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Impact of Musculoskeletal Injuries on Military
Readiness

Musculoskeletal Injury Burden

 70% of all injuries reported at basic training
are classified as musculoskeletal

 Highest Injury Ares: Knee and Ankle

Cost to Readiness

* 4M+ lost duty days DoD-wide (2019)
10.7M days limited in the Army alone (2017)

« Leading cause of non-deployability (~65% of
medically non-deployable soldiers)




What happens to the warfighters who suffer a musculoskeletal injury?
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Current Rehabilitation Monitoring Tools

Laboratory Assessments
Isokinetic Strength Testing

Clinical Assessments

for Gaiding T

Short Musculoskeletal Function Assessment (SMFA)
Scored
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Manual Muscle Testing
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Current tools lack objective tissue specific metrics

Bohannon, 2005, Taborri et al., 2020




Ultrasound can provide tissue specific metrics
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Ultrasound can provide tissue specific metrics

Distributed Wearable Ultrasound

Right Vastus Lateralis
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Right Vastus Medialis

Left Vastus Lateralis

Left Vastus Medialis

Clinical Ultrasound




SonoTrak - Time Delay Spectrometry

* Time Delay Spectrometry

« Low voltage, long duration
transmit chirps

. : Power

« Time delay encoded in

frequency
 Signal processing to extract

depth Power
y L(?WGI’ Samplmg rates _(kHZ) O I e 4 Single Element Composite Transducers
 Simpler wearable design 4-

channel M-mode design DS
« Multi-Site Imaging during Electronics 5

complex movements ~

Bashatah et al., IEEE TBME, 2024 I .



Technigues to Extract Muscle Mechanics

Different extraction techniques can be used depending on the
research question

1. Normalized Pixel Difference + TKEO Filter

Movement type
Controlled, single-joint (isokinetic plantarflexion)

What it does

Converts M-mode video to a 1-D motion trace, isolates onset via an
energy operator

Extracts
Precise activation timing (ms)

Question it answers:
“When did each muscle activate?”

2. Composite Factorization with PCA

Movement type

Dynamic, multi-joint, bilateral (jump / landing)

What it does

Factorizes M-mode data (W x H) into temporal components
(residual-based factor selection)

Extracts
Symmetry indices for contraction and overall timing

Question it answers:

“How do muscles compare to each other?”




" Wearable Ultrasound and Muscle Activation

. Patterns
Participants:
* Four participants (27. 75 +5. 7 years)

Tibialis Anterior

their right (dominant) leg.
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Medial Gastroc

Task:
» Torque and ankle position were
collected during 15°/s plantarflexion

V] 10 20 30 40 50 60

Assessment Tools:

« SonoTrak over the tibialis anterior
(TA), medial gastrocnemius (MG),
lateral gastrocnemius (LG), and
soleus

» Signal Processing: Normalized Pixel
Difference

Lateral Gastroc
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Signal Processing: Normalized Pixel Difference + TKEO
Filter

& Channel 1
" Teager-Kaiser Energy Operator (TKEO):
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Normalized Pixel Difference

Isokinetic Dynamometry

Wearable Ultrasound and Muscle Activation

Plantar Flexion @ 15 deg/sec

Patterns
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four muscles (all p > 0.17)
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Time (s) [t=0: +3.0 s before first position transition]

activation peaks (p < 0.001)
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* No significant differences in activation timing among the

e Peak torque occurred significantly later than all four muscle

\

*% 5 < 0.001 .
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Wearable Ultrasound and Neuromuscular

Adaptations after Injury

Countermovement Jump . (OLLEYBAY

Wearable Ultrasound

+ Participants: 20 female athletes
* Knee Injury within 2 years (n = 9)
* No Knee Injury (n = 11)

Right Vastus Lateralis

» Self-Reported Wellness: Right Vastus Medialis

Short Muscle Function Assessment (SMFA) |
Surveys ‘

« 3 maximal countermovement jumps on bilateral
force plates

Left Vastus Lateralis

« SonoTrak on the left and right vastus lateralis
(VL) and vastus medialis oblique (VMO)

« Signal Processing: Composite Factorization e [ Left Vastus Medialis
PCA (CF-PCA)

King et al., [EEE TBME, 2026 (under review) h



15

Signal Processing:

B. Multi-Channel Wearable

A. Participant Testing Power
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C. 4-Channel M-mode Data
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Signal Cross-Correlation

Left vs Right signal (Force or WUS) Cross-correlation output
| | I
t == Right ( Activation timing
(At = T at peak) ’
-

-
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>
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correlatiol [Symmetry Index = (1 — |t_peak|/window) X 100% [ SI = 100% - perfect symmetry ]]
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Time (s) Lag T (s)

King et al., IEEE TBME 2026 [UNDER REVIEW] .
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Signal Cross-Correlation

Left vs Right signal (Force or WUS) Cross-correlation output
— | eft
t == Right Activation timing

(At = T at peak)

- A
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CO"C‘"ES‘;‘;O’ [Symmetry Index = (1 — |t_peak|/window) X 100% [ SI = 100% - perfect symmetry ]]
05 10 15 20 25 30 35 15 10 05 0.0 0.5 1.0 15
Time (s) Lag T (s)
Outcome Metrics: and Muscle Contraction Symmetry

King et al., IEEE TBME 2026 [UNDER REVIEW] h
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Wearable Ultrasound and Neuromuscular Adaptations

A. SMFA
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Conclusion

Wearable Ultrasound is A Feasible Technology to Monitor
Across Joints and Injury Types

i
* Wearable Ultrasound can reliably extract clinically meaningful neuromuscular \
metrics using pipeline processing tailored to specific exercises

 Demonstrates the platform generalizes across joints, tasks, and injury types
rather than being purpose-built for one condition

* Compact, wearable form factor (TRL 5) supports deployment in austere/field
settings without specialized ultrasound operators

Objective tool for return-to-duty decision-making and personalized
rehabilitation monitoring improving military readiness

Walking
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SonoTrak - Time Delay Spectrometry

Transmit signal
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SonoTrak - Time Delay Spectrometry
I[| '§£i ' M-mode
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CF-PCA and Force Outputs

SonoTrak Image with CF-PCA Signal
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Signal Cross-Correlation

Left vs Right signal (Force or WUS) Cross-correlation output
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Non-Negative Matrix Factorization

GEORGE MASON
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Non-Negative Matrix
Factorization
(NNMF)
M-mode = W x H
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Non-Negative Matrix Factorization

Non-Negative
Matrix Factorization
(NNMF)

M-mode =W x H
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NNMF: Number of Factors Selection

Residual Vs Number of Factors

Non-Negative
Matrix Factorization

(NNMF)
M-mode =W x H
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Composite Factorization PCA (CF-PCA)
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Right Vastus Medialis

Non-Negative Matrix Principle
Factorization Component
(NNMF) Analysis
M-mode = W x H (PCA)




