA fully connectecclassilcationlayeris attachedon top to
predictglossdistributionsfor eachframe.

We adopta ConnectionistTemporalClassi!cation (CTC)lossto
supervisethis processenablingalignmentbetweenunsegmented
input videoframesand glosssequencewvithout requiring frame-
level annotations.This gloss-awaralecodingstrategyaccomme
datesvariable-lengthsigningstreamswhile maintaininglow-latency
inference.It formsthe basisfor downstreaminteractivefeatures
suchascorrectionfeedbackand sign replay within our tutoring
system.

5.1.2 Non-ManuaMarkersRecognition.

Non-manuakmarkers(NMMs)Nincludingfacialexpressionsnouth
morphemesgyegaze and headpostureNplaya centralrole in en-
codingsentence-leverammar.Thesecuesoften indicatequestion
types,negation,or topicalstructuresand may overlapin time. How-
ever,existing systemsrequently omit non-manualmodelingdue
to occlusion,asymmetricviewpoint, and annotationdi$culty.

To addresghis gap,we introduce EgoFaceNet dual-camera,
temporally-awaremodulefor classifyingsentence-levejrammat
ical categoriedrom stereofacial video. EgoFaceNeis designed
to detectmultiple overlappingnon-manualcuesandincorporate
contextualconditioning from manualglosssequencedt outputs
a4-dimensionabinary vectorp ! [0, 1]%, indicatingthe presence
of four grammaticaltypes:WH-questions(WH-Q), Yes/Noques
tions (Y/N), Topic/Commentstructures(T/C),andNegation(NEG).
EgoFaceNgbrocesseslual-viewfacial video capturedby synchro
nizedleft andright camerasgenotedasl ,I' ! R'"" "# "3 Each
RGBstreamis temporallysampledat 30fps andspatiallyresizedto
224" 224 followedby per-pixelnormalization.Thevideoframesare
partitionedinto non-overlappingspatialpatchesof size16" 16 re-
sultingin $ = 64patchesper view. Eachpatchis linearly projected
into an embeddingvectorandenrichedwith positionalencoding
to form token sequencefor temporalmodeling.

To capture!ne-grained non-manualmotion, we requireaspatio-
temporalencodetthat modelsemporallylocalizedexpressionsNsuch
aseyeblinks, gazeshifts or brief eyebrowraisesNwithoutsacrilc-
ing spatialdetail. We adopt TimeSFormef11], which factorizes
spatialand temporalattention into separateblockswithin each
transformerlayer. This designenableshigh-resolutionattention
acrosshoth dimensionswhile remainingcomputationallye$cient
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Figure 9: A low diagram shows the processing mechanism of SignGlass,which consists of the ASL videos-to-ASL Gloss
recognition module and the ASL Gloss-to-English translation module.
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Figure 10: Overview of the proposed EgoFaceNetfor facial
type classi"cation. The architecture includes two parallel
TimeSFormer encodersfor left and right facial video inputs,
followed by feature fusion, FiLM-based conditioning, and a
multi-label classi"er head.

andis especiallye'ective for modelingshort-termfacial dynamics
embeddedn continuoussign sequences.

We apply two independenfTimeSFormeencoderdo the left and
right view token sequencesjielding outputsF ,F | R*"$ with

I =768 Eachencodercontains6 transformerblockswith 8 attern-
tion headsandfeed-forwardsublayersThe encoderglo not share
weights,allowing themto specializén asymmetricview-dependent
featuressuchaspartial occlusionor illumination imbalanceTem:
poral alignmentis preservedhrough synchronizedcapture,both
streamgretain frame-wisecorrespondencéor subsequenfusion.
While eachview capturescomplementaryfacial signals,reliable
grammaticalinferencerequiresintegrating both perspectivesand
groundingthemin the linguistic contextof the signedutterance.
To achievethis, we fusethe encodedeaturesfrom both views and
apply contextualconditioning using gloss-leveembeddinggrom
the manualstream.Speci“cally,we concatenatéhe TimeSFormer

outputs P ,F | R*"$ alongthe channeldimensionto obtain
fusedtokensF®at | R*" 2  Theseare passedhrough a 2-layer
residualMLP with GELUactivation, a hiddendimensionof 2! ,
andoutput projectionbackto ! , appliedframe-wise.Theresidual
connectionis addedafter the secondayer,andlayer normalization
is appliedbeforethe "rst. This producesemporallyalignedfused
featuresFiused| R#"$

To incorporatesemanticgrounding,we condition thesefeatures
using FiLM [6Q, modulatedby glosscontext. We extracttoken
emkeddings{gi}&, | R® "$" from the manual-streandecoder
(seeSection5.1.) and mean-pookheminto a sentence-levelector
Javg ! R$”. Two linear projectionsmap gavg to scaleand shift
vectors", # | R$ , which are broadcasiacrosstime and usedto
modulatethe fusedsequence:

