
  

 

Abstract— Wearable robots have shown great promise in 

aiding individuals with reduced mobility and enhancing human 

performance across various applications. To achieve optimal 

assistance, accurate estimation of muscle dynamics has shown 

promise in designing adaptive control strategies. Among 

different techniques, B-mode ultrasonography produced with 

linear array transducers have gained popularity as a gold-

standard imaging tool, providing non-invasive solutions to 

measure in-vivo muscle dynamics. B-mode ultrasound has been 

employed to infer muscle thickness, fascicle lengths, pennation 

angles, and muscle force using neural networks, offering a 

valuable tool for designing individualized control strategies. The 

effectiveness of this measuring tool depends on integrating 

transducers into the wearable robot, but B-mode relies on large 

transducers. Studies have explored smaller single-element 

transducers for better wearability for muscle thickness 

estimation. However, their ability to infer more complex muscle 

architecture parameters using automated techniques is yet to be 

determined. In this study, we propose an approach to extract M-

mode traces from B-mode images to simulate signals from single-

element transducers. We then employ various machine learning 

architectures to infer muscle pennation angle and fascicle length. 

Preliminary results indicate promising performance from the 

CNN+Transformer (2-layer spatial) + Transformer (2-layer 

temporal) models, with results from the CNN+LSTM models 

(with a RMSE of 0.02 radian for pennation angle and 2.54mm 

for fascicle lengths). This study paves the way for enabling the 

use of smaller and more portable single-element transducers for 

wearable robotic applications. The link to the code is https: 

https://github.com/raku-slyu/AB-Mode-Utrasound. 

I. INTRODUCTION 

Wearable robots have shown great potential in assisting 
individuals with reduced mobility and enhancing human 
performance [1][2]. Inspired by the direct coupling between 
muscle force and changes in muscle architecture parameters 
[3], [4], such as muscle thickness, fascicle length, and 
pennation angle, sensing these parameters has played an 
important  role for realizing individualized control strategies 
for wearable robots [5], [6], [7], [8]. Ultrasound is a non-
invasive imaging tool that has been commonly used to 
measure muscle structure and dynamics.  

Brightness mode (B-mode) ultrasound has been widely 
used for estimating muscle thickness [9], fascicle lengths [10], 
[11], pennation angles [12], and muscle force [13], [14]. B-
mode ultrasound uses linear array transducers to form 2D 
images of the underlying muscles. Despite the rich information 
contained in these images, B-mode ultrasound often relies on 

bulky transducers (Fig. 1), sophisticated instruments, and 
computationally intensive algorithms for image formation and 
processing. The integration of these larger linear array 
transducers into wearable robotic systems can pose challenges 
and increase costs [15]. Alternatively, motion mode (M-mode) 
ultrasound obtained using single-element transducers (SETs) 
offers a potential lightweight solution for muscle dynamics 
measurement. Such ultrasound modality uses the smaller SETs 
(e.g., 1 x 1 x 1 cm3, Fig 1) to record 1D scans of the muscle 
over time. Without relying on 2D images, M-mode ultrasound 
can be produced without using complex image processing 
algorithms and associated instrumentation.  

 

Fig. 1. Illustration of an example linear array transducer (LV8-
4L65S-3, Telemed) and two single-element transducers 
(Alpha 113-124-660, Waygate Technologies).  

Previous research has developed algorithms for estimation 
of muscle architecture parameters using B-mode ultrasound 
imaging [10], [11], [16], [17], [18]. However, to the best of our 
knowledge, deriving muscle architecture parameters with data 
from SETs has been rarely studied.  Specifically, although 
there has been a prior attempt to gauge muscle thickness with 
one-dimensional ultrasound [19], obtaining changes in muscle 
fascicle length and pennation angle remain challenging with 
SETs. Due to the direct link among fascicle length, pennation 
angle, and muscle force [20], [21], such an investigation has 
the potential to enhance the adoption of SET-based ultrasound 
for developing effective and adaptive control strategies for 
wearable assistive robots.  

