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Abstract—Ultrasound tongue imaging (UTI) has demonstrated
clinical effectiveness for speech sound disorder (SSD) assessment
and biofeedback therapy, yet its adoption in routine practice
remains limited. While recent deep learning approaches operate
directly on ultrasound frames, a systematic review identifies
interpretability, speaker generalization, and clinical translation
as critical unmet needs, leaving interpretable analysis as a key
barrier to adoption. To address these gaps, we propose PULSE,
a principled framework for feature discovery and selection
in multimodal SSD assessment. PULSE extracts interpretable
articulatory features from keypoint trajectories over tongue pose
sequences, organizes them into semantically meaningful groups
(spatial, shape, kinematic), and evaluates each group’s contri-
bution through systematic ablation under speaker-independent
protocols. This methodology reveals that static features (posi-
tional and shape) encode speaker identity rather than production
quality, thereby degrading generalization when naively fused with
audio. Domain-knowledge-driven group selection resolves this
degradation by discarding subject-variant features and retaining
only phoneme-variant kinematic features that capture movement
dynamics. Validated on the UltraSuite dataset’s UXSSD corpus
under leave-one-speaker-out evaluation on 9 children with SSD,
selective fusion of kinematic ultrasound features with audio
achieves AUC 0.725 versus 0.687 for audio alone, correctly
reclassifying 68 instances that audio misses with zero losses.
These results show that principled, interpretable feature selection
yields more speaker-generalizable multimodal SSD assessment
than naive fusion.

Index Terms—speech sound disorders, ultrasound tongue
imaging, multimodal fusion, interpretable framework

I. INTRODUCTION

Speech sound disorders (SSD) affect 5–8% of children [1],
and clinical assessment relies on perceptual judgment by
speech-language pathologists (SLPs), which is subjective and
cannot capture articulatory detail beyond what can be heard.
Ultrasound tongue imaging (UTI) addresses this gap by vi-
sualizing tongue position and movement in real time, and
ultrasound visual biofeedback has demonstrated effectiveness
for persistent SSD [2]. However, interpreting UTI requires
manual expert analysis that is time-consuming and impractical
in routine clinical settings [3].

Prior work has produced publicly available SSD data with
expert pronunciation scores [3], sub-millimeter tongue pose
estimation [4], and tongue shape complexity metrics validated
on clinical data [5]. However, each was evaluated in isolation
and no prior work has leveraged these components for princi-

pled, speaker-independent clinical assessment. Deep learning-
based approaches [6], [7] operate on raw frames without
speaker-independent evaluation or interpretable outputs, and a
recent systematic review [8] identifies interpretability, speaker
generalization, and clinical translation as the critical unmet
needs.

We propose PULSE (Pose-based ULtrasound Speech Eval-
uation), a framework for translating UTI into automated, inter-
pretable SSD assessment through systematic feature discovery
and selection. PULSE extracts interpretable articulatory fea-
tures from tongue keypoint trajectories on the UltraSuite SSD
corpus, organizes them into semantically meaningful groups
(spatial, shape, kinematic), and applies systematic ablation to
identify which generalize across speakers under leave-one-
speaker-out (LOSO) evaluation. Specifically, our contributions
are: (1) interpretable articulatory features adapted from move-
ment science and speech morphometrics (temporal binning,
kinematic descriptors, DFT contour shape) and visualization
tools (lingual differentiation index, LDI; lingual workspace
maps, LWMs) that characterize the motor basis of SSD.
(2) A systematic ablation methodology revealing that static
ultrasound features encode speaker identity, and domain-
knowledge-driven group selection that retains only kinematic
features, achieving the best speaker-independent performance.
(3) Speaker-independent evaluation showing selective fusion
improves over audio alone (AUC 0.725 vs 0.687) and recovers
68 instances that audio misclassifies with zero losses.

II. RELATED WORK

Multimodal UTI Dataset. The UltraSuite repository [3]
provides synchronized ultrasound and audio from 58 TD
children (UXTD), 8 with SSD (UXSSD), and 20 therapy
participants (UPX). To our knowledge, the SLP-annotated
pronunciation scores for the SSD subsets (UXSSD, UPX) have
not been used for computational assessment, presenting an
opportunity for automated, speaker-independent analysis.