Hrim(® =" aFUseq g +#, $$! [19%4

This resultsin context-awarefeaturerepresentationdpi v !
R*"$ that re#tectboth visual dynamicsand concurrentmanual
semanticsNotably, FiLM is appliedat the featurelevel without
requiring explicit temporalalignmentbetweenglosstokensand
facialframes.The context-conditionedeaturesequenceri v !
RS is mean-pooledilongthe temporalaxisto obtainasentence-
level embeddinghsent ! R® . This vectoris passedhrough a 3-
layer MLP classi"erwith hiddendimensiong256,128,4], ReLU
activations,anda"nal sigmoidlayerto producea4-dimensional
probability vectorp ! [0,1]%. Eachdimension& correspondgo
the likelihood of onegrammaticalcategorybeingpresent:WH-Q,
Y/N, T/C, or NEG.The modelis trained using multi-label binary

cross-entropyloss:
14

L grammar=% [ 10g& + (1% ) log(1%& )]
)
where' . | {0,1} isthe ground-truth labelfor clasy . Classweights
are not applied,asthe datasetis approximatelybalancedacross
categories.



UISTO255eptembe28DOctobed1,2025Busan,Republicof Korea

We adoptsentence-levesupervisionbecausennotatingprecise
frame- orsegment-levelabelsfor non-manuakmarkersisinherently
ambiguousandsubjectto low inter-rater agreementespeciallyfor
transientor blendedexpressionsBy usingbinary sentence-level
tags,we providea stableandreproducibletraining signalwhile still
capturingthe presenceof overlappinggrammaticalfeatures.

The dual-viewdesignimprovesrobustnesso egocentricvariability
suchasfacial occlusionby the hands lateralheadtilt, asymmetric
lighting, or cameramotion. Evenwhen onesideof the faceis par-
tially occludedor overexposedhe opposingview often retainskey
expressiorfeatureslike mouth shapesr eyebrowpositions.This
redundancyis essentialn !rst-person scenarioswvhere extreme
viewpoint shifts and environmentalclutter arecommon.

In ablationexperiments(Section6.6.8, EgoFaceNemproves
the grammaticalclassilcationF1scoreby 5.8%over a single-view
TimeSFormebaselinewithout FiLM conditioning. The gainis sta
tistically signilcant (! < 0.01, pairedt-testacrosdve folds),validat
ing the complementarycontributionsof multi-view fusionandse
manticconditioning.As shownin Fig.9,EgoFaceNetonstitutesthe
non-manualrecognitionstreamin our system enablingsentence-
levelgrammaticalanalysisand supportinggrammar-awardeed
backgeneration.

5.2 Gloss-to-English Translation

To train the gloss-to-Englishranslationmodule,we constructed
a paireddatasetconsistingof ASL glosssequenceslignedwith
natural EnglishsentencesThetraining datawascompiledfrom two
sources(1)ASLLRPSignBank[9], alinguistically annotatedASL
corpuswith gloss-levetranscripts,and(2)a custom-alignecsubset
of the How2Signdatasef 24, where we manually alignedgloss
sequenceso referenceEnglishtranslationswith the assistancef
professionainterpreters.In total, the Inal training setconsistsof
11,65Gentencepairs coveringdiverseASL grammaticalcategories
suchastopicalization,WH-questions and conditional statements.
We applied Byte-PairEncoding(BPE)for subwordtokenization
on both glossand Englishtokensto handlevocabularysparsity.
Alignment was conductedundera monotonicbut not strictly one-
to-oneassumptionallowing the modelto learncommonreordering
patternsin ASLgrammar(e.g. WH-elementfronting, topicalized
objectplacement).

To accommodat¢he structural di"erencesbetweenASLand Eng
lish, we employeda Transformer-basedecodettrained with label
smoothing(" = 0.1) andbeamsearch(beamsize= 4). This setup
enablestuent sentencegenerationwhile supportinggrammatical
reorderinganddisambiguation.

BeyondBLEUscoreswe conducteda qualitative analysisof predic
tions. Forexamplethe glossOFAVORITEOVIECAPTIONTURN
ONGs #uently translatedasOlike to watchmovieswith thesubtitles
on.Osuccessfullycapturing subject-verb-objecstructureand pref-
erencemodality. Similarly, the glossOIXSONFOOTBALILEAGUE
ADDRESSVHEREDODOG s renderedasOCaryou givemethe ac-
dresf thefootballleaguevhereyour sonattends 2@reservingboth
WH-questionformation and possessiveelations.A more subtle
exampleis OTIREWWORKDONTWANTQwhich the modeltrans-
latesto Oldonotfeellike goingto worktoday,| am tired Qcorrectly
resolvingnegationand causalconjunctions.

Theseexamplese#ectthe modelOability to handlesyntacticre-
ordering,implicit subjectsandcomplexquestionsOver85%of evalt
uatedoutputsweresemanticallyalignedwith referencesyalidating
the high BLEU-1score(83.2)with strongreal-worldinterpretability.

