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Abstract 
Camera-based facial-gesture interfaces offer hands-free access for 
people with motor impairments (PwM), yet most recognition mod-
els are trained on able-bodied data and implicitly assume normative 
motor control and proprioception. We conducted a mixed-methods 
empirical study of 37 above-neck gestures performed by 11 PwM 
and 11 non-impaired participants. Results reveal systematic mis-
matches between user intention and model recognition in the PwM 
group, stemming from diverse patterns of body perception and 
control and leading to allocative harms. These mismatches con-
centrated in low-amplitude, asymmetric, and directional gestures. 
Building on these findings, we introduce FairGesture, a diagnostic 
auditing method for quantifying and interpreting such mismatches. 
FairGesture combines (1) the Perception Gap metric, (2) trajectory-
based motion analysis, and (3) an analysis of user sensorimotor 
feedback, exploring the reasons behind these mismatches. The work 
reframes accuracy in gesture recognition as a problem of sensori-
motor alignment, advancing user-centred evaluation and inclusive 
model design. 

CCS Concepts 
• Human-centered computing → Empirical studies in accessi-
bility; Human computer interaction (HCI); • Computing method-
ologies → Artificial intelligence. 
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1 Introduction 
Camera-based facial gesture recognition has emerged as a promis-
ing modality for hands-free interaction, with applications spanning 
mobile computing, smart environments [41, 70], and assistive tech-
nologies [27, 54, 94]. By leveraging facial movements such as eye 
blinks, brow raises, and head nods, these systems allow users to is-
sue commands without relying on touch or fine motor hand control. 
This modality is particularly promising for individuals with upper 
limb impairment, providing a socially acceptable and contact-free 
means of interaction [48, 112]. As facial gesture interfaces become 
increasingly embedded in mainstream platforms, ranging from Aug-
mented Reality (AR) and Virtual Reality (VR) headsets [47] to home 
automation systems [41, 70], the need to ensure their inclusivity 
and robustness across diverse motor abilities becomes critical. 

However, most facial gesture recognition models are trained on 
data from able-bodied individuals [3, 61], thereby encoding assump-
tions of normative motor control and intact proprioceptive feedback. 
As a result, the behaviour of these models in PwM is poorly charac-
terised. In such users, gestures may be expressed asymmetrically, 
low in amplitude, unstable in timing, or with inconsistent control, 
posing challenges for recognition models optimized for canonical 
motion patterns [29, 83]. Recent work in algorithmic fairness has 
shown that such biases in training distributions can result in al-
locative harm [31], whereby valid user inputs are systematically 
misclassified or excluded due to underrepresentation [50, 97]. In 
the context of facial gesture interaction, this may manifest as fail-
ures to recognise gestures that deviate from canonical movement 
patterns, despite being intentionally and effortfully performed by 
PwM [39]. While fairness research in facial analysis has examined 
disparities related to race [9, 33], gender [44, 90], and age [80], the 
role of sensorimotor diversity remains underexplored. Unlike hand 
gestures, which often fall within the user’s visual field and benefit 
from real-time visual feedback, facial gestures are typically executed 
without visual confirmation, placing greater reliance on internal 
bodily awareness, such as muscle tension and proprioception [73]. 
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These signals, however, may be degraded, delayed, or disrupted 
in users with neurological or muscular impairments [32], further 
compounding the mismatch between user intention and algorith-
mic recognition [83]. We argue that this performance discrepancy 
constitutes a critical form of allocative harm, where valid, effortful 
user inputs are systematically rejected due to models overfitted to 
able-bodied, normative movement patterns. 

Rather than viewing these recognition failures as an isolated 
accuracy problem, we argue that they reflect a deeper misalign-
ment between user intent and algorithmic interpretation, which 
we define as a sensorimotor alignment problem. To explore this 
perspective and systematically diagnose these misalignments, we 
introduce FairGesture, a diagnostic auditing method that assesses 
fairness in gesture recognition across users with diverse sensori-
motor abilities. We adopt a mixed-methods approach involving 11 
participants with motor impairments and 11 able-bodied controls, 
comparing recognition outcomes, self-assessed performance, mo-
tion trajectories, and qualitative feedback from interviews. Through 
this empirical foundation, our study reveals systematic disparities 
and intention-recognition mismatches concentrated in the PwM 
group, thereby surfacing the allocative harm inherent in current 
facial gesture recognition systems. 

Our contributions are twofold: 

(1) Empirical Evidence of Intention–Recognition Misalign-
ment in Motor-Diverse Users: We conduct a mixed-methods 
comparative study (N=22; 37 gestures) showing that facial-
gesture recognisers—trained on normative data—systematically 
misinterpret PwM’s intended gestures. Mismatches are con-
centrated in low-amplitude, asymmetric, and directionally 
unstable gestures, and are supported by users’ reports of pro-
prioceptive difficulty, uncertain directionality, and diverse in-
terpretations of gesture prompts. We thereby reframe recog-
nition failures as a broader sensorimotor alignment problem, 
rather than isolated classification errors. 

(2) FairGesture: A diagnostic method with Actionable Au-
diting Assets. We introduce FairGesture, a triangulation-
based diagnostic method for analysing intention–recognition 
misalignment in facial-gesture interfaces. FairGesture inte-
grates: (1) the Perception Gap (PG) metric, which quantifies 
user–model discrepancies as a proxy for ability-sensitive 
allocative risk; (2) motion-dimension mismatch features (am-
plitude, direction, temporal dynamics, activation region) de-
rived from established kinematic foundations; and (3) quali-
tative perception accounts from users explaining certain ex-
ecutions feeling of gestures. We also release actionable au-
diting assets to support alignment-oriented evaluation in 
future inclusive-interface research. The resource is available 
at https://github.com/SiyuZhang-zsy/FairGesture 

2 Related Work 

2.1 Facial Gesture Recognition and Interfaces 
Facial gesture recognition has gained prominence as a hands-free 
interaction to benefit individuals with motor impairments [17, 47, 

55, 58, 68]. This approach provides a socially acceptable and contact-
free means of interaction for individuals with upper limb impair-
ment. Recent elicitation-based studies have been extended to facial 
gestures [47, 63, 96, 99, 112], underscoring the need for adaptable 
interfaces. However, gesture recognition systems specifically de-
signed for PwM remain limited in both gesture diversity and recog-
nition robustness. Most systems focus narrowly on eyelid gestures 
such as blinks [28] and achieve only moderate performance (e.g., 
0.76 in user-dependent evaluations). Broader integration of person-
alised or atypical facial gestures remains underexplored, leading to 
recognition failures and reduced user satisfaction [83]. 

Traditional approaches often rely on facial landmarks and action 
units (AUs) to interpret expressions and gestures [62]. For instance, 
Baltrušaitis et al. introduced OpenFace, an open-source tool capable 
of real-time facial behaviour analysis, including AU detection and 
head pose estimation [3]. Its latest iteration, OpenFace 3.0, extends 
this pipeline with improved AU regression and streamlined real-
time performance, making higher temporal stability and improved 
robustness to illumination and pose [45]. Similarly, Lugaresi et al. 
developed MediaPipe, a framework facilitating real-time face detec-
tion and tracking on mobile devices [61]. These landmark and AU 
based pipelines remain widely adopted in assistive technologies 
due to their low latency, computational efficiency, and on-device 
deployability. While these systems achieve high accuracy under 
controlled conditions, they are predominantly trained on datasets 
comprising able-bodied individuals [65, 87, 111], thereby encoding 
assumptions of normative motor control and intact proprioceptive 
feedback. As a result, they are highly sensitive to the atypical, asym-
metric and low-amplitude movement patterns commonly observed 
in PwM. 

In parallel, general-purpose Vision–Language Models (VLMs) 
have recently demonstrated impressive generalization in visual un-
derstanding tasks [14, 60]. However, despite their scalability, VLMs 
face severe computational and latency bottlenecks that limit their 
feasibility for real-time, privacy-sensitive assistive interfaces. Re-
cent benchmarks and surveys show that multimodal inference typ-
ically demands high-end GPUs, extensive memory, and significant 
power consumption, even for single-image inputs [15, 49, 92, 107]. 
Consequently, lightweight, real-time AU-based systems such as 
OpenFace and MediaPipe remain the most deployable and widely 
adopted options in current accessibility contexts, making their po-
tential biases toward motor diversity an urgent and understudied 
challenge. 

2.2 Fairness in Computer Vision and 
Interaction Systems 

The field of computer vision has witnessed growing concerns re-
garding algorithmic fairness, particularly in facial analysis systems. 
Buolamwini and Gebru revealed significant disparities in gender 
classification accuracy across different demographic groups[8] , 
while subsequent HCI work by Keyes and Hamidi demonstrated 
how facial analysis technologies can reinforce existing societal bi-
ases [2, 42, 52]. This line of work underscored the consequences of 
training models on unbalanced datasets and prompted calls for de-
sign practices that attend to the diverse experiences of marginalized 
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Figure 1: Remote and in-person participation settings. (a) A Participant with motor impairments completed the study remotely
from home, seated in a wheelchair. (b) A participant completed the session in person at the university.

(a) (b) 

communities [89]. Related work has also examined facial recog-
nition through the lens of auditing and governance, highlighting 
ethical risks that arise when such systems are deployed without 
mechanisms to detect or correct systematic disparities [78]. 

In addition to demographic disparities, recent scholarship has 
highlighted how fairness challenges also manifest for users with 
disabilities. Allocative harms refer to instances where algorithmic 
systems disproportionately allocate or withhold opportunities, re-
sources, or services from certain individuals or groups, often due to 
underrepresentation or historical biases in the training data, being 
salient in accessibility contexts [4, 31, 93, 97]. Wang et al. propose 
a taxonomy of algorithmic harms for disability, categorizing alloca-
tive, representational, and interactional forms of exclusion [104], 
while Venkatasubramanian et al. identify broader classes of neg-
ative outcomes arising from AI-driven systems for people with 
disabilities [102]. Although these frameworks provide essential 
conceptual grounding, they primarily focus on decision-making or 
content-moderation systems, leaving open how algorithmic harm 
manifests in sensorimotor interactions. PwM often face challenges 
when interacting with facial gesture systems due to inconsistent 
muscle control or impaired proprioception, which can affect their 
ability to perform stable, recognisable gestures. Ruocco et al. [83] 
conducted an evaluation of eyelid-based gesture systems and found 
that only 68% (13 out of 19) of participants with motor impairments 
agreed with the statement that “the software rarely misinterprets 
my input.” This reflects a form of allocative harm, where valid user 
inputs are systematically rejected, not due to malicious bias, but 
due to the underrepresentation of atypical motion patterns in train-
ing data. Unlike the widely studied issues of race and gender bias, 
such sensorimotor-based disparities remain underexplored in the 
fairness literature. As facial gesture interfaces gain traction in as-
sistive technologies, recognising and accommodating the diverse 
motor and perceptual profiles of users with disabilities is critical to 
ensuring equitable system performance. 

2.3 Sensorimotor Perception and Gesture 
Mismatch 

Gesture interaction depends not only on a user’s ability to move, but 
also on their ability to perceive their movement. In motor-impaired 
populations, this internal feedback, particularly proprioception, is 
often disrupted [32, 73]. Conditions such as amyotrophic lateral 
sclerosis (ALS) or cerebral palsy can degrade sensory input from 
muscles and joints, making it difficult to monitor motion without vi-
sual cues [85]. Compounding this, users’ perceived motor competence 
(PMC), which is their confidence in having executed a gesture, may 
be compromised [22, 26]. This perceptual uncertainty contributes 
to mismatches between user intent and model recognition, particu-
larly for facial gestures that are difficult to self-monitor due to the 
lack of direct visual feedback. Prior research therefore suggests that 
gesture mismatch may reflect broader disruptions in sensorimotor 
perception and regulation rather than purely mechanical execution 
difficulties. A more detailed review of these constructs and their 
relevance to gesture interaction is provided in Appendix A. 