Tongue pose estimation and feature validation. Wrench
and Balch-Tomes [4] demonstrated that DeepLabCut achieves
0.93 mm MSD on 16 tongue keypoints, matching human
expert annotators. Downstream feature extraction and clinical
application, however, remain largely unexplored. Kabakoff
et al. [5] validated tongue shape metrics (MCI, NINFL), show-



Fig. 1. PULSE framework overview. Signal processing converts raw ultrasound into calibrated tongue poses. Feature engineering extracts kinematic and audio
descriptors, with selective fusion excluding static anatomical features that encode speaker identity (Section IV-B). Speaker-independent modeling under LOSO
evaluation produces population-level articulatory characterization, instance-level scoring, and case-level evidence for clinical review.

ing NINFL discriminates correct from incorrect /r/ (p = 0.002)
in 24 children via statistical tests.

Automated approaches. Ribeiro et al. [6] trained a CNN on
raw frames fused with MFCCs, achieving 86.6% velar fronting
detection on UXSSD with per-speaker Cohen’s κ ranging from
near-perfect to slight agreement. Such approaches, while effec-
tive, use learnt features that are opaque. Furthermore, training
on TD speech doesn’t account for intra-phoneme production
quality variance. Dan et al. [7] applied masked autoencoders
to UXTD for 4-way phoneme classification (85.3% accuracy),
however, this being a phoneme identification task leaves the
disorder severity assessment gap open. Aytutuldu et al. [9]
learned UTI-audio embeddings for audio-only deployment, the
opposite of our biofeedback setting where the probe is present.
A systematic review [8] identifies speaker generalization,
interpretability, and clinical translation as the critical open
gaps.

Clinical motivation. Cleland et al. [10] showed that chil-
dren with persistent velar fronting exhibit articulatory col-
lapse detectable only via UTI. This covert contrast scenario
motivates UTI biofeedback [2] and interpretable articulatory
features that complement audio.

III. METHODS

A. Dataset

We use the UltraSuite corpus [3], combining UXSSD (8
children with SSD, ages 6–14) and UPX (speakers with con-
firmed articulation disorder) for a total of 9 SSD speakers and
1,151 phoneme instances scored by experienced SLPs on a 1–5
scale (/r/, /k/, /g/). Within UPX, scored data come from a single
child (04M) recorded across four longitudinal therapy sessions
(baseline, mid, post, maintenance), contributing 288 of the
1,151 phoneme instances. A lack of phoneme-level annotations
in UXTD precludes a more straightforward formulation of

TABLE I
FEATURE TAXONOMY. BINNED FEATURES: 5 TEMPORAL WINDOWS ×

{MEAN, STD} PER BASE FEATURE. AGGREGATES: ONE VALUE PER
PHONEME.

Group Base Total Type

Ultrasound (from tongue pose keypoints)
Anatomical† 4 40 0th order (static)
Positional† 4 40 0th order (static)
Shape† 11 110 0th order (static)
Kinematic (binned) 4 40 1st–3rd order
Kinematic (agg.) 8 8 cumulative

US subtotal 238

Audio (from waveform)
Spectral + formant 45 450 —

Total 688
†Speaker-dependent; excluded in selective fusion.

UXTD v/s UXSSD for granular features suitable for realtime
interventional biofeedback use. Scores are unevenly distributed
across levels (1: 454, 2: 119, 3: 102, 4: 227, 5: 249). Several
levels have fewer than 12 instances per speaker, making fine-
grained classification infeasible under LOSO with 9 speak-
ers. Working within these constraints we binarize to correct
(score = 5) versus impaired (1–4). UXTD (58 TD children,
∼2,603 phonemes) serves as the typically developing reference
population for articulatory characterization (Section IV-A) and
is not used for classification.

B. Processing Pipeline

Our pipeline (Fig. 1) processes raw .ult files (63 scanlines
× 412 pixels in fan-beam polar geometry) through three
stages: (1) polar-to-Cartesian reconstruction via bilinear inter-
polation, producing 883×487 Cartesian frames; (2) DeepLab-
Cut [11] pose estimation using the pretrained US_ResNet50



model [4], producing 16 keypoints per frame (11 tongue sur-
face points from vallecula to tip, plus 5 anatomical landmarks)
with exponential confidence smoothing (α = 0.95); and (3)
rectification from pixel coordinates to mm-space via the known
probe geometry (angle ∈ [−70◦,+70◦], depth ∈ [5, 50]mm),
yielding Cartesian (x, y) positions in millimeters allowing
features to generalize across probe geometries.

C. Feature Extraction

Each phoneme is divided into 5 temporal bins (0–20%,
. . . , 80–100%), following percentage-based temporal normal-
ization common in biomechanical movement analysis [12],
with per-bin features computed as the mean and standard
deviation. Prior work uses only segment-level or frame-level
features, without capturing within-phoneme dynamics. Table I
summarizes the full feature set.