5.3 Data Augmentation

To improve generalizationunder diversevisual conditions,we de-
signeda customizedRandAugment-inspiredlata augmentation
pipelinecomprisingboth standardand enhancedransformations.
We Irst apply randomresizedcroppingto 224! 224pixels,with
scalesampleduniformly from [0.08,1.0] and aspectratio from
[0.75,1.33] simulatingpartial visibility andvaryingimagecoverage.
This is followed by color jittering with brightness contrast,and
saturationfactorsup to 0.4and hue shifts up to 0.1.Horizontal
#ipping andcolorjittering areeachappliedwith aprobability of 0.5.
Theseoperationsareimplementedon-the-#y during training for
e$ciency. To modelinteractionsbetweenmultiple distortion types
andsimulatecomplexvisual variations,we introducea multi-stage
augmentationstrategy.For every#y, framein avideosequence,
we apply$ randomtransformationssampledrom a set

Faug = {scalingrotation, a$ne, perspectiveelasti¢ . Eachtirans-
formationis constrainedwithin a50%parameteboundto preserve
contentintegrity. Enhancedramesare integratedbackinto the
original sequenceo preservetemporalalignment,encouraginghe
modelto track gesturefeaturesunderincreasinglydiversevisual
perturbations.This cascadingaugmentationstrategye"ectively
exposeghe network to a broadermanifold of input conditions,
helpingit learnmorerobustanduser-generalizableepresentations
acrossASLsigningstyles.

6 Evaluation

The evaluationof the SignGlassystemfocuseson assessingign-
Glassaccuracyandoverall e"ectivenessn recognizingASLand
translatingit into coherentspokenEnglish.This sectiondetails
the implementationsresultsfrom userstudies,androbustnesf
evaluation.

6.1 Implementation

Our SignGlassalgorithmsareimplementedwith Pytorch[59 li-
brary, andthe training is performedon a serverwith Intel AMD
EPYC74F3CPU,128GBRAM, andfour NVIDIA RTXA6000GPU.
We setthe batchsizeto 2 andthe learningrate to 1e-4.We usethe
Adam optimizer. To avoid potential over!tting during the training
processwe apply the L2 regularizationwith a parameterof 0.0001.
Oncethe modelis generatedrom training, the inferenceis per-
formedon smartphonegSamsung20and OnePIlus9 Pro) using
PytorchMobile[2§].

6.2 User Study

6.2.1 Dataset.To validateour approachwe selectedarepresen
tative setof ASL expressionghat include both manualandnon-
manualmarkers We usedprofessionaASLdatafrom the How2Sign
datasef24 andthe ASLLRFSignBank[9], which spantopicssuch
assports,entertainment personalcare,educationandhomeand
garden A total of 600sentencesvere chosengvenlydistributed
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acrosdve non-manualkategoriesnegative WH-questions,yes/No-
guestionsconditionals,andtopicalization.This selectionensures
broadcoverageof sentenceypes.

6.2.2 DataCollection.Our studywasapprovedby the Institutional
ReviewBoard(IRB).As shownin Fig.7,participantswore the smart
glasseslescribedn Sectiord.3.We recruited14 Deafparticipants
(10femalesand 4 males) all native ASL users,agedbetween20
and50years.Fig.11illustratesour carefully designediuserstudy
setupconductedn a quiet conferenceoom to ensureconsistent
environmentalconditions.
While wearing SignGlassparticipantswatched ASL expression
videosandwereinstructedto understandandre-signcorresponding
ASL expressionsEachparticipantlastedapproximatelytwo hours,
including three scheduledreaksduring which the glassesvere
removedand remountedto simulatenatural variationsin usage
andimprove systemrobustnessln general.eachparticipantsigned
more than 200 ASL expressionsThis carefully structured data
collectionprocessallowedusto captureawide rangeof manual
andnon-manualASL featuresin realisticscenarioslaying a strong
foundationfor robustsystemdevelopmentandevaluation.
During datacollection,we useda camerawith an FOVof 90ito
recordthe groundtruth of the manualmarkerand non-manual
marker of the user.We built a local Ethernetnetwork featuring
high bandwidthconnectivity between Raspbery Piboardsandthe
PCto ensue robusttransmissionand prevent framedropping. The
groundtruth andthoseof Raspbely Pisare synchronizel using
timestamps Annotatorsreviewal theserecordingsto check the
alignmentamongASL videos,glosslabels,andtheir Englishtext.

Figure 11: Example of user study setups: users were seated

in front of the monitor, and our team members were seated
in the opposite direction.

6.3 Evaluation Metrics

To showthe e"ectivenessf ASLrecognitionandtranslation,we
utilize the Word Error Rate(WER)to evaluatethe recognitionac
curacy(input videos! ASLglosses)andthe Bilingual Evaluation
Understudy(BLEU)scoreto evaluatethe translationquality ( ASL
glossed English).Both ASLglossesand Englishare createdand
veriled by ASLexperts.

Word Error Rate (WER). WERIs acritical metric for evaluating
the accuracyof ASLrecognitionsystemslt quantiles how e"ec-
tively the systemidentiles ASLglossedrom input videosequences.
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Specilcally, WERis computedby comparingthe predictedglossse
quenceto areferencesequencewhich includesboth manualmark-
ers(e.g.BOOK GIVE derivedfrom handgesturesandnon-manual
markers(e.g. WHQ NEGQG originating from facial expressionor
headmovementsThe WERis delned as:-WER =! +" +#/$,
where! ", and# denotethe numberof substitutions,insertions,
anddeletions respectivelyand$ is the total numberof wordsin
the referenceA lower WERIindicateshigher recognitionaccuracy
andoverall systemperformance.