Building on this body of work, recognition failures in gesture 
interaction may plausibly stem from perceptual and sensorimotor 
factors that are often overlooked during model training. However, 
little empirical research has systematically examined how such 
perceptual discrepancies manifest in camera-based facial gesture 
recognition systems or how they contribute to recognition dispar-
ities in people with motor impairments. To address this gap, we 
conducted an empirical study of above-neck gestures and introduce 
FairGesture, a diagnostic method designed to quantify mismatches 
between perceived execution and model recognition. 

3 Methodology 

3.1 Study Design 
This study employed a mixed-methods approach to investigate 
fairness in facial gesture recognition across users with and without 
motor impairments. We combined quantitative metrics (recognition 
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accuracy and motion trajectory analysis) with qualitative data from 
participant self-evaluations and post-task interviews to understand 
the causes and manifestations of intention-recognition mismatches. 

3.2 Participant 
We recruited a total of 22 participants, with 11 PwM forming Group 
A (Table 1), and another 11 participants without motor impairment 
comprising the control group, Group B (Table 2). All participants are 
Asian and provided their informed consent and were compensated 
for their time. 

The participants in Group A (N = 11; 6 male, 5 female) were 
adults with motor impairments recruited through online social 
media platforms and non-profit disability organizations. All par-
ticipants identified as Asian, with a mean age of 33.6 years (SD 
= 10). All participants reported motor impairments that affected 
their ability to use electronic devices. Specifically, one participant 
had spinal muscular atrophy (SMA II) with limited head mobility; 
three participants had spinal cord injuries, one of whom also expe-
rienced limited head mobility; three participants had cerebral palsy, 
resulting in hand tremors and difficulties with fine motor control; 
one participant had poliomyelitis with paraplegia; two participants 
had facial paralysis on the left side due to stroke and brainstem 
tumor, respectively; and one participant had arthritis combined 
with transverse myelitis. Five participants relied on wheelchairs for 
mobility, and two participants reported speech difficulties due to 
cerebral palsy, although these did not interfere with participation 
in the user study. Seven participants had prior experience using 
above-neck gestures for device control, and all participants were 
proficient in using flat-screen devices such as smartphones and 
computers. Table 1 summarizes participant demographics. 

For Group B, we recruited 11 individuals (7 male, 4 female) with-
out movement impairments from universities, the community, and 
online social media, aiming for a demographic profile similar to 
that of Group A. All participants are Asian. The demographic char-
acteristics of Group B are detailed in Table 2. 

3.3 Gesture Collection and Selection 
To construct a comprehensive and diverse gesture set, we conducted 
a systematic review of over a decade of literature on above-neck 
gesture interfaces, including facial, head, gaze, cheek, and tongue-
based gestures from ACM Library and IEEE Xplore. This review 
encompassed studies on standard, customised, and user-defined 
facial gestures, from which we initially extracted over 70 candidate 
gestures. To refine the set for experimental use, we applied several 
filtering criteria. First, we prioritised gestures with high frequency 
of use across prior systems to ensure ecological validity. Second, 
where gesture labels varied across sources (e.g., “smile” vs. “raise 
mouth corners”), we normalised terminology based on the under-
lying physical movement rather than affective intent. Third, we 
merged gestures with highly similar kinematic forms (e.g., “upper 
eyelid raise” and “wide open eyes”) under unified labels. To en-
sure reliable detection and reduce participant burden, we excluded 
multi-bit or composite gestures, visually ambiguous gestures, and 
gestures that fell outside the user’s visual field (e.g., sequential gaze 
paths, complex tongue motions). After filtering, we retained 37 
one-bit or zero-bit gestures, which constitute the final gesture set 

used in our study. The full list of gestures retained after filtering, 
along with their categorisation and prior usage, is provided in Ap-
pendix B (Table 6). For each gesture, we prepared a short video clip 
used during the study to illustrate the intended motion; details of 
clip preparation and validation are provided in Appendix C. 

3.4 Experimental Procedure 
Participants were seated or reclined in front of a webcam (30 fps) in 
a controlled environment. Each of the 37 gestures was demonstrated 
using visual examples, after which participants were asked to repli-
cate the gesture. During each gesture task, participants completed 
a self-evaluation on an 8-point Likert scale (1 = completely failed, 
8 = perfect success), rating how successfully they believed they 
had performed the gesture. Ratings of 5 or higher were treated as 
self-perceived successful executions. These results were considered 
a self-perceived success. We used an even-numbered scale to avoid 
a neutral midpoint, which prior work has shown can function as 
a dumping ground for uncertainty and introduce additional mea-
surement error [16, 51, 66, 101]. This design also aligns with prior 
facial-gesture elicitation studies that employ multi-point Likert-
type scales to capture users’ perceived execution quality [112]. 
Each gesture trial was followed by a short interview to gather open-
ended feedback on participants’ perception of the gesture. This 
process was repeated until all gestures had been completed. All 
sessions were video-recorded. 

3.5 Recognition Models and Apparatus 
We employed two facial-analysis pipelines with distinct design 
goals: MediaPipe Face Mesh1 [61] and OpenFace 3.02 [45], enabling 
complementary analysis of practical recognition behaviour and 
underlying motor execution. 

MediaPipe represents a deployed, lightweight recognition sys-
tem commonly used in real-time mobile and assistive applications, 
providing real-time facial-landmark tracking and activation signals 
for several facial gestures (e.g., MouthSmileLeft, MouthSmileRight). 
Because MediaPipe has been widely adopted in mobile and assis-
tive technologies [7, 18, 36, 47, 59, 71, 76], including accessibility-
oriented interaction systems such as Google’s Project Gameface,3 

we used its gesture outputs as our primary measure of recogni-
tion accuracy. OpenFace 3.0 provides detailed, interpretable mea-
surements of facial muscle activation at the sensorimotor level, 
including intensity estimates for eight FACS Action Units (AU01, 
AU02, AU04, AU06, AU07, AU10, AU12, AU14), along with 68-point 
landmarks and head-pose parameters. We used OpenFace as a sec-
ondary recognition channel by directly analysing its AU intensity 
outputs to indicate gesture activation, without applying additional 
learning or threshold optimisation. All MediaPipe and OpenFace 
components were used with default pretrained weights and without 
fine-tuning. 

Although both systems internally rely on facial landmarks, they 
expose different representational levels. MediaPipe outputs light-
weight activation signals and dense geometric landmarks, whereas 
OpenFace converts landmark motion into semantically interpretable 

1https://github.com/google-ai-edge/mediapipe
2https://github.com/CMU-MultiComp-Lab/OpenFace-3.0
3https://blog.google/innovation-and-ai/products/google-project-gameface/ 
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Table 1: Demographic details about the participants with upper limb impairments (Group A) [1] Ir = Irreversible Diseases; Pr = 
Progressive diseases; Fa = Rapid fatigue; Dig = Difficulty gross motor; Dif = Difficulty fine motor; Tre = Tremor; [2] • means 
YES, - means No 

Participant Health condition Since Ir Pr Fa Dig Dif Tre 
P1(32, Female) SMA II 6 months old • • • • • -
P2(31, Male) C1 Spinal Cord Injury 10 years ago • - • • • • 
P3(36, Female) C5 Spinal Cord Injury 5 years ago • - • • • -
P4(18, Female) Stroke(hemiplegia) 5 years ago • - • • • -
P5(32, Male) Right Brainstem Tumor(hemiplegia) 3 years ago - - • - • -
P6(26, Male) Cerebral palsy born • - • • • -
P7(36, Female) T1-T4 spinal cord injury 5 years ago • - • • - -
P8(31, Male) Poliomyelitis and Paraplegia 28 years ago - • • • - -
P9(33, Male) Cerebral Palsy born • • - • • • 
P10(28, Male) Cerebral palsy born • - • • • • 
P11(24, Female) Transverse Myelitis 10 years ago • - • - • -

Table 2: Demographic details about the participants without 
upper limb impairments (Group B) 

Participant Age Sex Health condition 
Pb1 28 Male no motor disorder 
Pb2 27 Male no motor disorder 
Pb3 30 Male no motor disorder 
Pb4 57 Female no motor disorder 
Pb5 30 Male no motor disorder 
Pb6 21 Male no motor disorder 
Pb7 37 Male no motor disorder 
Pb8 57 Male no motor disorder 
Pb9 29 Female no motor disorder 
Pb10 35 Female no motor disorder 
Pb11 24 Female no motor disorder 

FACS AU intensities. Analysing both pipelines therefore enables a 
cross-model robustness check: if similar mismatch patterns arise 
across both systems, they are unlikely to be model-specific and 
instead reflect structural limitations in current facial gesture recog-
nition pipelines. 

3.6 Data Processing and Feature Extraction 
To prepare the behavioural and recognition signals used in our 
analyses, as well as support downstream fairness evaluation, we 
collected four types of data: (1) recognition outputs from mod-
els, (2)participant self-evaluation scores, (3) motion trajectories 
extracted from models, and (4) participants’ qualitative perception 
accounts 

Recognition outputs. Recognition accuracy was computed per 
gesture participant using two independent pipelines: (a) MediaPipe 
gesture activations and (b) OpenFace AU-based gesture detection. 
MediaPipe-provided gestures (e.g., Blink, MouthSmileLeft) were 
taken directly from its activation outputs. For gestures not included 
in MediaPipe’s default gesture set (e.g., Raise Mouth Corners), we 
constructed operational gesture definitions using the semantic acti-
vation signals exposed by MediaPipe (e.g., Mouth Smile Left + Mouth 
Smile Right). These definitions follow the underlying (1) published 

AU–gesture correspondences in FACS literature [25, 109];(2) the 
official demostration documented in MediaPipe’s introduction 4 

and developer documentation [37, 61]; and (3) prior accessibility 
and facial-gesture–interaction work that composes AU signals into 
gesture-level definitions. [39, 83, 112] and are detailed in Appen-
dix D. OpenFace-based recognition was computed by thresholding 
the AU intensities (confidence scores) associated with each ges-
ture, according to our predefined AU–gesture mapping. The full 
operational definitions for gesture computation are detailed in Ap-
pendix D. 

Participant self-evaluation scores. After each gesture attempt, 
participants rated their perceived execution quality on an 8-point 
Likert scale (1 = “not successful at all,” 8 = “fully successful”). The 
self-evaluation scores capture participants’ internal perception of 
gesture completion independent of model output, providing an es-
sential user-centric reference for interpreting intention–recognition 
mismatches. 

Motion-trajectory analysis. To characterise how gestures were 
physically executed, we analysed temporal AU intensity traces 
(OpenFace) and landmark trajectories (MediaPipe) across the du-
ration of each gesture. For each gesture instance, we extracted 
measures of amplitude (peak activation or displacement relative to 
baseline), duration (time from gesture onset to offset), and direc-
tional deviation (e.g., left–right asymmetry computed from bilateral 
AU or landmark differences). These motion features were used to 
identify sensorimotor patterns underlying recognition failures, such 
as low-amplitude execution, unstable timing, or directional drift. 

Quantitative analysis. We compared group-level recognition 
accuracy and self-evaluation scores between participants with mo-
tor impairments and non-impaired controls. We tested between-
group differences using two-sample (unpaired) 𝑡-tests for aggre-
gated outcomes (e.g., overall accuracy and self-evaluation). For 
gesture-wise comparisons across the 37 gestures, we used Mann-
Whitney U tests (Wilcoxon rank-sum). To account for multiple 
comparisons, we applied Benjamini-Hochberg false-discovery-rate 
(FDR) correction (q = .05), reporting raw 𝑝-values in the main text 
and FDR-adjusted values in the appendix tables. 