Anatomical features (tongue length, height, spread, tip-
to-dorsum distance) and positional features (tip and dorsum
x, y coordinates) capture static tongue geometry. Shape fea-
tures include MCI and NINFL [5], spline-fit curvature, and
DFT coefficients 1–8 decomposing the tongue contour into
frequency components following Dawson et al. [13]. Kine-
matic features capture movement, including tip and dorsum
speed (Savitzky–Golay filter, window = 5, order = 2) and jerk,
plus whole-segment path length, displacement, excursion, and
normalized jerk—a dimensionless smoothness metric from
motor rehabilitation [14]. Audio features (16 kHz, 512-sample
FFT, 160-sample hop) include 13 MFCCs with ∆ and ∆∆,
spectral centroid, bandwidth, rolloff, flatness, RMS energy,
zero-crossing rate, and formants F1–F3 via LPC.

Multimodal fusion. Naive late fusion concatenates all
688 features without curation, while selective fusion applies
domain-knowledge-driven feature group selection, retaining
only audio and the 48 kinematic ultrasound features (1st–3rd
order derivatives and cumulative descriptors) and excluding
the 190 static features (anatomical, positional, shape) marked
† in Table I. This exclusion is motivated by the hypothesis
that static tongue geometry encodes speaker identity rather
than production quality, as validated by the ablation study in
Section IV-B.

D. Classification and Evaluation

The binary task has 249 correct (22%) and 902 impaired
(78%) instances. We train XGBoost [15] classifiers (100 trees,
max depth 6, learning rate 0.1) with default hyperparameters.
For each configuration, a single decision threshold is chosen
by Youden’s J statistic on the pooled leave-one-speaker-out
predictions (J∗ = 0.096 for selective fusion). AUC and
PR-AUC are reported as threshold-independent metrics. We
report GroupStratifiedKFold (GKF, 4 folds, H ≈ 2 held-out
speakers per fold) and Leave-One-Speaker-Out (LOSO, train
on 8, test on 1). We use SHAP TreeExplainer [16] for feature
analysis.

Fig. 2. Spatial variability per tongue keypoint (TD vs SSD). Ellipse orienta-
tion shows principal variance direction. TD: LDI = 78◦; SSD: LDI = 11◦,
indicating rigid-body movement.

IV. RESULTS

A. Articulatory Characterization of TD vs SSD

We introduce two visualization methods to characterize
articulatory differences from the pose data.

Lingual Differentiation Index (LDI). For each tongue
surface keypoint k ∈ {0, . . . , 10}, we compute the first
principal component of all mm-space positions, yielding an
angle θk = arctan(|yPC1|/|xPC1|) ∈ [0◦, 90◦] capturing the
principal direction of variance. The lingual differentiation
index (LDI) is the angular range LDI = maxk θk −mink θk,
where high LDI indicates that distinct tongue regions move
independently (enabling complex shapes), whereas low LDI
indicates the tongue moves as a single rigid body.

TD children exhibit LDI = 78◦, reflecting independent con-
trol of distinct tongue regions (Fig. 2), whereas SSD children
show 11◦, indicating rigid-body movement. This metric grades
monotonically with SLP score (61◦, 38◦, 12◦, 8◦ for Scores
5–2), with the largest decrease at Score 3 indicating that even
minor errors reflect reduced differentiation.

Lingual Workspace Maps (LWMs). Per-keypoint KDE
density heatmaps with convex hull workspace boundaries
(Fig. 3), adapting the convex hull workspace area metric
from motor assessment [17] to lingual movement, show hulls
expanding and overlapping from Score 5 to 1. Each hull
demarcates the spatial workspace a keypoint occupies, where
expanding area reflects less precise articulatory targeting,
while increasing inter-keypoint overlap indicates loss of spatial
distinctiveness between tongue regions.

B. Speaker-Independent Classification

Table II and Fig. 4a present classification results measuring
agreement with expert SLP scores. Audio achieves LOSO
AUC of 0.687, whereas ultrasound alone performs near chance
(0.508) due to inter-speaker anatomical variation. Naive fusion
degrades to 0.661 because anatomy-encoding features con-
found the model with speaker identity, while selective fusion
(audio + 48 kinematic US features) achieves the best AUC of



Fig. 3. Lingual workspace maps (LWMs): score-stratified KDE density heatmaps with convex hull workspace boundaries per tongue keypoint, colored by
contour position. Hulls expand from Score 5 to 1, indicating loss of spatial precision.

TABLE II
BINARY CLASSIFICATION (SCORE = 5 VS 1–4) AND FEATURE GROUP

ABLATION UNDER GKF AND LOSO EVALUATION.