Bilingual Evaluation Understudy (BLEU)Score.The BLEU
scoreis awidely adoptedmetric for evaluatingmachinetransla
tion quality by comparinga generatedsentenceto one or more
referencetranslations[18 5§. In our work, BLEUis usedto assess
the e"ectivenessf translating ASL glosssequencegto natural
Englishtext. The BLEUscoreis computedasg,

BLEU=exp min 0,1" r +  4_ % log& ,where' isthelength
of the referenceranslation,( is the length of the candidate(trans

lated)sentence%y denotesthe weight for eachn-gramlevel,and

& is the precisionscorefor n-gramsof size) . We report precision

for BLEU-1(unigram),BLEU-2(bigram),BLEU-3(trigram), and

BLEU-4(four-gram),which togetherre#ectthe translationO#u-

encyandsyntacticcorrectnesst multiple linguistic levels.Higher

BLEUscoresndicatecloseralignmentbetweenthe generatedand

referencesentencessignifying higher translationquality.

6.4 Overall Performance

6.4.1 OverallPerformancen UnseerlJserslIn this section,we
presentthe overall performanceevaluationusing the leave-one-
user-outmethod,wheredatafrom onepreviouslyunseenuseris
tested Additionally, we will discusshe performanceacrossvarious
sentencecategoriego provide a detailedanalysisof di"erent non-
manualcategories.

Leave-one-user-outPerformance. Figurel4illustratesthe WER
andBLEUscoresacrossall 14 users,comparingthe performance
of manual-onlyrecognitionagainstour proposedmulti-modal ap-
proach.We evaluatethe systemusing leave-one-user-outross-
validation over 14 users,where in eachiteration, the modelis
trained on datafrom 13 usersand testedon the remaining one.
This processs repeatedl4timesto ensurethat eachuserOdatais
usedfor evaluationexactlyonce.As shownin Fig.12,the WERfor
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Performance of Leave-One-User-Out
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Figure 14: Comparison of Manual vs. Multi-model for Leave-
one-out with Dilerent Users

ASLrecognitionis 16.98%hich demonstrateshe electiveness
of recognizingthe manualandnon-manualmarkers.The BLEU1
scoreis 83%ywhich provesthat our systemis elective in translating
the comprehensivaglossesnto English.Notably, the incorpora
tion of non-manualmarkersledto a substantialreductionin the
WERscorefrom 31.17%0 16.98%ndledto anincreasein BLEU1,
BLEU2BLEU3and BLEU4scoresrom 68.8%0 83.0%from 47.3%
to 68.9%from 32.5%0 57.3%and from 22.5%0 47.4%respee
tively. The dramaticreductionin WERprovesthat our innovative
systemis successfullyecognizingandtranslatingthe complexin-
terplay betweenmanualmarkersand non-manualmarkers(e.g.,
subtlefacial expressionandbody postures)In addition,the con
sistentimprovementsfrom BLEU1through BLEU4indicate that
our systemmaintainsits electivenessevenaslinguistic complexity
increasesTheseresultsrepresenta signi"cant achievementn ASL
recognitionandtranslation.

Compared with State-of-the-Art ASL Recognition Systems:
Comparedwith the othertwo wearablesystemssupportingnon-
manualmarkersrecognition,SmartASL41] and TransASLB7, our
systemhastwo advantagesl) only usea pair of smartglassesn-
steadof multiple devicesto sensemanualand non-manualmarker
recognition,andthe earbudsare alwaysnot sociallyacceptablén
the deafcommunity becausehe earbudsare not usefulfor deaf
people,and 2) they canonly achieveacceptablaiser-dependent
performanceuser-dependencperformancewith 40sentenceslur-
ing controlled environments.In contrast,our systemonly used
a pair of glasseswhich is more acceptabldor the deafcommu
nity, andachieveduser-independenperformance WER=16.98%,
BLEU1=83%j\vhich indicatesno extra sampledatacollectionand
training elorts. Thus,our systemcanbe deployedto any new user
directly, thus improving the generalizabilityin daily life. In sum
mary, our system SignGlasstepresentsa signi“cant advancement
by olering auser-friendly,alordable, andaccessibléechnology
designedo bridgethe communicationgapbetweensignlanguage
usersand spokenlanguageusers.This innovative solution paves
the way for enhancedcommunicationand understandingmaking
it aninvaluabletool for improving accessibility.

Performance AcrossVarious SentenceCategories. Giventhat
non-manualmarkersare crucialfor forming variouscategoriesof
Englishsentencesincluding negativesWh-questionsyes/noques
tions, condition (C/W), and topics [53, we have categorizedall
sentencesnto six groups.As depictedin Table12,the Word Er-
ror Rate(WER)variesfrom 8.35%0 27.41%ndicating promising

Performance of Unseen Sentences
1.0

Performance of Sign Speed

08

—— Manual Only

0.2 Manual+
Non-manual

T T T T 0-
o 20 40 60 80 100 Slow
WER (%)

Medium Fast
Speed Category

Figure 15: Performance of Figure 16: Performance of
Unseen Sentence Dilerent Sign Speed.

performanceacrosddilerent ASLsentencecategoriesNotably,the
yes/noquestioncategoryexhibitedthe lowestWERat 8.35%This
may beattributedto the distinctive yes/noquestionnon-manual
markers,especiallyfor headshakeswhich signi“cantly alter the
visualpresentationin two-sidedcameraviews.In contrast,the C/W
categoryhasthe highestWER,which meansthe wrong classi'-
cation, which may be attributed to the no-obviousnon-manual
markers,suchaseyebrowsThus,it is necessaryo explorethe po-
tential solutionsfor "ne-grained non-manualmarkerrecognition.