4https://codepen.io/mediapipe-preview/pen/OJBVQJm 
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Qualitative analysis. Qualitative data were analysed using 
directed content analysis. Two independent coders reviewed tran-
scribed interviews to identify and code instances related to pro-
prioceptive difficulty, directional disorientation, and gesture inter-
pretation. Inter-coder agreement was assessed at the code level, 
achieving Cohen’s 𝜅 = 0.69, after which disagreements were re-
solved through discussion. 

3.7 Ethical Considerations 
The study was approved by the ethics committee of the University 
of Bristol. All participants were informed of their rights, including 
the right to withdraw. Data were anonymised and securely stored 
in an encrypted database in the University of Bristol. 

4 FairGesture: A Diagnostic Auditing Method 
FairGesture integrates three complementary evidence sources: Per-
ception Gap (PG), landmark-based motion dimensions, and partici-
pants’ perception accounts into a coherent diagnostic method for 
interpreting intention–recognition misalignment. PG highlights 
where mismatches occur, motion-dimension analysis characterises 
how gesture execution diverges from canonical templates, and par-
ticipant accounts reveal why certain motions felt successful to 
users. Together, these components identify where and why gesture 
systems misinterpret users’ intent, supporting researchers and de-
velopers in uncovering potential allocative harms that arise from 
reliance on normative motor patterns. 

4.1 Perception Gap 
To quantify misalignment between human intent and algorithmic 
recognition, we define the Perception Gap (PG) as the difference 
between self-perceived success and model recognition confidence: 

PG𝑖 = SelfEval𝑖 − Accuracy𝑖 , 

where SelfEval𝑖 denotes the participant’s perceived success. Accuracy𝑖 ∈ 
[0, 1] denotes the recognition confidence output by the model. Be-
cause our study used an 8-point self-evaluation scale (1–8), we 
linearly map self-evaluation scores to [0, 1]: 

PG𝑖 = 
SelfEval𝑖 − 1 

7 
− Accuracy𝑖 . 

Here, SelfEval𝑖 ∈ [1, 8] is linearly scaled to [0, 1] by subtracting 
1 and dividing by 7. 

A positive PG indicates that the user felt more successful than 
the model acknowledged, revealing potential failure interaction 
and ability-sensitive allocative risk. A negative PG indicates that 
the system recognised a gesture the user believed was unsuccess-
ful, often linked to proprioceptive uncertainty .These cases do not 
constitute allocative harm and are therefore treated as secondary 
signals. PG is a continuous, descriptive measure, and the heatmap vi-
sualisation [46] allows us to observe salient distributional patterns, 
including (1) group-level divergence (e.g., consistently positive PGs 
in Group A but neutral in Group B), (2) cross-gesture and cross-
model consistency (e.g., the same gestures showing positive PGs 
across both MediaPipe and OpenFace), and (3) within-group clus-
tering (e.g., concentrated positive PGs for eye gestures in Group 
A). These distributional patterns align with later trajectory-level 

deviations and participants’ perception accounts, strengthening 
their interpretive significance. 

4.2 Motion-Trajectory Analysis for Diagnosing 
Sensorimotor Mismatch 

To understand the motor sources of intention–recognition mis-
matches, FairGesture analyses gesture execution using landmark-
based motion trajectories derived from MediaPipe. Our approach 
is grounded in established models of facial movement and motor-
control variability [19, 20, 82, 100]. For each gesture instance, we 
use four fundamental motion dimensions as diagnostic lenses for 
interpreting how users’ physical execution may diverge from the 
canonical templates implicitly assumed by recognition models: 

(1) Amplitude Dimension — magnitude of landmark displace-
ment relative to baseline (e.g., the amplitude of lip-corner el-
evation, brow raise). Reduced amplitude can reflect effortful 
yet low-intensity gestures that fall below model thresholds. 

(2) Direction Dimension — Captures the orientation of the 
movement vector, including asymmetry, lateral drift, and 
left–right reversals. Directional deviation often leads recog-
nisers trained on canonical, high-consistency motion to mis-
interpret the gesture. 

(3) Temporal-Dynamics Dimension — Describes timing prop-
erties, such as onset speed, peak timing, duration, and intra-
gesture stability. Slow onset, delayed peaks, or oscillatory 
motion can conflict with recognisers that assume temporally 
stable activation windows. 

(4) Activation-region Dimension — Identifies which facial 
subregions are recruited when producing the gesture (e.g., 
cheek activation instead of brow activation). This allows us to 
detect compensatory or non-canonical activation pathways 
that recognisers may not be trained to interpret. 

These features provide a physiologically grounded representa-
tion of how users execute gestures, enabling systematic comparison 
across groups and gestures. Trajectory analysis forms the motion-
level evidence used later to interpret Perception Gap (PG) patterns. 

4.3 Participant Perception Accounts as 
Interpretive Evidence 

As part of FairGesture’s triangulation pipeline, we incorporate par-
ticipants’ accounts of their perceived gesture execution to contex-
tualise motion patterns and PG values. After each gesture trial, 
participants provided a brief open-ended reflection describing how 
the gesture felt, which muscles they believed they activated, and 
whether their execution aligned with their intention, following a 
consistent prompt. We applied a focused content-analysis proce-
dure. Two coders independently annotated statements related to 
proprioceptive confidence, directional certainty, perceived ampli-
tude, and compensatory muscle use; disagreements were resolved 
through discussion. These qualitative insights contextualise the 
quantitative mismatches and help explain why PG-identified ges-
tures diverged along the four motion-dimension foundations (ampli-
tude, direction, temporal dynamics, activation region), complement-
ing trajectory-level observations with participants’ own accounts 
of perceived execution. 



Beyond Accuracy: Auditing Allocative Harms in Facial-Gesture Recognition for People with Motor Impairments CHI ’26, April 13–17, 2026, Barcelona, Spain 

4.4 Actionable Auditing Assets 
To support adoption, we release several actionable auditing assets: 

(1) Perception Gap computation scripts (Python) 
(2) Heatmap visualisation tool for group- and gesture-level 

disparity inspection 
(3) Trajectory viewer for AU and landmark time-series inspec-

tion 
(4) Interpretive checklist to help developers diagnose mis-

matches 

5 Results 
This section presents our mixed-methods analysis of gesture recog-
nition performance, user perception, and sensorimotor character-
istics across participants with and without motor impairments. 
We report both quantitative recognition outcomes and qualitative 
explanations for the intention-recognition mismatch, structured 
across model performance, user self-evaluation, gesture trajectory 
deviations, and user-reported difficulties. 

5.1 Recognition Accuracy by Group 
We report recognition outcomes for both MediaPipe and Open-
Face. MediaPipe outputs serve as our primary accuracy measure 
given their deployment relevance, while OpenFace provides an 
independent AU-based perspective. Reporting both allows us to ex-
amine whether mismatches are model-specific or consistent across 
architectures. 

The recognition accuracy from MediaPipe varied significantly 
between the two groups of participants. As shown in the heatmap 
in Figure 2 and Figure 3 the model achieved an average accuracy 
of 56.2% (± 26.8%) for gestures performed by Group A (motor-
impaired participants), compared to 74.8% (± 16.5%) for Group B 
(non-impaired). A two-sample t-test on participant-level means 
confirmed a significant group difference (𝑝 < .0001). 

The accuracy also varied by gesture. Gestures involving small, 
localized movements, e.g., LeftWink and RightWink, had the lowest 
recognition rates in both groups, but especially in Group A (22.9%, 
24.6%). In contrast, large or symmetric gestures such as PuckerLips 
and RaiseEyebrows exceeded 80% accuracy in Group A and 95% in 
Group B. To examine gesture-wise group differences, we conducted 
Mann–Whitney U tests across all 37 gestures comparing Group A 
and B. Recognition accuracy differed significantly (𝑝 < 0.05) on 26 
gestures, most notably those involving lateral asymmetry or slow 
onset (e.g., Move Head Backward, Move Jaw Forward). Table 9 in the 
Appendix shows the accuracy comparison between the two groups 
for each gesture. 

In addition, the results of OpenFace 3.0 clearly show that Open-
Face 3.0 exhibits a pattern consistent with MediaPipe, demonstrating 
statistically significant fairness issues. For PwM, the mean recogni-
tion accuracy was 53.94%, significantly lower than for able-bodied 
users (77.03%), with 𝑝 = 0.0049. Detailed results are provided in 
Table 8 in the Appendix. This cross-model consistency suggests 
that the observed mismatches are not tied to a specific recognition 
architecture but reflect broader limitations in current facial-gesture 
pipelines. 

To supplement the gesture-level visualisations, Table 3 sum-
marises the group-level means and standard deviations for recog-
nition accuracy from MediaPipe. For reference, the corresponding 
self-evaluation scores and perception gap values are also reported 
in the table and discussed in the following sections. 

5.2 User Self-Evaluation and Perceived 
Competence 

Participants in Group A reported a mean self-evaluation score 
of 7.00 (±1.85), while those in Group B averaged 7.54 (±0.98), 
indicating broadly comparable levels of reported gesture confidence. 
However, the greater variability observed in Group A suggests more 
heterogeneous experiences of perceived motor competence. 

Within Group A, lower self-evaluation scores were concentrated 
in eye-related gestures (e.g., Open Left Eye, Open Right Eye) and cer-
tain head movements among participants with more severe motor 
impairments. By contrast, gestures involving mouth movements 
(e.g., Raise Mouth Corners, Depress Mouth Corners) were more fre-
quently rated as successfully executed (self-evaluation ≥ 5), even 
when recognition accuracy was inconsistent. 

In Group B, self-reported unsuccessful gestures were more evenly 
distributed across facial regions and exhibited closer correspon-
dence with recognition accuracy patterns. These results indicate 
that perceived performance in Group A varies across gesture types 
and body regions. Table 10 in the Appendix provides gesture-level 
self-evaluation comparisons between the two groups. 

5.3 Perception Gap and Misalignment Analysis 
To quantify intention–recognition misalignment beyond raw ac-
curacy, we compute a Perception Gap (PG) score for each gesture 
trial, defined as the difference between the user’s normalised self-
evaluation (scaled to [0, 1]) and the model’s recognition outcome. 
We interpret PG magnitude in terms of its distributional patterns 
across gestures and user groups. A positive PG identifies cases 
where users believe they executed the gesture successfully but the 
system failed to recognise it; such cases correspond to the critical al-
locative harm scenario examined in this work. A negative PG value 
reflects the opposite pattern: the system recognises a gesture that 
users believe they performed unsuccessfully. While informative as 
a perceptual discrepancy, often tied to proprioceptive uncertainty, 
these negative PG cases do not constitute allocative harm and are 
therefore treated as secondary signals. 

A complementary binary mismatch analysis further reinforces 
this pattern of disproportionate misalignment. In Group A, only 
75.8% of trials aligned with the model output, and among all mis-
matches, 87.1% were overestimations—cases where participants 
believed they had successfully executed the gesture but the recog-
niser failed to detect it. By contrast, Group B exhibited a substan-
tially higher 95.7% alignment rate, with mismatches more evenly 
distributed between over- and underestimation. These quantitative 
differences indicate that Group A experiences systematic inten-
tion–recognition disagreement rather than isolated mismatches. A 
Mann–Whitney U test comparing PG distributions between groups 
further confirmed significantly greater misalignment in Group A 
(𝑈 = 92417.5, 𝑝 = .0042). Table 11 in the Appendix compares 
gesture-level alignment metrics between the two groups. Multiple 
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Table 3: Group-level comparison of recognition accuracy, self-evaluation scores, and perception gap. Means and standard 
deviations are reported, along with statistical test results and p-values. Match rate indicates the percentage of gestures where 
participant self-evaluation agreed with model recognition. 