In this study, our objective is to investigate the inference 
of muscle fascicle lengths and pennation angles using SETs, 
bypassing the requirement for larger linear array transducers 
that produce B-mode images. The primary scope of this 
investigation is to ascertain whether the incorporation of 
images (B-mode) is indispensable for the accurate prediction 
of fascicle length and pennation angle, or if a smaller scan can 
suffice. To do so, we extracted M-mode traces from previously 
collected B-mode sequences [4], to simulate data as they 
would be collected from SETs. We then applied learning-
based algorithms to evaluate the feasibility of inferring fascicle 
lengths and pennation angles from the simulated SET 
ultrasound traces (Fig. 2). This research could pave the way 
for integrating more compact ultrasound probes into wearable 
robotic systems, thereby improving the portability and 
usability of future wearable assistive robots. 
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Fig. 2. The proposed study where from the collected B-mode 
ultrasound images, we extract pseudo-M-mode traces to 
simulate signals collected from single-element transducers. 
We then employ various machine learning techniques to infer 
changes in muscle pennation angle and fascicle length. 

 

II. METHODS 

A. Participants 

The data used in this study were previously collected in [7]. 
Nine participants (3 females and 6 males; age 29.1 ± 4.04 years 
(mean ± std)) participated in this study. None of the 
participants had a prior medical history of physical or 
neurological impairments or disabilities related to walking. 
The study was conducted in accordance with the Harvard 
Longwood Campus Institute Review Board, IRB-22086. The 
participants consented to the study protocol prior to the study. 

B. Experiment procedure and study design 

Each participant walked on a treadmill with the following 
conditions: level ground walking at speeds of 1.0m/s, 1.25m/s, 
1.5m/s, and 1.75m/s, and walking at 5.71 degrees incline (10% 
incline) at 1.25m/s. The heel-strike events were detected using 

an instrumented treadmill (Bertec, Columbus, OH, USA; 
1200HZ). Participants had a low-profile ultrasound transducer 
(MicroUs, Telemed, Vilnius, Lithuania) affixed to their left leg 
to monitor the medial gastrocnemius and soleus muscles. The 
ultrasound transducer collected images at a rate of 113Hz with 
a resolution of 512 x 512 pixels (width and height).  A 75mm-
wide ultrasound probe with a 5MHz center frequency was 
placed over the medial gastrocnemius, proximal to the 
gastrocnemius muscle-tendon junction. The probe was 
manually adjusted to ensure that the fascicles were in straight 
lines as much as possible. The probe was secured to the 
participant’s limb using self-adhesive athletic tape (Coban) 
throughout the experiment. 

C. Data pre-processing 

The dataset consisted of 64,849 B-mode ultrasound image 
frames in total (equal to approximately 10 minutes recording) 
To obtain ground truth fascicle lengths and pennation angles, 
we labeled individual fascicle by selecting pixels belonging 
to muscle fascicles using UltraTrack [22]. Specifically, we 
used a combination of manual and semi-automated labeling 
techniques to minimize spatial drift caused by the affine 
optical flow introduced by UltraTrack over longer sequences, 
as in [10], to obtain  fascicle lengths and pennation angles, 
partitioned based on pre-recorded heel strikes.  

From the labelled B-mode ultrasound images, we 
extracted M-mode signals from nine different locations, as 
shown in Fig. 3. Specifically, we extracted pixel values along 
a straight line in each B-mode frame and then temporally 
concatenated these lines across all time frames. The line 
locations were selected to represent a diverse range of 
possible SET placements, with the anticipation that additional 
analysis would be conducted to identify the minimal required 
traces.  