6.5 Overall Performance On Augmentation
Enhancement

While traditional dataaugmentationmethodshavebeenshownto
enhancedatadiversity andalign with userpreferencesthey have
not demonstratedhe samelevel of electivenessin our speci“c
application.Thus, we proposedan advancedalgorithm to elec-
tively enhancehe diversity of dilerent manualandnon-manual
markersthoroughly. In this section,we will comparethesetwo data
augmentationmethodsbaselingo representhe traditional data
augmentatiormethodandenhancemento representour proposed
dataaugmentationrmethod.As illustratedin Fig.13,we achieved
approximatelya 10%eductionin WER highlighting a considerable
improvementin ASLrecognitionaccuracy.Theseresultscollec
tively showcasehe electivenessof our augmentationrmethod.By
incorporatingmore nuancedvariationsand capturingsubtlefea
tures,weOvenhancednodelaccuracywhile alsonotably reducing
computationaldemands.

6.6 Statistic Performance

6.6.1 Impactof UnseerSentencedn real-world deployment ASL
translationsystemanusthandlesentenceshat diler from those
seenduring training, dueto the inherentvariety in signvocabulary,
grammar,and phrasing. To evaluateSignGlass@sbustnesson
unseersentencesye constructanevaluationsetin which sentence-
level entriesare held out from training. Although the individual
signsmay still appearin the training data,thesetest sequences
exhibit novel combinationsand syntacticstructures.

As shownin Fig.15,the cumulativedistribution function (CDF)
of WERrevealsthat SignGlassvith both manualandnon-manual
channelsconsistentlyoutperformsthe manual-onlybaseline Over
80%of the unseentestsentencefiave WERbelow 25%when using
our full model,while the manual-onlymodelexhibitssigni“cantly
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SentenceCategories WER BLEU-1 Score BLEU-2 Score BLEU-3 Score BLEU-4 Score
NEG 18.33% 81.67% 66.70% 54.50% 44.50%
WH-Q 15.68% 84.32% 71.10% 59.90% 50.40%
Y/N 8.35% 91.65% 84.00% 77.00% 70.60%
C/wW 27.41% 72.59% 52.70% 38.40% 27.90%
TOP 17.35% 82.65% 68.30% 56.50% 46.70%
Others 17.71% 82.29% 67.70% 55.50% 45.50%

Table 3: Recognition and Translation Performance basedon Dilerent SentenceCategories

Performance of Gender
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Figure 17: Performance of Figure 18: Performance of
Dilerent GlossLengths. Dilerent Gender

worse error rates.This indicatesthat our multi-modal architec
ture generalizedetterto new compositionsof signs,owing to its
capacityto model contextualdependenciesind facial grammar
cues.

6.6.2 Impactof ASLSignSpeedSignersnaturally diler in "uency
[5]], leadingto signi#cantvariation in the speedat which ASL
is performed.This variation canposechallengedor recognition
systemsparticularly when dealingwith fast,"uid gesturesthat
compresgemporalfeaturesor introducemotion blur.

To evaluateSignGlass@sbustnesgo varying sign speedsye
computethe averagenumberof signsperformedper second(sign
speelifor eachvideo,de#nedasthe length of the ASLglossdivided
by the correspondingvideo duration. Basedon this continuous
metric, we categorizethe videosinto three speedins: Slow (0B2
signs/sec)Medium (2Db4signs/sec)and Fast (4b6signs/sec)This
categorizatiorre"ectsrealistic"uency rangesobservedn our par-
ticipant cohort.

As shownin Fig.16,the Word Error Rate(WER)generallyin-
creasewith signspeedSignGlasschievests lowestWERIn the
Mediumgroup (11.55%)xuggestingan optimal balancebetween
motion clarity and temporaldensity.In contrast,the WERrises
to 15.79%n the Fastcategoryandslightly dropsto 12.89%n the
Slowgroup, althoughthis "uctuation is lesspronouncedThe per-
formancedegradationat high speedsikely resultsfrom reduced
spatialclarity andfastertransitionsbetweensigns,which challenge
the systemOemporalmodelingcapabilities.

These#ndingsdemonstrateSignGlass@sility to handleabroad
rangeof signing speedswith moderatedegradationunderrapid
signing conditions. This robustnesss critical for real-world de-
ployment,where usersmay exhibit diverselevelsof "uency and
tempo.

6.6.3 Impactof ASLGlossLength. The length of ASL glosses
within a sentencecansigni#cantlyalect translationperformance,

asit determineghe amountof contextualinformation availableto
the model.To assesSignGlass@sbustnesgo sequencéength, we
categorizeglossesnto three groupsbasedon the numberof signs
persentenceShort (1b4signs),Medium (5B8signs),andLong
(9D1Zigns).