Metric Group A (M ± SD) Group B (M ± SD) Test p-value 

Recognition Accuracy (%) 56.2 ± 26.8 74.8 ± 16.5 𝑡 (20) = −11.87 < .0001 
Self-Evaluation Score (1–8) 7.12 ± 1.74 7.54 ± 0.99 𝑡 (20) = −4.24 < .0001 
Perception Gap (scaled) 0.31 ± 0.25 0.19 ± 0.20 𝑈 = 92417.5 = .0042 

Match Rate (%)(over/under) 75.8 (21.1 / 3.1) 95.7 (2.8 / 1.5 ) – – 

comparisons were corrected using Benjamini–Hochberg FDR (q = 
.05). FDR-adjusted values are provided in Tables 9 and 10. 

Figure 2 (right) and Figure 3 (right) visualise the distribution of 
PG across the gesture set. For non-impaired participants (Group B), 
PG values cluster tightly around zero, indicating strong alignment 
between perceived success and model recognition. Small pockets of 
negative PG suggest occasional underestimation (e.g., Brow Raise), 
but these instances are isolated rather than systematic. In contrast, 
Group A exhibits broad and structured regions of positive PG. These 
clusters appear most prominently in gestures involving directional 
isolation (Close Left Eye), fine motor articulation (Eye Look Up Squint 
Eyes), and complex multi-muscle coordination (Raise/Depress Mouth 
Corners, Jaw Forward). In these gestures, participants consistently 
rated their execution as successful, yet the recogniser repeatedly 
failed to detect the intended motion. Such patterns reflect systematic 
barriers to interaction rather than isolated classification errors. 

5.4 Trajectory-Based Analysis of Mismatched 
Gestures 

To further understand why intention–recognition mismatches arise, 
we analysed landmark-based motion trajectories for gestures with 
high Perception Gap (PG). We examined mismatches through four 
fundamental motion dimensions commonly used in modelling facial 
movement: amplitude, direction, temporal dynamics, and activa-
tion region (Table 4). These dimensions capture how a gesture 
unfolds physically and provide a neutral lens for diagnosing di-
vergence from the canonical motion templates that recognition 
models implicitly assume. Across participants with motor impair-
ments (Group A), we observed recurring forms of mismatch along 
these dimensions, whereas such deviations were rare in Group B. 
Figure 4 visualise representative exemplar trajectories of different 
dimensions, with extended plots in Figure 7 in Appendix G. 

Mismatch along the Amplitude Dimension was commonly 
observed in many Group A trials. Gesture trajectories often ex-
hibited the correct overall shape but with substantially reduced 
magnitude, resulting in landmark displacements that fell below 
the model’s recognition thresholds. Despite this, participants fre-
quently rated these gestures as successful, indicating that the move-
ments felt complete from their perspective. This mismatch arose 
because diminished muscular activation led to insufficient AU sig-
nal strength for reliable recognition. For example, P4, a participant 
with hemiplegia, attempted “Raise Mouth Corners” exhibited lim-
ited movement amplitude of the right mouth corner (Figure 4 (a)) 
and was frequently misrecognised as “Raise Right Mouth Corner.” 

Directional Deviations reflected left–right disorientation or 
asymmetric motor control. In one case, P11’s “Left Wink” ges-
ture (Figure 4 (b)) was misclassified due to unintended activation 
in the opposite eye region. 

Speed/Timing Mismatch arose from delayed initiation or un-
stable execution. P6’s “Right Wink” gesture (Figure 4 (c)), for in-
stance, had a prolonged onset and was mistakenly interpreted by 
the system as a “Close Right Eye”. 

Body Region Shifts occurred when compensatory movements 
redirected the activation locus away from the intended region. In 
P10’s “Move Jaw Forward,” (Figure 4 (d)) involuntary engagement 
of the cheeks and upper lips caused the gesture to be misclassified, 
revealing how compensatory behaviour can confound recognition. 
These trajectory-based analyses provide concrete evidence that 
sensorimotor diversity manifests in distinct, classifiable ways that 
challenge current recognition systems. They also underscore the 
need for models that can accommodate non-normative execution 
patterns rather than rejecting them as noise. 

5.5 Qualitative Insights from Participants 
Participants’ reflections shed light on the subjective motor experi-
ences that shaped how they approached and evaluated facial ges-
tures. Table 5 summarises representative links between participant 
feedback, recognition outcomes, and the underlying assumptions 
encoded in current gesture recognisers. 

Impaired sensorimotor awareness. Many participants strug-
gled to perceive their own facial movements, often seek external 
validation to confirm if a gesture had occurred (e.g., “Did I move 
my eyebrows?”). This lack of real-time feedback introduced doubt 
and inconsistency in their execution. This uncertainty often led 
them to rely on effort rather than outcome. 

Spatial disorientation. Another phenomenon was spatial dis-
orientation, particularly in distinguishing left from right. Such con-
fusion impacted gestures like winks or lateral eye movements and 
sometimes led to directional misalignment. This perceptual ambigu-
ity aligns with directional drift observed in trajectory analysis and 
explains why users confidently but incorrectly reported directional 
success. 

Motor coordination difficulties. In addition, participants de-
scribed difficulty controlling small, localised muscle groups, partic-
ularly during gestures requiring isolated movement without unin-
tended co-activation(e.g., tongue gestures), which often resulted in 
unintended co-movements of adjacent muscles or regions. These 
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Figure 2: Recognition accuracy, self-evaluation, and perception gap for Group A (motor-impaired). Heatmaps show model 
accuracy (left), user self-evaluation (centre), and the resulting Perception Gap (right). Cooler colors represent higher values for 
accuracy and self-evaluation; in the PG map, warmer colors indicate positive gaps in which users perceived success but the 
recogniser failed to detect the gesture. Group A displays substantially lower and more variable recognition accuracy, greater 
spread in self-evaluation, and broad clusters of positive PG values, indicating systematic intention–recognition misalignment. 

perceived coordination constraints correspond to the temporal in-
stability and region-shift patterns identified in motion traces. 

Diversity in gesture interpretation. Finally, we also observed 
divergent interpretations of what constitutes a gesture. Participants 
often enacted gestures based on their own embodied histories rather 
than on normative definitions used by recognition models. For 
example, participant P1, who has SMA II and is unable to lift the 
corners of her mouth due to muscle atrophy, described her smile 
as a “lip stretch,” whereas most models, such as MediaPipe [61], 
associate “Mouth Smile” with “Raise Mouth Corner.” 

Together, these qualitative accounts help explain why many ges-
tures that felt intentional, effortful, and complete to participants 
were nonetheless misrecognised by the system. Rather than re-
flecting user error or misunderstanding, these accounts indicate 
that participants often relied on embodied cues, such as perceived 
effort, muscle tension, or habitual movement patterns, that are 
not directly observable to recognition models. By articulating how 
gestures were perceived, executed, and interpreted by users them-
selves, these insights contextualise the Perception Gap patterns 
and trajectory deviations reported earlier, grounding them in par-
ticipants’ sensorimotor constraints and perceptual strategies. In 
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Figure 3: Recognition accuracy, self-evaluation, and perception gap for Group B (non-impaired). Heatmaps follow the same 
layout as Group A: accuracy (left), self-evaluation (centre), and Perception Gap (right). Group B shows consistently high 
accuracy and confidence, with PG values clustering tightly around zero and only small, isolated deviations. Unlike Group A, no 
systematic positive PG regions emerge, indicating strong alignment between perceived execution and model recognition. 

Table 4: Examples of Intention–Recognition Mismatch Cases. Each row highlights a gesture performed by a motor-impaired 
participant that was misrecognised despite a high self-evaluation score. AU = Action Unit. Related trajectories shown in Figure 4 
(a)–(d). 

Error Type Gesture Track Participant Intention Recognition 

Amplitude Figure 4 (a) P4 (Hemiplegia) Raise Mouth Corners Raise Right Mouth Corner 
Direction Figure 4 (b) P11 (Transverse Myelitis) Left Wink Right Wink 
Speed Figure 4 (c) P6 (Cerebral palsy) Right Wink Close Right Eye 
Region Shift Figure 4 (d) P10 (Cerebral palsy) Move Jaw Forward Pucker Mouth 
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Figure 4: Representative gesture trajectories illustrating mismatches. Each pair compares Group B (top row) and A (bottom 
raw) trajectories across four error axes: (a) amplitude, (b) direction, (c) speed, and (d) body region activation. 

Table 5: Linking participant feedback with recognition errors and algorithmic implications. Quotes highlight how user intent 
diverges from system assumptions. 

User Feedback Recognition Outcome Implication for Models 

“Did I move my both sides?” Not recognised (low AU) Thresholds too strict for low-amplitude input 
“I am confused of left and right” Misclassified direction Lacks tolerance for directional ambiguity 
“I can’t do it so precisely.” Gesture not accepted Overfitted to rigid, idealized motion patterns 
“This is my smile looks like.” Misrecognised or ignored Treats atypical expressions as invalid 

this way, participant accounts provide critical interpretive evidence 
for understanding intention–recognition mismatches beyond what 
recognition metrics alone can reveal. Extended qualitative examples 
and trajectory-level evidence are provided in Appendix H. Building 
on these empirically grounded findings, we further abstract recur-
ring patterns into a set of higher-level algorithmic failure modes in 
Appendix I. 

6 Discussion 

6.1 Reframing Recognition into Sensorimotor 
Alignment 

Our findings suggest that conventional accuracy metrics are in-
sufficient to characterise performance for facial-gesture interfaces 
used by people with motor impairments. Perception Gap (PG) anal-
ysis and trajectory inspection reveal systematic misalignment be-
tween user intention and model interpretation. Rather than treating 
these failures as isolated misclassifications, we argue that they re-
flect a sensorimotor alignment problem: recognition pipelines are 
implicitly tuned to canonical movement patterns and intact pro-
prioception, while many users rely on atypical, asymmetric, or 
compensatory motor strategies. This perspective helps reconcile 
two seemingly contradictory observations. On the one hand, partic-
ipants with motor impairments often reported high confidence in 
their gesture execution; on the other, models consistently rejected 
or misinterpreted those gestures. PG makes this misalignment mea-
surable, and motion-dimension analysis shows that it is not random 
noise but linked to characteristic differences in amplitude, direction, 
temporal stability, and activation region. In this sense, “accuracy” is 
not simply a property of the model but of the relationship between 
a model’s assumptions and a user’s motor repertoire. 

6.2 From Perception Gap to Ability-Sensitive 
Allocative Harm 

Recognition errors in facial-gesture interfaces do not merely re-
duce technical performance, they carry ability-sensitive allocative 
consequences. Participant P10, who has strabismus, described his 
experience with face-based authentication on his mobile phone: 
when he intends and genuinely believes he has performed “look 
left,” but the system repeatedly fails to recognise it (mismatch → 
failed recognition), he is unable to access his financial app despite 
multiple attempts (failed recognition → reduced access). This sub-
stantially disrupts his daily life (reduced access → allocative harm). 
In this interaction, he expends far more effort than other users yet 
receives no effective feedback or successful outcome. 

Existing gesture recognisers implicitly encode normative as-
sumptions about amplitude, symmetry, temporal stability, and mus-
cle recruitment—assumptions learned from datasets that lack motor-
diverse facial gestures. As a result, P10’s strabismus-related gaze 
patterns fall outside the model’s representational space. These as-
sumptions systematically penalise genuine but non-canonical mo-
tor expressions, such as P10’s non-standard rightward gaze. These 
recurring failures directly translate into reduced access: the user 
cannot trigger commands, navigate interfaces, make selections, or 
confirm actions, even when exerting maximal effort and believ-
ing the gesture was successfully executed. The system effectively 
withholds opportunities, functionality, or access from a specific abil-
ity group, thereby constituting allocative harm. Unlike previously 
documented demographic allocative harms, these harms are ability-
sensitive: they arise from users’ diverse motor and proprioceptive 
profiles and the model’s failure to adapt to them. 
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6.3 Implications for Inclusive Model, Dataset 
and Interface Design 

By reframing recognition errors through the lens of ability-sensitive 
allocative harm, our analysis highlights that improving accessibility 
requires aligning recognition behaviour with the ways users can 
and do express intent. In the following, we organise these implica-
tions across model, data, and interface design considerations. 