We employed the nine distinct sets of extracted M-mode 

traces (Fig 3.) as inputs to different computational models to 

estimate either fascicle length or pennation angle. In the M-

mode traces, as the lengths of straight and angled lines 

differed, we applied zero padding at the end of angled line 

data to ensure uniformity in length across the simulated M-

mode traces. 

 

 

Fig. 3. Nine lines selected from B-mode images to generate 

simulated M-mode traces. 



  

 

The simulated data served as input to the machine learning 
model which applied a time window ranging t ≜ 1, 2, …, w, 
where w is a window size that we vary from 3, 5, …, 11. 
Subsequently, we sampled the subsequent input and output 
data from t=s to t=s+w, where s denotes a sliding stride 
length that we define is always w+1, not to make any overlap 
between data windows. This sampling process iterated based 
on the s and w parameters. The sliding window approach is a 
common approach to preprocess time series data to feed into 
a deep learning model [23], [24]. It also has been used in tasks 
in using ultrasound [25]. A detailed schematic is depicted in 
Fig. 4.  

 

 

Fig. 4. Schematic of the model training procedure. Input data 
were extracted M-mode data with window length w and 
sliding stride length s. A machine learning model estimates 
either fascicle length or pennation angle of the previous time 
frame of the input time window. 
 

Ultimately, for each trial, data from all participants and all 
conditions were randomly divided into training, validation, 
and test sets following a ratio of 60:15:25. The sequential 
arrangement of train/validation/test datasets in each trial was 
determined randomly. For example, in instances where the 
order is validation/train/test, the initial 15% of a trial was 
allocated as the validation dataset, the subsequent 60% was 
designated as the training set, and the final 25% was assigned 
to the test set. The order was determined through a random 
number generator. 

D. Model architectures 

In this study, five different frequently employed deep 
learning models were tested. The model architectures are 
illustrated in Fig. 5.  

These models encompassed a 4-layer Long Short-Term 
Memory (LSTM) [26], a Convolutional Neural Network 
(CNN) [27] with an LSTM (CNN+LSTM) configuration with 
4 layers [28], a hybrid model featuring 2 Spatial (S) layers and 
2 Temporal (T) LSTM layers, a 4-layer CNN+Transformer 
(TR) [29], and a variant integrating 2 Spatial Transformer 
(ST) layers with 2 Temporal Transformer (TR) layers. LSTM, 

CNN, and Transformers have been used widely to process 1-
dimensional temporal data across tasks. We tried 
CNN_ST_LSTM and CNN_ST_TR because ultrasound data 
have both spatial and temporal relationships. The first model 
runs across the spatial dimension, and the second model runs 
across the temporal dimension. 

• LSTM: This model consisted of four LSTM layers 
stacked sequentially. Each LSTM layer took the 
hidden states from the previous layer as inputs and 
processed them to capture temporal dependencies in 
the data. We used 128 hidden features for each LSTM 
layer. The output of the final LSTM layer was the 
regression inference. 

• CNN_LSTM (4-layer LSTM): The CNN+LSTM 
model with 4 layers combined a CNN and LSTM 
architecture. The ResNet18 CNN model without the 
final fully connected layer [30] was employed to 
extract spatial features from the input data. The output 
of the CNN component was then passed through four 
LSTM layers, which captured temporal dependencies 
in the sequence of spatial features. We used 128 
hidden features for LSTM models. Finally, a fully 
connected layer was utilized for regression based on 
the LSTM output. 

• CNN_ST_LSTM: This model incorporated both 
spatial and temporal neural network layers. The 
ResNet18 CNN without the final fully connected layer 
was employed to extract spatial features from the input 
data. The output of the CNN was then passed through 
two LSTM layers that focused on capturing spatial 
dependencies. The resulting spatial-temporal features 
were then fed into two additional LSTM layers that 
captured temporal dependencies across the sequence. 
We used 128 hidden features for LSTM models. 
Finally, a fully connected layer was utilized for 
classification. 