As shownin Fig.17,SignGlasslemonstratesmprovedperfor-
manceon longer glossesachievingthe lowest Word Error Rate
(WER)of 1.90%n the Long category.In contrast,the Shortcate
gory yieldsthe highestWERat 25.83%T his resultalignswith the
characteristic®f the underlying temporalencodernLSTM) which
bene#tsirom richer contextin longersequencesllowing for more
accuratemodelingof inter-sign dependencieOn the other hand,
shortsequencesler lesstemporalinformation andaremoreprone
to recognitionambiguity dueto the absencef contextualcues.

Despitethis variation, SignGlassnaintainsacceptableerfor-
manceacrossall length groups,indicating its adaptabilityto real-
world usagewhereutterancesrary widely in complexityandlength.

6.6.4 Impacton GenderPhysiologicaldilerencesbetweenindi-
vidualsNsuchashandsize facial shape and movementstylesNcan
potentially in"uence the accuracyof sign languagerecognition
systemsTo evaluatewhether SignGlasss sensitiveto suchdiler -
enceswe analyzeperformanceacrosswo usergroupsbasecdon
physiologicalgenderascollectedduring the participantenrollment
phase.

Fig.18reportsthe Word Error Rate(WER)for maleandfemale
signers.The averageWERfor femaleparticipantsis 16.17%while
male participantsexhibit an averageof 18.68%Although some
individual variation existswithin eachgroup, especiallyat the
higher endof the range,the overall performancedilerence is not
statistically signi#cant.

Theseresultssuggesthat SignGlasprovidesconsistentrecog
nition accuracyacrossdilerent gendergroups,supportingits suit-
ability for inclusive, real-world deploymentacrossdiverseuser
populations.

6.6.5 Impactoflantity of CamerasSignGlasemploysathree-
cameracon#gurationto capture both manualand non-manual
signcomponentsTo evaluatehow dilerent cameracon#gurations
alect systemperformancewe comparethreesetupsOne Camera
(handview only), Two Cameras (onesideface+ hand),and Three
Cameras (left face+ right face+ hand).

As shownin Fig.19,recognitionaccuracyimproveswith the
numberof camerasThe one-cameraetupyieldsthe highestWord
Error Rate(WER)andlowestBLEUscoresjndicatinglimited modat
ity coverageAdding a secondcamerasigni#cantlyenhancegper
formanceby introducing non-manualcuesfrom the face.The full
three-cameraon#gurationachieveghe lowestWERand highest
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Figure 21: Power consumption of executing ML models in
SignGlasson mobile device

BLEUscoresgcon!rming that comprehensivespatialcoveragds
essentiafor robustsignlanguageunderstanding.
Theseresultsunderscorethe importanceof multimodal input
from multiple viewpoints,particularly for capturingsubtlefacial
expressionsand hand-faceinteractions.While fewer camerage-
ducehardwarecomplexity,the performancerade-o"s suggesthat
threeviewpointsare necessaryor high-!delity ASLtranslation.

6.6.6 Impactof SensoiPosition.Wearablesystemsare subject
to inevitablevariability in how userswear the device,including
slight changesn tilt, height,or alignment.To testthe robustnesof
SignGlassindersuchconditions,we conducteda userstudy across
four independentvearing sessionsln eachsessionusersremoved
and remountedthe wearabledeviceusing adjustablenosepads,
resultingin smallvariationsin cameraand sensorpositions.
Fig.20showsthe systemO&/ERacrossthe four sessionsBoth
the manual-onlyand the combinedmanual + non-manualcon+
Igurations maintain stableperformanceacrosssessionswith no
signilcant degradationcausedy repositioning.We attribute this
consistencyto the snugandrepeatabldt of the deviceOmounting
systemwhich limits the rangeof positionaldeviation.
Theseresults suggestthat SignGlasss robustto normal re-
wearingscenariosand doesnot require precisealignmentfor each
use,makingit practicalfor daily deploymentin real-world settings.

6.6.7 PowerConsumptionForwearableASLtranslationsystems
to beviablein daily use,power e#ciency is criticalNespecially
when running inferencelocally on mobiledevicesTo assesshe
energyimpactof SignGlasswe prolle the powerconsumptionof

its machinelearning pipelinerunning on two commercialsmart
phonesthe Samsunds20andthe OnePlu Pro. The measurement
is conductedusing Android Battery Statsand Battery Historian,
focusingsolelyoninferenceworkloadsandexcludingvideocapture
or preprocessingtages.

As shownin Fig.21,SignGlassnaintainsconsistentpower cor-
sumptionacrossboth devicesDuring activeinference the OnePlus
9 Pro exhibitsa power dischargerate of 17%per hour, while the
Samsungs20consumeslightly moreat 20%per hour. Thesevalues
arewell within acceptabldimits for continuoususeover several
hours,a#rming the feasibility of edgedeployment.

This level of e#ciency enablesSignGlas$o operatein real-time
on 0"-the-shelf mobile hardwarewithout relying on externalcom-
puting infrastructure. The resultsdemonstratehat our systemsup-
ports sustainablepn-deviceASL translationsuitablefor wearable,
everydayapplications.