6.3.1 Data and Model Implications. To translate Perception 
Gap (PG) analysis into concrete improvements, we propose sev-
eral dataset-centric strategies aimed at enhancing the inclusivity 
of recognition systems. These strategies use PG distributions not 
merely as a diagnostic tool, but as a guide for principled interven-
tion in data composition and model training. 

Targeted personalisation via Micro-Datasets. At the level of in-
dividual deployment, PG analysis enables efficient, user-specific 
adaptation. Instead of full retraining or large-scale data collection, 
the system can identify gestures with consistently high PG for a 
particular user and request a minimal micro-dataset (5–10 samples) 
only for those gestures. These samples can then support lightweight 
adaptation techniques, such as threshold calibration or parameter-
efficient fine-tuning. In this way, PG serves as a prioritisation signal 
that localises adaptation to a user’s unique motor profile, reducing 
burden while improving alignment for that individual. 

Strategic Sampling Informed by Perception Gaps. At the popula-
tion level, aggregated PG distributions reveal gesture classes that 
are systematically misrecognised across users with motor impair-
ments. Consistently positive PG clusters indicate categories where 
valid user intent is repeatedly rejected, signalling the need for ex-
panded sampling, reweighting, or targeted augmentation. Rather 
than indiscriminate data expansion, developers can prioritise under-
represented execution styles—such as low-amplitude movements, 
directionally unstable trajectories, or compensatory activation pat-
terns. This strategy aligns with fairness-aware data curation ap-
proaches [79], but grounds prioritisation in empirically observed 
misalignment patterns. 

Structuring Datasets by Motor-Complexity Tier. Recognizing that 
gesture execution varies naturally in complexity, we propose orga-
nizing datasets into explicit difficulty tiers. A three-tier structure: 
ranging from canonical, high-amplitude gestures, through moder-
ately variable ones, to highly variable or compensatory patterns, 
enables curriculum-style training. Models can first learn stable 
prototypes from clear examples before gradually generalizing to 
more diverse and challenging executions. This structuring datasets 
approach, proven in related machine-learning studies, builds robust-
ness and reduces brittleness when faced with out-of-distribution 
expressions [5, 95], enables models to progressively generalise from 
stable exemplars to more diverse and atypical executions. This ap-
proach explicitly acknowledges motor variability as a structured 
dimension of learning, rather than treating it as noise or out-of-
distribution artefacts 

6.3.2 Interface Design Implications. Beyond model- and data-
level improvements, the mismatches revealed by FairGesture point 
to several concrete interface-design opportunities for improving 
accessibility. 

Mirror Feedback. First, facial gestures differ from hand gestures 
in that most motion occurs outside the user’s visual field. Many par-
ticipants, especially those with reduced proprioceptive sensitivity, 
repeatedly reported uncertainty about whether they had executed 
a gesture correctly. Interfaces can therefore provide perceptual 
feedback or uncertainty visualisation to make system interpreta-
tion visible. Examples include a small, non-intrusive mirror widget 
showing the user’s live face, overlaid with landmarks or simpli-
fied motion traces, and confidence indicators that reveal how close 
the gesture is to being recognised. Such feedback can help users 
adjust their motion in real time and reduce intention–execution 
discrepancies. 

Intent-centric Personalisation. Second, interfaces can support 
intent-centric personalisation. Rather than requiring users to con-
form to canonical gestures, systems can treat stable, non-canonical 
expressions as valid personalised gestures. FairGesture diagnostics 
can guide this process by identifying gestures that are difficult for 
a given user and suggesting alternatives that better match their 
sensorimotor profile. During onboarding, the system could:(1) rec-
ommend gestures with consistently low PG for that user, (2) adjust 
decision thresholds to align with the user’s amplitude range, or 
(3) re-map gestures that exhibit consistent directional drift (e.g., 
treating a user’s midline “wink” as their personalised left-wink 
gesture). 

Taken together, these implications suggest that improving ges-
ture recognition accessibility is not a matter of isolated model fixes, 
but of aligning sensing, interpretation, and interaction with the 
ways users can and do express intent. FairGesture offers one step 
toward this alignment by making allocative harms visible and ac-
tionable, but the broader challenge lies in designing recognition 
systems that treat motor diversity as a first-class design constraint 
rather than an edge case. 

7 Limitations and Future Work 
This study focused on a limited population, excluding older adults 
and individuals with cognitive impairments. Our gesture set was 
constrained to primitive, visually discernible one-bit gestures, omit-
ting more complex multi-bit and intraoral actions due to ambiguity 
and limited proprioceptive feedback. We also note that our qualita-
tive annotations achieved moderate inter-rater agreement (Cohen’s 
𝜅 = 0.69), highlighting opportunities for refining annotation guide-
lines or incorporating complementary validation signals in future 
work. Future work will generalise FairGesture across models, espe-
cially vision-language models (VLMs), which have the potential to 
directly understand user gestures and provide more specific textual 
feedback. The triangulation-based diagnostic method could also 
be extended to other user groups to examine additional fairness 
challenges. 

8 Conclusion 
Through a mixed-methods analysis, we revealed systematic mis-
matches between user intention and model recognition in facial-
gesture interaction, driven by sensorimotor variability, perceptual 
ambiguity, and rigid algorithmic assumptions. Our findings show 
that these errors are not isolated, but reflect allocative harms embed-
ded in model design and training data. By combining self-evaluation, 
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recognition accuracy, and trajectory analysis, FairGesture enables 
interpretable fairness diagnostics and identifies gesture types most 
vulnerable to exclusion. This work reframes gesture recognition 
as a sensorimotor alignment problem and highlights the need for 
evaluation frameworks that better accommodate motor diversity. 
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A Sensorimotor Background 
Gesture-based interfaces rely not only on the user’s ability to per-
form a recognisable motion, but also on their internal capacity to 
perceive that motion accurately. In populations with motor impair-
ments, this perceptual ability is often disrupted. Understanding 
how individuals experience and evaluate their own motor actions, 
particularly in facial gestures, requires attention to the cognitive 
and physiological basis of motor perception. 

A.1 Proprioception and Motor Feedback 
Proprioception refers to the sense of the relative position and 
movement of one’s body parts, informed by sensory receptors in 
muscles, joints, and tendons [73]. It enables individuals to mon-
itor and adjust movement without relying solely on visual cues. 
In healthy users, proprioceptive signals allow for precise coordi-
nation and correction of facial gestures, such as blinking or brow 
movement [73]. However, in motor-impaired individuals, especially 
those with neurological disorders such as cerebral palsy, ALS, or 
muscular dystrophy, proprioceptive feedback can be degraded or 
delayed [32]. This can result in inaccurate internal representations 
of movement, leading to over- or under-estimation of gesture exe-
cution [84–86, 91]. 

A.2 Perceived Motor Competence in 
Motor-Impaired Populations 

Perceived motor competence (PMC) is the individual’s subjec-
tive awareness of their ability to perform a movement [22, 26, 88]. 
In rehabilitation science and developmental psychology, PMC is 
recognised as a critical factor influencing motivation, performance, 
and self-regulation in motor tasks [21, 57, 67]. For individuals with 
motor impairments, PMC may be compromised due to inconsis-
tent movement outcomes, reduced sensory feedback, or lifelong 
experiences of motor difficulty. 

In our study, this phenomenon emerged repeatedly in participant 
interviews. For example, P10 commented,“I tried moving my brows, 
but I’m not sure if both moved or just one,” while P1 noted, “I can’t 
tell if my smile counts, this is what my smile looks like.” These 
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statements reflect not only mechanical execution difficulties but 
also perceptual ambiguity: the inability to verify one’s own motor 
state in real time. Facial gestures are particularly vulnerable to such 
ambiguity because they often occur outside the user’s visual field 
and offer limited tactile or kinesthetic feedback. 

A.3 Implications for Gesture Recognition 
Gesture recognition models assume that users can reproduce spa-
tially consistent gestures that match learned patterns [110]. How-
ever, when proprioception and PMC are compromised, users may 
overestimate success even when motion trajectories deviate from 
canonical templates. These mismatches reflect allocative harms, 
which are not just failed recognition, but systematic exclusion due 
to unmodeled sensorimotor diversity. Our diagnostic method ad-
dresses this by aligning model interpretation with user experience 
through multi-level data: accuracy, perception, and gesture kine-
matics. 

B Facial Gesture Set 
This appendix provides a structured summary of the final facial 
gesture set used in our study, including gesture categories, associ-
ated interaction mappings, and prior evidence of user preference 
reported in the literature. Table 6 organises these gestures by facial 
region and action mode, and situates them within prior above-neck 
interaction research. 

C Video Clips for Gesture Set 
We created video clips (fig.5) for each gesture. All the video clips 
have been reviewed by two researchers to confirm they are clearly 
expressed and unambiguous. Then, these clips were tested by the 
MediaPipe Face Tracking API[61]. All the clips can be recognised as 
the corresponding gesture and achieve a confidence score over 0.6 
to ensure accurate recognition by the facial gestures and head pose 
gesture recognition API from MediaPipe. To facilitate participant 
understanding and reduce cognitive load associated with directional 
interpretation, all video clips were horizontally mirrored, allowing 
participants to perceive the gestures as if performed by themselves. 

D Gesture Operationalisation Rules 
This appendix documents the operational rules used to compute 
gesture activation for the two recognition pipelines evaluated in 
this study: MediaPipe-based gesture activations and OpenFace AU-
based recognition. The goal is to make the gesture definitions trans-
parent and reproducible, rather than to introduce additional mod-
elling or learning. 

MediaPipe exposes semantically defined activation signals for 
coarse facial actions (e.g., EyeBlinkLeft, MouthSmileLeft). For ges-
tures included in MediaPipe’s native gesture set, we directly used 
the provided activation outputs. For additional gestures not explic-
itly defined by MediaPipe, we derived operational definitions by 
combining these activation signals using fixed, rule-based compu-
tations. These MediaPipe-based computation rules are summarised 
in Table 7. No thresholds or parameters were adapted during the 
study. 

OpenFace provides per-frame AU intensity estimates. In our 
study, OpenFace outputs were used directly without additional rule-
based computation, except for eyebrow-raise gestures. Specifically, 
eyebrow raising was operationalised as max(AU1, AU2) to capture 
the stronger activation between inner and outer brow movements. 
No other aggregation or thresholding was applied to OpenFace AU 
signals. 

E Results of OpenFace 3 
At the time of submission, OpenFace 3.0 provides intensity esti-
mates for eight facial action units (AUs): AU1 (Inner Brow Raiser), 
AU2 (Outer Brow Raiser), AU4 (Brow Lowerer), AU6 (Cheek Raiser), 
AU9 (Nose Wrinkler), AU12 (Lip Corner Puller), AU25 (Lips Part), 
and AU26 (Jaw Drop). Based on prior literature and our formative 
investigation (Table 6), we found that AU6 (Cheek Raiser) and AU9 
(Nose Wrinkler) were rarely selected by users as intentional control 
gestures. We therefore focused our analysis on five AUs that better 
aligned with users’ preferred gesture semantics, covering mouth 
opening, mouth corner raising, eyebrow frowning, eyebrow raising, 
and jaw movement. The operational definitions used to compute 
these gestures from OpenFace outputs are detailed in Appendix D. 
Detailed quantitative results are reported in Table 8. 