Configuration Feat. GKF AUC LOSO AUC

Ultrasound only 238 0.474 0.508
Audio only 450 0.712 0.687
Naive fusion 688 0.663 0.661
Selective fusion 498 0.736 0.725

Audio + single US group ablation
+ Anatomical† 490 0.665 0.730
+ Positional† 490 0.691 0.700
+ Shape† 560 0.719 0.724
+ Kinematic 498 0.736 0.725
+ All US (naive) 688 0.672 0.672

†Static features; improve LOSO but degrade or stagnate GKF.

0.725 by capturing how the tongue moves rather than its static
anatomy.

Feature group ablation (Table II, bottom) validates this
selection. All four US groups improve LOSO AUC when
fused individually with audio, but only kinematic features also
improve GKF AUC (0.736 vs 0.712). Anatomical features
show the largest GKF–LOSO discrepancy (0.665 vs 0.730),
indicating unstable generalization driven by speaker-specific
anatomy. Multi-group combinations (e.g., kinematic + shape)
do not improve over kinematic alone under GKF, confirming
that each additional static group degrades generalization. Com-
bining all groups degrades both protocols, confirming that the
190 static features overpower the kinematic signal.

C. Feature Analysis

SHAP analysis (Fig. 4b) shows that while audio spectral fea-
tures carry the primary signal, kinematic features (tip/dorsum
speed, jerk) add movement information that audio alone cannot
capture. By excluding anatomy-encoding features, the model
cannot exploit speaker identity as a spurious correlation.

D. Selective Fusion Rescue Analysis

Selective fusion agrees with the SLP judgment on 68
phoneme instances that audio alone misclassifies as impaired,
with zero lost in the other direction. These rescued instances

are dominated by velar stops (/g/: 38, /k/: 29, /r/: 1), where
children achieve correct tongue dorsum raising but produce
acoustically atypical output—consistent with the covert con-
trast scenario where the tongue moves correctly but the
sound is atypical. The near-absence of /r/ rescue (1 of 68)
is expected because rhotic errors involve incorrect tongue
positioning where both modalities agree, and because /r/
admits multiple articulatory strategies (bunched, retroflex) not
distinguished in the annotations. This asymmetry means fusion
allows a model to distinguish “sounds wrong but moves right”
(rescuable velars) from “sounds wrong and moves wrong”
(true articulatory errors). Per-speaker rescue rates reach ∼40%
for three speakers, indicating systematic acoustic atypicality
despite correct articulation [10] where ultrasound biofeedback
is most needed [2].

V. DISCUSSION AND CONCLUSION

PULSE shows that principled feature selection over inter-
pretable, grouped features improves speaker-independent SSD
assessment over naive fusion. Named, grouped features made
it possible to identify and exclude the 190 static features en-
coding speaker identity, which end-to-end approaches cannot
do. LDI and LWMs provide new ways to characterize the
motor basis of SSD, producing population- and session-level
visualizations that can support clinical interpretation.

However, these group-level patterns do not translate directly
to speaker-independent classification with only 9 speakers,
owing to the 190 static features that overwhelm 48 kinematic
features and the classifier over-relies on speaker-identifying
anatomy. Selective fusion resolves this by retaining only
movement dynamics that generalize across speakers. The 68
rescued velar instances, correct articulations that sound atyp-
ical, provide complementary information (68 gained, 0 lost).
In biofeedback therapy, where the ultrasound probe is already
present, this signal requires no additional instrumentation and
is relevant to the covert contrast problem [10]: for three of the
nine speakers, ∼40% of correct productions would be missed
by audio-only screening.

Limitations. With only 9 SSD speakers, statistical power
is limited and results may not generalize to larger or more



(a) LOSO ROC curves with per-configuration Youden J∗ operating points
marked. Selective fusion achieves the highest AUC (0.725); naive fusion
(0.661) performs worse than audio alone (0.687).

(b) SHAP beeswarm (top 10 features, selective fusion). Orange = audio,
blue = US kinematic. Kinematic features appear alongside spectral features,
confirming complementarity.

Fig. 4. Classification analysis.

diverse populations. The binary threshold (score = 5 vs 1–4)
discards severity grading, and predicting the full 5-level scale
is a direction for future work. The DLC model was pretrained
on adult speakers. Child-specific fine-tuning could improve
pose accuracy but requires new keypoint annotations. Features
are segment-level aggregates. Sequence models operating on
full articulatory trajectories could capture temporal dynamics
directly, also enabling exploration of earlier, richer fusion
schemes. Finally, validation on additional corpora is needed
to confirm cross-dataset generalizability. Future work includes
broader baselines and fusion architectures, and a clinical user

study with speech-language pathologists to establish real-
world utility.
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