6.6.8 AblationStudyof CoreModules.To validatethe contribution
of eachindividual componentin our SignGlaspipeline,we con-
ductedan ablationstudy by selectivelyremovingor replacingkey
modules All modelswere evaluatedusingthe leave-one-user-out
protocolacrossthe samedatasetensuringcomparability. Table4
summarizeghe Word Error Rate(WER)and BLEU1scorefor each
variant.

Table 4: Ablation Results of Key Modules

Model Variant WER (%) BLEUL (%)

SignGlass(Ours) 16.98 83.0
w/o EgoCorrNet 21.3 75.4
w/o Optical Flow (landmarkonly) 42.9 52.9
w/o Landmarklnput ($ow only) 68.5 24.4
w/o Cross-ModaAlignment 24.7 73.0
w/o Dual TimeSFormer 24.1 72.5
w/o FiLM Conditioning 19.7 78.8

EgoCorrNet. Replacingour EgoCorrNeimodulewith astandard
Bi-LSTMencoderled to a 4.3%increasein WER,indicating the
e"ectivenesof spatio-temporakorrelationin modelingegocentric
handmovementaunderjitter andpartial occlusion.

Optical Flow Ablation. Removingthe optical $ow input and
retaining only handlandmarkheatmapdeadsto a sharpperfor-
mancedropNWERrisesto 42.9%and BLEU1dropsto 52.9%T his
indicatesthat landmarkfeaturesaloneareinsu#cient to capture
temporaldynamicsin continuoussigning,especiallyunderrapid
motion or occlusion.Optical $ow providesdensemotion-aware
cuesthat complementhe sparseskeletalstructure,enablingbetter
tracking of gesturetransitions.

Landmark Ablation. Removingthe landmarkstreamandusing
only optical $ow resultsin catastrophicdegradationwith WER
rising to 68.5%and BLEU1falling to just 24.4%Although $ow cap
turescoarsemotion, it lackssemanticgroundingand!ne spatial
detailNparticularlyin distinguishing!nger articulationsand lo-
calizedhandshapesTheseresultscon!rm that $ow andlandmark
cuesarenot redundant but insteadform anecessaryglual-modality
input for robustrecognition.
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Jitter-Aware Alignment Ablation. Disablingthe jitter-aware
cross-modahlignmentmoduleanddirectly fusing opticallow and
landmarkfeatureswithout temporalattention leadsto a 7.79%VER
increaseand a 10-point BLEU1drop. This suggestgshat passive
fusion cannotcompensatéor misalignedmotion signalscausedyy
egocentrigitter or self-occlusionThe attention-basedlignment
allowseachmodality to adaptivelycorrectfor temporalinconsis
tenciesin the other,leadingto more stablegestureembeddings.

Dual TimeSFormer. Usingonly asinglefacialview signi“cantly
degradedperformancegspeciallyin casesvheresymmetricalex-
pressionge.g.eyebrowraisesfor Yes/Noquestions)were required.
BLEUldroppedby over 10%¢on"rming the necessityof dual-view
facialmodeling.

FiLM Conditioning. RemovingFiLM conditioning from the
facial pathway reducedthe modelQability to generalizeto signers
with variedfacial expressionstesultingin a4.2%BLEU1drop.

Theseesultsvalidatethe architecturalchoicesn SignGlassEach
moduleplaysa critical role in enhancingrobustnessgross-user
generisnggitgli,grﬁd overall ASL-to-Englishtranslationquality.

7.1 Potential Privacy Issue Discussion.

A signi“cant concernwith traditional front camera-basedSL
recognitionandtranslation systemss the potential privacy risk

posedby the continuousrecordingof the userOface,which could

bemisusedTheserecordingsmay inadvertently capturesensitive
or private moments,raising privacy concernsln contrast,asil-

lustratedin Fig.7,our approachrecordsonly the sideview of the

userOfce therebyminimizing the captureof full facialinformation

andreducingthe risk of privacy breachesMoreover,our system
is designedo solely recorddatapertainingto the systemusers,
coupledwith the implementationof stringent permissionmanage
mentprotocols,including faceauthentication to safeguarcagainst
unauthorizeduseof the recordings.This mechanismalsoservesto

addresgrivacy concerngelatedto individualsinteractingwith the

signinguser.Comparedo other ASL sensingtechnologiessuch
asacousticsensing[37, 40 and mmWavesensing[64], our sys

tem o#ersenhancedprivacy protection while maintaining high

performanceby capturingall essentiaASLcomponents.

7.2 Potential Two-way Communication

Our currentdesignof SignGlasassistdDHH individualsby trans-
lating ASLinto spokenEnglish,therebyfacilitating communication
betweenDHH individualsand hearingpeople However,SignGlass
cannot assistin understandingthe hearingpeoplefor DHH indi-
viduals,limiting the userexperienceof conversationpecauseddr
tional devicessuchassmartphonesare often necessaryo translate
the speecHor DHH individuals. Thus,we aim to integratevoice
andtext input for DHH individuals,with transcriptionsdisplayed
onthe smartglassesTo further improvethe userexperiencefuture
versionswill alsoexplorepredictiveresponsesnd more seamless
ASLDPEnNglishbAStonversationgo fosterinclusivecommunication.