F Per-Gesture Group Comparisons 
This section presents detailed comparisons between Group A (motor-
impaired) and Group B (non-impaired) on a per-gesture basis. We 
report gesture-level recognition accuracy, self-evaluation scores, 
and perception–recognition alignment statistics. Table 9 summa-
rizes the recognition performance across 37 gestures, highlighting 
significant disparities in accuracy between groups. Table 10 pro-
vides corresponding self-evaluation score comparisons, revealing 
subjective confidence trends. Table 11 reports gesture-level align-
ment metrics, including match rates and the prevalence of over-
and underestimation errors, offering a more granular view of how 
intention–recognition mismatches manifest across gestures. 

G Trajectory-Based Gesture Variation 
We generated illustrations based on the landmark trajectories to 
demonstrate the diverse gesture trajectories in Group A, thereby 
providing readers with an intuitive understanding of the variability 
of gestures among PwM. In these illustrations, the gesture motion 
trajectories directly mirror the landmark trajectories to objectively 
depict the gestures. To protect the participants’ privacy, a neutral 
outline was used for the head and facial features. Figures 6 (a’)–(e’) 
illustrate how landmark trajectories were rendered step by step to 
visualise gesture execution while preserving participant anonymity. 

We visualised the trajectories of 12 representative gestures that 
exhibited an intention-recognition mismatch in 7. These gestures 
were categorised based on key movement characteristics, includ-
ing amplitude (distance) differences, directional differences, speed 
differences, and differences in the activated body region. For com-
parison, we selected the trajectories with the highest recognition 
accuracy for the corresponding gestures in Group B. In each figure, 
the top row shows the trajectories from the control group, while 
the bottom row shows the trajectories of participants with motor 
impairments. 
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Table 6: Summary of Above-Neck Gestures Identified in Prior Literature 

Taxonomy Gestures Action Mode Related Interaction Interface User Preference 

Head Gesture 

Turn/Pitch Head Up one Tap, Flick, Scroll/Volume/Pan/Cursor Up, 
Drag, Previous container, Zoom in, Go 
forward 

[6, 11, 27, 41, 
113][56, 74, 76, 
81] 

[23, 43, 96, 108, 
112] 

Turn/Pitch Head Down one Drag, Next Container, Volume down, 
Scroll Down, Select, zoom out, cursor 
down, go backward 

[6, 11, 27, 41, 
56, 74, 76, 81, 
113] 

[43, 96, 108, 
112] 

Turn Head Left one Swipe/Pan/Cursor/Go to Left, Drag, 
Rotate, Open, Previous/Next but-
ton/target/app/screen, Pause/Hold 

[1, 53, 64, 98] 
[23, 96, 106, 

108, 112] 
Turn Head Right one Swipe/Pan/Cursor/Go to Right, 

Drag, Open, Next button/target/app, 
Pause/Hold, 

[1, 53, 64, 98] 
[23, 96, 106, 

108, 112] 
Roll/Tilt Head Left one Glid to Left, Swipe Left, Rotate, Home, 

zoom in, left mouse click, activate, go 
left 

[6, 30, 35, 74, 
113] [43, 96, 108, 

112] 
Roll/Tilt Head Right one Glid to Right, Swipe Right, Rotate, Home, 

zoom out, right mouse click, go right 
[6, 30, 35, 74, 
113] 

[43, 96, 108, 
112] 

Protrude Head one Zoom out, Next button, Open back-
ground, drag, hold, select,activate 

[35] [96, 108, 112] 

Retract Head one Zoom in, Previous Button, drag, se-
lect,activate 

[35] 
[96, 108, 112] 

Eyebrow Gesture 
Raising Eyebrows one Double Click [76] 
Frown Eyebrows one Go right [94] 

Blink Eyes one Open the App/System/Container, Next 
button, Lock, Tap, Screenshot, Change, 
Lock/Unlock, Select 

[28, 35, 41, 58, 
69, 70] 

[28, 96, 112] 

Left Wink one Volume down, Left Click, Go left, Acti-
vate 

[10, 58, 64, 98] 

Right Wink one Selection, Pause, Mouse Right Click, 
Point Right 

[28, 38, 58, 69, 
76, 81] [28] 

Eyelid Gesture 
Close/Shut Eyes zero Long press, Phone lock, initialize, stop, 

select 
[28, 56, 58, 75] 

[28, 96, 112] 
Close/Shut Left Eye zero - [28, 58] [28] 
Close/Shut Right Eye zero - [28, 58] [28] 
Squint / Squeez eyes zero Zoom out, Activate/Deactivate Scrolling [28, 58, 81] 

[28, 96, 112] 
Wide Open eyes Single Go Forward [24, 103] 

Eye Ball Gesture 

Eye Look Up One Scroll Up, Drag, Previous container, Go 
North/Forward, Rotate Up 

[12, 54, 69, 70, 
72, 77] [96, 112] 

Eye Look Down one Scroll Down, Drag, Next container, Go 
South/Backward, Rotate Down 

[12, 54, 69, 70, 
72, 77] [96, 112] 

Eye Look Left One Back, Swipe Left, Drag, Move to the 
previous/next/left screen/target/app, Go 
west/left, Rotate left 

[12, 54, 69, 70, 
72, 75, 77] [96, 
112] 

Eye Look Right One Forward, Swipe/Pan/Go/Rotate to Right, 
Drag, Move to previous/next/right but-
ton/app 

[12, 69, 70, 72, 
75, 77] 

[23, 96, 112] 

Cheek Gesture Puff Out Cheeks one Long Press [96] 

Mouth Gesture 

Flick, Go forward zero Selection,Go Backward [94] 
[13, 96, 112] 

Depress Mouth Corners zero Drag, Go right [94] [96, 112] 
Pucker/Frown Lips zero Volume Down [13, 96, 112] 

Suck Lips zero Volume Down [96, 112] 
Open Mouth zero Selection, Mouse Right Click,Shooting [40, 76, 81] 

[13, 96, 112] 
Tooth Gesture GrindTeeth zero Drag [34] 

[13, 96] 

Tongue Gesture 
Stick Tongue Out zero Zoom out, Drag, Volume up - [105] [13, 96] 

Stick Tongue Out Left zero - [13, 105] 
Stick Tongue Out Right zero - [13, 105] 

Jaw Gesture Move Jaw Forward zero Selection - [13] 

(a) Amplitude differences. (a1) and (a1’) are the ’turn heads up’ 
gestures of Pb9 and P8. (a1) shows a large-amplitude upward head 
tilt, recognised by the algorithm (Accuracy = 99.68%) and self rated 
highly (Self-score = 8). In contrast, (a1’) shows limited movement 
due to motor variability; it was not recognised (Accuracy = 23.53%), 
though participant P8 self-rated it as completed (Self-score = 8). 

(a2) and (a2’) show the gesture ’Raise eyebrows’ of Pb9 and P10. 
(a2) was recognised (accuracy = 92. 55%) and self-rated (self-score 

= 8). In (a2’), limited movement in the right eyebrow which due 
to muscle strength variation led to misrecognition as “Raise Right 
Eyebrow” (Accuracy = 62.43%); The accuracy of ”Raise Eyebrows“ 
is only 33.86%, participant P4 rated it as completed (Self-score = 
8). 

(a3) and (a3’) depict the “Raise Mouth Corners” gesture from Pb2 
and P4. (a3) was recognised (Accuracy = 91.57%) and rated highly 
(Self-score = 8). In (a3’), reduced amplitude due to proprioceptive 
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Figure 5: The video clips of Head Gestures. 

Table 7: AU-based Computation Rules for Gestures 

Gesture Computation Rule 

FrownEyebrows (browDownLeft + browDownRight) / 2 
BlinkEyes (eyeBlinkLeft + eyeBlinkRight) / 2 
LeftWink if eyeBlinkLeft > 0.5 > eyeBlinkRight, = eyeBlinkLeft, else eyeBlinkLeft - eyeBlinkRight 
RightWink if eyeBlinkRight > 0.5 > eyeBlinkLeft, = eyeBlinkRight, else eyeBlinkRight - eyeBlinkLeft 
CloseEyes max(eyeBlinkLeft, eyeBlinkRight) 
CloseLeftEye if eyeBlinkLeft > 0.5 > eyeBlinkRight, = eyeBlinkLeft, else eyeBlinkLeft - eyeBlinkRight 
CloseRightEye if eyeBlinkRight > 0.5 > eyeBlinkLeft, = eyeBlinkRight, else eyeBlinkRight - eyeBlinkLeft 
OpenLeftEye if eyeBlinkRight > 0.5 > eyeBlinkLeft, = eyeBlinkRight, else eyeBlinkRight - eyeBlinkLeft 
OpenRightEye if eyeBlinkLeft > 0.5 > eyeBlinkRight, = eyeBlinkLeft, else eyeBlinkLeft - eyeBlinkRight 
SquintEyes (eyeSquintLeft + eyeSquintRight) / 2 
WideOpenEyes (eyeSquintLeft_end + eyeSquintRight_end - eyeSquintLeft_start - eyeSquintRight_start) / ((eyeSquintLeft_end 

+ eyeSquintRight_end)/2) 
EyeLookUp (eyeLookUpLeft + eyeLookUpRight) / 2 
EyeLookDown (eyeLookDownLeft + eyeLookDownRight) / 2 
EyeLookLeft min(eyeLookOutLeft, eyeLookInRight) 
EyeLookRight min(eyeLookOutRight, eyeLookInLeft) 
PuffOutCheeks 1 - (cheekSquintLeft + cheekSquintRight) / 2 
RaiseMouthCorners (mouthSmileLeft + mouthDimpleLeft + mouthSmileRight + mouthDimpleRight) / 2 
DepressMouthCorners 1 - RaiseMouthCorners 
MoveJawForward (jawForward_end - jawForward_start) / jawForward_end 

differences led to misrecognition (Accuracy = 37.38%), although 
participant P4 self-rated it as completed (Self-score = 8). 

(b) Directional differences. (b1) and (b1’) show “Left Wink” 
from Pb3 and P11. The image of Figure (b1) was recognised (Accu-
racy = 81.76%) and self-rated (Self-score = 8). In (b1’), directional 
deviation due to left and right disorientation caused recognition fail-
ure (Accuracy = 0.09%), though participant P11 reported success 
(Self-score = 8). 

(b2) and (b2’) show “Eye Look Left” from Pb2 and P10. The image 
of (b2) was recognised (Accuracy = 96.34%) and self-rated (Self-score 
= 8). In (b2’), directional drift due to motor control diversity caused 
misrecognition (Accuracy = 21.50%), though participant P10 self-
rated it as completed (Self-score = 8). 

(b3) and (b3’) again show “Raise Mouth Corners” from Pb2 and 
P1. (b3) was recognised (Accuracy = 91.57%) and self-rated (Self-
score = 8). In (b3’), direction was limited due to strength asymmetry, 
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Table 8: OpenFace 3.0 action unit activation values for facial gestures across participants. 