• CNN_TR: The CNN+Transformer model with 4 
layers combined a CNN and Transformer architecture. 
The ResNet18 CNN without the final fully connected 
layer was employed to extract spatial features from the 
input data. The output of the CNN component was 
then passed through four Transformer layers, which 
captured long-range dependencies and interactions 
between the spatial features. A fully connected layer 
was used for regression based on the Transformer 
output. We used number of heads to be the same as the 
window size for Transformer. 

• CNN_ST_TR: This model extended the previous 
model by incorporating both spatial and temporal 
Transformer layers. The ResNet18 CNN without the 
final fully connected layer was employed to extract 
spatial features from the input data. The output of the 
CNN was then passed through two spatial 
Transformer layers, which captured interactions 
between the spatial features. The resulting spatial-
temporal features were then fed into two temporal 
Transformer layers that captured dependencies across 
the sequence. Finally, a fully connected layer was used 
for classification based on the Transformer output. 



  

The number of head in the spatial dimension was 8, 
and the number of head in the temporal dimension was 
set to be the same as the window size for Transformer. 

 

We trained each model with (w, s) = {(3, 4), (5,6), (7,8), 
(9,10)} to evaluate the effect of window lengths. Each model 
minimized the loss between ground truth and predicted 
fascicle length or pennation angle using Mean Squared Error 
Loss. We used the Adam optimizer with learning rate of 
0.001. We used PyTorch version 2.0.0. 

 

Fig. 5. Machine learning architectures used for model 

comparison including: a) a 4-layer (4l) Long Short-Term 

Memory (LSTM), b) a ResNet18 [30] Convolutional Neural 

Network (CNN) with an LSTM configuration with 4 layers, 

c) a two Spatial (S) LSTM layers (2l) and two Temporal (T) 

LSTM layers (2l) with a ResNet18 CNN, d) a ResNet18 CNN 

with a 4l  Transformer (TR),  and e) a 2 Spatial Transformer 

(ST) layer with 2 Temporal Transformer (TR) layer with a 

ResNet18 CNN. 

III. RESULTS 

A.  Model Performance 

Table I tabulates Root Mean Squared Error (RMSE) and 
Normalized Root Mean Squared Error (NRMSE) for each 
model that outputs the best performance. For both pennation 
angles and fascicle lengths, only models with the 
combinations of CNN and LSTM (indicated as CNN_LSTM 
and CNN_ST_LSTM) converged, suggesting they reached a 
point of stable and minimized errors. In contrast, other models 
including LSTM, CNN-Transformer (CNN_TR), and CNN-
spatiotemporal Transformer (CNN_ST_TR) did not 
converge. 

Among CNN-LSTM-based models, CNN-Spatiotemporal 
LSTM demonstrated the best performance, with the RMSE of 
0.02 radian for pennation angle and 2.54 mm for fascicle 
lengths. These correspond to 1.6% and 2.3% NRMSE, 
respectively. 

For estimating pennation angle, CNN-spatiotemporal 
LSTM produced the best performance when the window 
size=11, which corresponds to around 0.1 seconds. For 
fascicle length, the best performance occurred when the 
window size was 5, which is around 0.05 seconds. Figure 6 
illustrates exemplar predicted pennation angles and fascicle 
lengths for 10 seconds. 

 

TABLE I.  RMSE AND NRMSE FOR EACH MODELACROSS 

PARTICIPANTS AND TASKS 
 

Model  

Window 

length  Stride  

RMSE 

(rad)  

NRMSE 

(%)  

Pennation 

angles  LSTM* 7  8  0.248  18.29  

CNN_LSTM 11  12  0.029  2.16  

CNN_ST_LSTM  11  12  0.021  1.57  

CNN_TR  11  12  0.070  5.16  

CNN_ST_TR  9  10  0.099  7.37  

  
Model  

Window 

length  Stride  

RMSE 

(mm)  

NRMSE 

(%)  