7.3 Translation Errors Check

Giventhe potential for occasionamispredictionsin ASLrecogni
tion, it is crucialto developan advancedsolution that enablesASL
signersto correcttheseerrors e#ectively.Onepromisingapproach
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involvesdisplayingthe recognizedASL text transcription on smart
glassedo provideimmediatefeedbackBesidesrecentadvancesn
LLMshavedemonstratedsubstantialcapabilityin detectinglogical
coherencewithin conversationsspeci“callythrough identifying
semanticconsistencylogical cause-and-e#eatlationships,and
clearreferentsacrossdialogue.Leveragingtheseabilities, LLMs
couldpotentially beemployedto identify and!ag logicalerrorsin
dialoguethat may ariseduring communication therebyimproving
the reliability of ASLinterpretation.

7.4 Potential Solutions for Inter-user Variability

It is widely acknowledgedhat inter-uservariability in ASLsigning
exists.To addresshis variability andfurther improvethe ASLinter-
pretingaccuracyit is requiredto explorepotential solutions.Firstly,
additionalsensingnodalities suchasIMU sensor®on smartwatches
or rings, will beincorporatedto capture"ne-grained motion dy-
namics,providing complementarytemporaland kinematic cues
to betterdistinguishgesturevariationsarising from di#erencesn
speedarticulation, or physicalstyle acrossusers.In addition,we
planto exploredynamictime warping (DTW) asa preprocessing
stepto temporally align gesturegperformedat di#erent pacesjm-
proving modelrobustnesgo signing speeddiscrepancies-urther
more,with the growing capabilitiesof LLMs,we areinvestigating
their usefor semanticanferenceandambiguity resolution,enabling
the systemto generalizeacrosgdiversesigning stylesandgesture
expressionsTogether,theseenhancementsim to build a more
adaptiveand context-awaresystemthat e#ectivelylearnsfrom and
accommodatemter-uservariability.

7.5 Form Factor Optimization and Future
Development of ASL Smartglasses

Sofar, SignGlasslemonstrateshe feasibility of recognizingASL
sentencesusing smart glasseshowever,further developments

neededo transitionit into adeployableproduct. The currentproto-

type leverageo#-the-shelfelectronicsfor rapid developmentand

validation, but its form factor remainsbulky and suboptimalfor

long-termwear.In future iterations,we plan to developa custom
PCBwith compactmicrocontrollers(e.g.,ESP32-S3nd camera
multiplexer ICs,enablinga more compactfully integratedsmart
glassesystemwithout relying on an externalcomputepuck. We

alsoaim to implementlocal inferenceon the glasseso support
on-deviceprocessingalthoughlimited hardwaremay a#ectmodel
accuracyand performanceWe acknowledgehat alternativeform

factors,suchassmartwatchesor earphonesp#er bettersocialac

ceptability and comfort for daily use.However,thesemodalities
typically captureonly partial gestureslimiting full-sentenceASL
translation.Futurework will focuson balancingform factor, wear-
ability, and expressivecapabilityto ensureusability andcompre

hensivegestureunderstanding.

7.6 Potential Al Interactions

To enableseamlesandnatural ASL-basedhteractionswith conver
sationalagentswe planto integrateour systemwith Al chatbots
andlargelanguagemodels(LLMs),enhancingdigital accessibility
for DHH users By leveragingthe expressiveaichnessof ASLand
the contextualunderstandingof state-of-the-art_LLMs,our system
will allow usersto engagen !uid, real-time conversationswith
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Al-driven assistantausing signedinput insteadof typed or spo
kenlanguageThis integration facilitatesintuitive communication
andbridgescritical accessibilitygapsin current conversationalAl
platforms,which often rely solelyon voiceor text. Throughthis
approachwe aim to supportdiverseusecasesNfrondaily queries
andtaskmanagemento emotionalsupportand educationakssis-
tanceNtailoredto the needsand preferencef the DHH commu
nity. Ultimately, SignGlassdvanceshe broadergoalof inclusive
human-Alinteractionby making conversationatechnologiesnore
responsivegquitable and usablefor signlanguageusers.

8

Conclusion

In this study,we introducedSignGlassan end-to-endsmartglass-
basedASLrecognitionandtranslationsystemdesignedo detect
andinterpret real ASLsentencedy integrating manualandnon-
manualmarkers.SignGlasdeverages downward-facingwearable
camerapositionedin the centerof the glassedo capturemanual
markers.In contrast,two inward-facingcamerason the sidesof
the glassexapturenon-manualmarkers.We evaluatedhe system
usingdatacollectedfrom 14Deafusersin a user-independentrain-
ing setup.Theresultsdemonstratedhat SignGlassantranslate
ASL into Englishwith a Word Error Rate(WER)of 16.98%and
a BLEUscoreof 83%Thesepromising resultssuggesthat Sign-
Glasshassigni!cant potentialasa practicaland ubiquitoussystem
to facilitate daily communicationbetweenASL usersandhearing
individuals.
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