Participants RaiseEyebrows (max(AU1,AU2)) FrownEyebrows (AU4) RaiseMouthCorners(AU12) OpenMouth(AU25) 

P1 0.813158 0.947782 0 0.997394 
p2 0.881189 0.995293 0.0104065 0.996935 
p3 0.115445 0.0373973 0.0609479 0.997265 
p4 0.571817 0.220495 0.0153467 0.996642 
p5 0.993033 0 0.261731 0.998906 
p6 0.499899 0 0.739779 0.994848 
p7 0.699864 0.00160084 0.604374 0.997898 
p8 0.991935 0 0.803924 0.978151 
p9 0.740064 0.00486127 0.0214302 0.941494 
p10 0.295701 0.153301 0.702918 0.938162 
p11 0.0647594 0.837812 0 0.810929 
Pb1 0.99189 0.52239 0.830408 0.998887 
Pb2 0.975746 0.0849971 0.873705 0.997516 
Pb3 0.997973 0.998792 0.579678 0.997421 
Pb4 0.823124 0.993204 0.994875 0.995307 
Pb5 0.895094 0.996867 0.757573 0.995689 
Pb6 0.588846 0.962703 0.467995 0.997415 
Pb7 0.997752 0.010618 0.0207168 0.995915 
Pb8 0.00275466 0.00364981 0.159954 0.988634 
Pb9 0.905312 0.998595 0.867902 0.994219 
Pb10 0.621479 0.776821 0.715707 0.981305 
Pb11 0.660214 0.885362 0.989801 0.997816 

Figure 6: The process of deriving a gesture trajectory for a ‘raise mouth corners’ gesture from frame-level activation signals. 

resulting in misrecognition as “Mouth Stretch” (Accuracy = 41.59%); 
the accuracy of Raise Mouth Corners was 0.21%, participant P1 
self-rated it as completed (Self-score = 8). 

(c) Speed differences. (c1) and (c1’) are “Turn Head Right” from 
Pb2 and P3. (c1) was recognised (Accuracy = 99.01%) and self-rated 
(Self-score = 8). In (c1’), a delayed motion due to impaired motor 
control caused misrecognition as “Blink Eyes” (Accuracy = 61.72%), 
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Table 9: Per-gesture comparison of recognition accuracy between Group A and Group B with Benjamini Hochberg (BH) FDR 
correction. 

Gesture A (%) B (%) U p BH-adjusted p BH threshold 

TurnHeadUp 55.0 ± 33.0 82.1 ± 12.2 33.0 0.076 0.2560 0.0405 
TurnHeadDown 63.2 ± 29.3 80.2 ± 9.1 45.0 0.325 0.4716 0.0345 
TurnHeadLeft 47.0 ± 22.0 77.4 ± 9.7 2.0 0.000999 0.00924 0.0054 
TurnHeadRight 63.3 ± 23.5 79.2 ± 18.1 40.0 0.189 0.3253 0.0291 
TiltHeadLeft 57.0 ± 27.9 71.9 ± 14.0 40.0 0.189 0.3253 0.0291 
TiltHeadRight 58.3 ± 24.2 69.2 ± 15.3 47.0 0.393 0.5193 0.0378 
MoveHeadForward 42.4 ± 26.9 81.5 ± 17.1 11.0 0.001 0.00435 0.0115 
MoveHeadBackward 37.9 ± 25.4 78.4 ± 21.8 13.0 0.002 0.00705 0.0142 
RaiseEyebrows 69.1 ± 19.8 76.2 ± 13.8 51.0 0.555 0.6417 0.0432 
FrownEyebrows 61.3 ± 27.0 65.1 ± 6.9 51.0 0.555 0.6417 0.0432 
BlinkEyes 58.1 ± 5.6 67.9 ± 9.3 23.0 0.015 0.0370 0.0203 
LeftWink 33.8 ± 23.5 71.6 ± 8.8 6.0 0.000999 0.00924 0.0054 
RightWink 22.9 ± 23.1 59.9 ± 5.9 12.0 0.002 0.00705 0.0142 
CloseEyes 64.1 ± 21.7 73.0 ± 8.0 51.0 0.555 0.6417 0.0432 
CloseLeftEye 33.9 ± 26.1 58.1 ± 12.9 27.0 0.030 0.0707 0.0270 
CloseRightEye 40.0 ± 24.4 59.0 ± 10.0 30.0 0.049 0.1030 0.0311 
OpenLeftEye 45.1 ± 30.7 54.6 ± 17.5 53.0 0.646 0.7030 0.0459 
OpenRightEye 23.9 ± 25.7 59.4 ± 13.6 18.0 0.006 0.0171 0.0176 
SquintEyes 57.7 ± 12.4 53.8 ± 7.6 73.0 0.431 0.5499 0.0392 
WideOpeneyes 60.1 ± 20.4 77.8 ± 12.3 28.0 0.036 0.0814 0.0284 
EyeLookUp 56.2 ± 20.0 59.6 ± 11.9 43.0 0.264 0.4070 0.0324 
EyeLookDown 46.5 ± 23.2 69.8 ± 9.7 19.0 0.007 0.0185 0.0189 
EyeLookLeft 80.1 ± 25.4 85.9 ± 9.1 66.0 0.743 0.7744 0.0480 
EyeLookRight 76.2 ± 28.5 78.2 ± 10.3 80.0 0.212 0.3410 0.0311 
PuffOutCheeks 66.8 ± 17.1 71.2 ± 18.3 45.0 0.325 0.4716 0.0345 
RaiseMouthCorners 38.9 ± 21.4 75.8 ± 12.4 5.0 0.000999 0.00924 0.0054 
DeperessMouthCorners 38.0 ± 21.5 90.2 ± 26.7 9.0 0.000999 0.00924 0.0054 
PuckerLips 94.0 ± 16.3 98.8 ± 1.3 62.0 0.948 0.9480 0.0500 
SuckLips 76.1 ± 26.0 78.0 ± 14.6 66.0 0.743 0.7744 0.0480 
OpenMouth 58.3 ± 26.6 70.0 ± 8.6 50.0 0.511 0.6302 0.0405 
CloseMouth 75.0 ± 9.4 91.3 ± 7.7 11.0 0.001 0.00435 0.0115 
StickTongueOut 67.1 ± 27.0 87.4 ± 9.1 27.0 0.030 0.0707 0.0270 
StickTongueOutLeft 53.9 ± 24.9 90.7 ± 8.7 9.0 0.000999 0.00924 0.0054 
StickTongueOutRight 67.1 ± 14.5 85.4 ± 9.1 15.0 0.003 0.00925 0.0162 
BiteTongue 69.0 ± 9.1 88.9 ± 6.6 2.0 0.000999 0.00924 0.0054 
GrindTeeth 66.8 ± 11.2 87.5 ± 6.9 3.0 0.000999 0.00924 0.0054 
MoveJawForward 57.2 ± 18.9 63.1 ± 15.2 46.0 0.358 0.4906 0.0365 

the accuracy of “Turn Head Right” was 53.28%, though participant 
P3 rated it as completed (Self-score = 8). 

(c2) and (c2’) show “Left Wink” from Pb3 and P6 (c2) was recog-
nised (Accuracy = 81.76%) and rated highly (Self-score = 8). In (c2’), 
motion speed and direction were limited, leading to misrecognition 
of “Close Left Eye” (Accuracy = 45.04%); The accuracy of “Left Wink” 
is only 5.04% participant P6 rated it as completed (Self-score = 6). 

(c3) and (c3’) show “Eye Look Up” from Pb11 and P8. (c3) was 
recognised (Accuracy = 82.93%) and rated highly (Self-score = 8). 
(c3’) shows directional deviation due to motor and perceptual dif-
ferences, unrecognised (Accuracy = 24.54%), though participant 
P8 self-rated it as completed (Self-score = 6). 

(d) Differences in active regions. (d1) and (d1’) show “Turn 
Head Up" from Pb9 and P8. (d1) was recognised (Accuracy = 99.69%) 
and self-rated (Self-score = 8). In (d1’), deviations in muscle acti-
vation due to proprioceptive differences led to recognition failure 
(Accuracy = 23.53%), though participant P8 self-rated it as suc-
cessful (Self-score = 8). (d2) and (d2’) show “Left Wink” from Pb3 
and P9 . (d2) was recognised (Accuracy = 81.76%) and rated highly 
(Self-score = 8). (d2’) shows shifted activation due to individual vari-
ability in motor control, leading to misrecognition as “Blink Eyes” 
(Accuracy = 52.38%). The accuracy of “Left Wink” is 29.22%, though 
participant P9 rated it as completed (Self-score = 8). (d3) and (d3’) 
depict “Tongue Out Left” from Pb3 and P10 (d3) was recognised (Ac-
curacy = 99.93%) and rated highly (Self-score = 8). In (d3’), muscle 
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Table 10: Per-gesture comparison of self-evaluation scores between Group A and Group B, with Benjamini–Hochberg FDR-
corrected 𝑝-values. 

Gesture Group A (M ± SD) Group B (M ± SD) 𝑝-value 𝑝FDR 

Turn Head Up 7.36 ± 1.21 7.55 ± 0.69 0.33 0.51 
Turn Head Down 7.36 ± 1.03 7.64 ± 0.67 0.43 0.51 
Turn Head Left 7.27 ± 1.42 7.64 ± 0.67 0.23 0.65 
Turn Head Right 7.18 ± 1.47 7.55 ± 0.69 0.39 0.52 
Tilt Head Left 7.09 ± 1.51 7.45 ± 0.69 0.36 0.56 
Tilt Head Right 7.00 ± 1.67 7.45 ± 0.69 0.30 0.56 
Move Head Forward 6.91 ± 1.58 7.27 ± 0.90 0.42 0.52 
Move Head Backward 5.45 ± 2.19 7.36 ± 0.81 0.01 0.25 
Raise Eyebrows 7.55 ± 1.21 7.82 ± 0.41 0.41 0.52 
Frown Eyebrows 6.91 ± 1.58 7.55 ± 0.69 0.16 0.54 
Blink Eyes 7.27 ± 1.42 7.73 ± 0.47 0.23 0.65 
Left Wink 6.00 ± 2.45 7.27 ± 0.90 0.11 0.51 
Right Wink 6.36 ± 2.15 7.45 ± 0.69 0.09 0.55 
Close Eyes 7.45 ± 0.93 7.64 ± 0.67 0.53 0.58 
Close Left Eye 7.27 ± 1.42 7.55 ± 0.69 0.46 0.53 
Close Right Eye 7.18 ± 1.47 7.55 ± 0.69 0.39 0.52 
Open Left Eye 6.91 ± 1.58 7.55 ± 0.69 0.30 0.56 
Open Right Eye 5.18 ± 2.71 7.45 ± 0.69 0.01 0.25 
Squint Eyes 7.00 ± 1.67 7.27 ± 0.90 0.56 0.58 
Wide Open Eyes 7.45 ± 0.93 7.82 ± 0.41 0.36 0.56 
Eye Look Up 6.00 ± 2.18 7.45 ± 0.69 0.04 0.49 
Eye Look Down 7.27 ± 1.42 7.64 ± 0.67 0.33 0.51 
Eye Look Left 6.73 ± 1.79 7.64 ± 0.67 0.09 0.56 
Eye Look Right 6.82 ± 1.72 7.64 ± 0.67 0.13 0.51 
Puff Out Cheeks 7.36 ± 1.21 7.82 ± 0.41 0.36 0.56 
Raise Mouth Corners 7.45 ± 1.21 7.64 ± 0.67 0.58 0.58 
Depress Mouth Corners 6.64 ± 1.50 7.36 ± 0.81 0.24 0.59 
Pucker Lips 7.27 ± 1.42 7.82 ± 0.41 0.23 0.65 
Suck Lips 7.09 ± 1.45 7.82 ± 0.41 0.09 0.56 
Open Mouth 7.64 ± 0.67 7.82 ± 0.41 0.53 0.58 
Close Mouth 7.64 ± 0.67 7.82 ± 0.41 0.53 0.58 
Stick Tongue Out 7.00 ± 1.41 7.45 ± 0.69 0.33 0.51 
Stick Tongue Out Left 6.91 ± 1.58 7.45 ± 0.69 0.30 0.56 
Stick Tongue Out Right 6.36 ± 2.15 7.45 ± 0.69 0.13 0.51 
Bite Tongue 7.00 ± 1.67 7.45 ± 0.69 0.36 0.56 
Grind Teeth 7.00 ± 1.67 7.45 ± 0.69 0.36 0.56 
Move Jaw Forward 6.00 ± 2.26 7.45 ± 0.69 0.06 0.56 

control variance caused a spatial shift in activation. The accuracy 
of “Tongue Out Left” is 16.85%. During the middle of the motion, 
there were misrecognitions as “PuckerLips” (Accuracy = 69.93%) 
and “Raise Right Mouth Corner” (Accuracy = 50.71%); participant 
P10 self-rated the gesture as completed (Self-score = 6). 

H Qualitative Factors Underlying 
Intention–Recognition Mismatches 

We conducted a qualitative analysis of participant feedback from 
Group A, triangulated with recognition outcomes and gesture tra-
jectory data. Our goal was to understand how mismatches arise 
between user intention and system recognition. We observed four 
recurring categories of mismatch factors: impaired sensorimotor 

awareness, spatial disorientation, motor coordination difficulties, 
and diverse interpretations of gesture semantics. 

H.1 Impaired Sensorimotor Awareness 
Many participants struggled to perceive their own movements, 
especially those involving fine motor control in the face and eyes. 
Due to impaired proprioception and sensory feedback, they often 
required external confirmation. For instance, P9 asked, Are my 
eyeballs moving?” and P10 questioned, Am I moving both sides? I 
don’t know either." P1, during a left wink, asked, “Did I also close my 
right eye?” These questions reflect not only mechanical challenges 
but also perceptual ambiguity. Gesture execution was often slowed 
down deliberately, as noted by P10: “I have to do it very deliberately." 
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Table 11: Per-gesture perception–recognition alignment metrics for both groups. MR = Match Rate, OR = Overestimation Rate, 
UR = Underestimation Rate. A = Group A (motor-impaired), B = Group B (non-impaired). Metrics reflect the proportion of 
gesture trials in which self-perception and model prediction align or diverge. 

Gesture MR (%) (A) OR (%) (A) UR (%) (A) MR (%) (B) OR (%) (B) UR (%) (B) 

TurnHeadUp 72.7 27.3 0.0 100.0 0.0 0.0 
TurnHeadDown 90.9 9.1 0.0 100.0 0.0 0.0 
TurnHeadLeft 72.7 18.2 9.1 100.0 0.0 0.0 
TurnHeadRight 100.0 0.0 0.0 100.0 0.0 0.0 
TiltHeadLeft 81.8 18.2 0.0 100.0 0.0 0.0 
TiltHeadRight 90.9 9.1 0.0 100.0 0.0 0.0 
MoveHeadForward 72.7 27.3 0.0 81.8 9.1 9.1 
MoveHeadBackward 72.7 27.3 0.0 81.8 9.1 9.1 
RaiseEyebrows 81.8 18.2 0.0 100.0 0.0 0.0 
FrownEyebrows 72.7 27.3 0.0 100.0 0.0 0.0 
BlinkEyes 100.0 0.0 0.0 100.0 0.0 0.0 
LeftWink 81.8 18.2 0.0 90.9 0.0 9.1 
RightWink 72.7 27.3 0.0 100.0 0.0 0.0 
CloseEyes 81.8 18.2 0.0 100.0 0.0 0.0 
CloseLeftEye 54.5 45.5 0.0 100.0 0.0 0.0 
CloseRightEye 81.8 18.2 0.0 81.8 18.2 0.0 
OpenLeftEye 72.7 27.3 0.0 81.8 9.1 9.1 
OpenRightEye 54.5 45.5 0.0 81.8 9.1 9.1 
SquintEyes 72.7 27.3 0.0 72.7 27.3 0.0 
WideOpeneyes 63.6 36.4 0.0 100.0 0.0 0.0 
EyeLookUp 63.6 36.4 0.0 90.9 9.1 0.0 
EyeLookDown 63.6 36.4 0.0 100.0 0.0 0.0 
EyeLookLeft 81.8 18.2 0.0 100.0 0.0 0.0 
EyeLookRight 81.8 18.2 0.0 100.0 0.0 0.0 
PuffOutCheeks 90.9 9.1 0.0 100.0 0.0 0.0 
RaiseMouthCorners 36.4 63.6 0.0 100.0 0.0 0.0 
DepressMouthCorners 36.4 54.5 9.1 81.8 9.1 9.1 
PuckerLips 90.9 9.1 0.0 100.0 0.0 0.0 
SuckLips 90.9 9.1 0.0 100.0 0.0 0.0 
OpenMouth 90.9 9.1 0.0 100.0 0.0 0.0 
CloseMouth 100.0 0.0 0.0 100.0 0.0 0.0 
StickTongueOut 81.8 18.2 0.0 100.0 0.0 0.0 
StickTongueOutLeft 81.8 18.2 0.0 100.0 0.0 0.0 
StickTongueOutRight 90.9 9.1 0.0 100.0 0.0 0.0 
BiteTongue 100.0 0.0 0.0 100.0 0.0 0.0 
GrindTeeth 90.9 9.1 0.0 100.0 0.0 0.0 
MoveJawForward 72.7 27.3 0.0 100.0 0.0 0.0 

P4, who reported facial numbness on one side, was unaware that 
her eyebrow elevation was asymmetrical in gesture (a2’). In some 
cases, participants unintentionally triggered multiple gestures (e.g., 
eye look up resulting in lateral movements; see Figure 7(b3’)). 

H.2 Spatial Disorientation and Directional 
Confusion 

Several participants exhibited confusion in distinguishing left from 
right, a recurring issue for P1, P2, P6, P8, P9, and P10. P10 noted, 
I can’t really tell left from right,” and P6 said after a long pause, 
I haven’t figured out left and right yet." P8, after a blink, asked, 
Was that my left eye?" These difficulties also extended to recalling 

recent movements. For instance, P8 asked immediately after a head 
turn, Which direction did I just go?" Such spatial disorientation 
affected both gesture comprehension and execution. P2 and P10 
noted difficulty coordinating left-right gestures, particularly tongue 
and eye gestures. These problems often resulted in unintended co-
movements or misdirection. 

H.3 Motor Coordination Difficulties and 
Compensatory Movements 

Motor-impaired participants often exhibited involuntary compen-
satory strategies without being aware of them. For instance, during 
the "Turn Head Up" gesture, P2, P4, and P11 arched their backs 
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Figure 7: Gesture Trajectory Variations Across Dimensions between Group A and Group B across four aspects: (a) amplitude, (b) 
direction, (c) speed, and (d) active regions 

or leaned their upper body instead of moving the head alone. P4 
used shoulder movement to compensate for head retraction but 
was unaware of this substitution. In contrast, Pb1 (non-impaired) 
made similar compensatory movements but retained proprioceptive 
awareness. These findings were supported by both self-evaluation 
and recognition data. P1 noted asymmetry in executing right-sided 

gestures. P2’s performance on right-sided gestures was consistently 
lower, aligning with both self-reports and system outputs. 
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Table 12: Representative mismatched gestures from Group A (motor-impaired participants). Each case shows a gesture whose 
motion led to recognition failure or misclassification due to sensorimotor variation. Entries are cross-referenced with Figure 7. 

Type Gesture Participant Accuracy Self-Eval Mismatch Description 

Amplitude Turn Head Up P8 23.53% 8 Limited neck movement; under-threshold tilt (Fig. 7(a1’)) 
Amplitude Raise Eyebrows P10 33.86% 8 Right brow weak; misrecognised as “Right Eyebrow” (Fig. 7(a2’)) 
Amplitude Raise Mouth Corners P4 37.38% 8 Low amplitude; failed recognition (Fig. 7(a3’)) 

Direction Left Wink P11 0.09% 8 Left-right confusion; failed recognition (Fig. 7(b1’)) 
Direction Eye Look Left P10 21.50% 8 Directional drift due to motor variability (Fig. 7(b2’)) 
Direction Raise Mouth Corners P1 0.21% 8 Direction misread as “Mouth Stretch” (Fig. 7(b3’)) 

Speed Turn Head Right P3 53.28% 8 Delayed motion; misread as “Blink Eyes” (Fig. 7(c1’)) 
Speed Left Wink P6 5.04% 6 Slow onset; misrecognised as “Close Left Eye” (Fig. 7(c2’)) 
Speed Eye Look Up P8 24.54% 6 Slow and unstable upward gaze (Fig. 7(c3’)) 

Region Shift Turn Head Up P8 23.53% 8 Compensated with back arch; altered region (Fig. 7(d1’)) 
Region Shift Left Wink P9 29.22% 8 Co-activation of upper/lower eye muscles (Fig. 7(d2’)) 
Region Shift Move Jaw Forward P10 16.85% 6 Tongue motion misread as multiple gestures (Fig. 7(d3’)) 

H.4 Diverse Interpretations of Gesture 
Semantics 

Differences in movement ability and expressive history led to non-
standard interpretations of gesture prompts. For instance, gestures 
like "Raise Mouth Corners," often defined in datasets as "smile," 
were interpreted differently. P1 stated, "I don’t have the strength to 
lift my mouth corners into an arc... but this stretch should count as a 
gesture. This is what my smile looks like." These expressions, while 
intentional and effortful, were often unrecognised due to deviations 
from normative training data. This highlights a mismatch not of 
intent, but of semantic and expressive representation. 

Summary: These findings illustrate that intention-recognition 
mismatches are not random failures but reflect deeper disconnects 
between embodied experience and algorithmic assumptions. To-
gether, they characterise the qualitative conditions under which 
gesture recognition systems break down for motor-impaired users. 
See Figure 7 and Table 12 for illustrative trajectories and examples. 

I Algorithmic Implications for Inclusive 
Gesture Recognition 

The qualitative observations in Appendix H suggest that current 
gesture recognition models operate under normative assumptions 
that are frequently violated by PwM. These mismatches reflect 
deeper algorithmic blind spots in both sensor interpretation and 
decision logic. We summarize below the key failure modes that 
characterise how current gesture recognition systems break down 
for users with motor impairments: 

I.1 Limited feedback modelling. 
Many gestures in our study (such as subtle eye movements or 
brow lifts) occur outside the user’s visual field or proprioceptive 
awareness. As reported by P9 and P10, users often could not confirm 
whether a gesture had been completed without external validation. 
However, most recognition models assume that users receive and 
act on implicit motor feedback. This highlights a mismatch between 
users’ limited feedback awareness and models that rely on implicit 
motor feedback. 

I.2 Overfitting to idealized motion patterns. 
Gestures performed by participants with limited mobility often 
exhibited reduced amplitude or asymmetric motion. These were 
frequently rejected by the model despite users rating them as suc-
cessful (e.g., P1’s "Raise Mouth Corners"). This points to overfitting 
to normative data distributions. This reveals the absence of mecha-
nisms for accounting for reduced amplitude or asymmetric effort 
in current models. 

I.3 Directional ambiguity and mirror confusion. 
Several users (e.g., P6, P8) struggled to differentiate left from right 
or exhibited mirrored co-activation. Standard models treat gestures 
like “Left Wink” and “Right Wink” as mutually exclusive, assuming 
crisp lateral differentiation. This exposes a lack of explicit repre-
sentation for lateral uncertainty in standard gesture recognition 
models. 

I.4 Lack of graceful degradation. 
Current models often return binary classifications, with no rep-
resentation of near-miss gestures. This penalizes users whose ex-
pressions fall just outside trained distributions. This reflects the 
absence of intermediate or near-miss representations in current 
classification pipelines. 

I.5 Normative semantic assumptions. 
Users interpreted gesture prompts through the lens of personal 
experience and embodied constraints (e.g., “This is what my smile 
looks like”). Models that rely solely on externally imposed labels 
(e.g., “smile” = AU12) risk invalidating meaningful expressions. 
This exposes a mismatch between user-aligned semantic intent and 
label-driven gesture definitions. 

Together, these observations characterise a systematic misalign-
ment between embodied motor intent and the assumptions embed-
ded in current gesture recognition systems. 
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