Fascicle 

lengths  LSTM* 3  4  17.952  16.01  

CNN_LSTM 11  12  2.559  2.45  

CNN_ST_LSTM  5  6  2.543  2.29  

CNN_TR*  11  12  19.700  18.85  

CNN_ST_TR* 11  12  18.178  17.39  
*models not converged 

 

 

 

Fig. 6. An example plots of estimated pennation angle, in 

radian (rad), and fascicle length, in millimeters (mm), for the 

CNN_ST_LSTM model with the best window lengths and 

strides (i.e., w=11, s=12 for pennation angle, and w=5, s=6 for 

fascicle length). 

 

B. Parameter study 

We further conducted a parameter study to evaluate the 
impact of varying window size on each machine learning 
model.  

The CNN_ST_LSTM consistently exhibited superior 
performance in estimating both fascicle length and pennation 
angle. Particularly, CNN_LSTM and CNN_ST_LSTM 
estimated fascicle length within 10 mm in RMSE, while other 
models produced less accurate results, with RMSE values 
reaching around 20 mm across different window lengths. On 
the other hand, for CNN_LSTM and CNN_ST_LSTM, the 
results were similar regardless of the window sizes. 

For pennation angle, all the models, except LSTM, had 
errors around 0.1 radian. LSTM did not work well regardless 
of the window sizes. The parametric study is illustrated in Fig. 
7. 



  

 

 
Fig. 7. Parameter study showing the effect on window length 
w for a) fascicle lengths in in millimeters (mm), and b) 
estimated pennation angle, in radian (rad) for the Long Short-
Term Memory (LSTM), the Convolutional Neural Network 
(CNN) with an LSTM, the Spatial (S) and Temporal (T) 
CNN-LSTM, the CNN with a Transformer (TR), and a CNN 
with Spatial Transformer (ST) and Temporal Transformer 
(TR) layers. 

IV. DISCUSSION 

In this study, we evaluated the feasibility of different 
machine learning algorithms to estimate changes in muscle 
fascicle length and pennation angle during walking using M-
mode ultrasound data extracted from B-mode sequences. We 
conducted sensitivity analysis on model type, window length, 
and stride length to understand the performance of different 
algorithm configurations. Our work would provide valuable 
insights that can steer the development of future SET-based 
wearable ultrasound systems that can be seamlessly integrated 
into wearable robotic systems for enhanced control  [31].  

Our results are particularly notable due to the achievement 
of comparable accuracy with significantly less data compared 
to existing literature. In particular, our algorithm achieved 
fascicle length and pennation angle estimation with errors less 
than 2.6 mm and 1.3 deg, respectively. Prior studies on 
estimating gastrocnemius fascicle length have reported errors 
ranging from 2.36 to 4.7 mm using support vector machine 
[16] and deep neural network [10]. Similarly, prior studies on 
pennation angle estimation reported errors ranging from 0.43 
to 1 deg using gradient boosting [32], clustering method [12], 
and deep residual networks [18]. However, these prior 
methods rely on full B-mode ultrasound images, requiring the 
use of linear array transducers. Our proposed method 
produced comparable estimation results with only M-mode 
ultrasound data, which could practically be obtained using 
SETs. 

In our pursuit of superior predictive models, we conducted 
a sensitivity analysis on the effect of deep learning 
architecture. It is evident that the CNN-spatiotemporal LSTM 
model emerged as the most robust performer. The selection 

of this model can be attributed to its ability to harness spatial 
and temporal information effectively. Furthermore, our 
sensitivity analysis on window length and stride length 
provided critical insights into the optimal parameter 
configurations, emphasizing the importance of parameter 
tuning in predictive modeling. A well-optimized window 
length allows the model to encapsulate the appropriate 
contextual information from the input sequence, providing a 
balanced perspective for analysis. Meanwhile, the selected 
stride length contributes to how frequently the model 
processes these windows, influencing the granularity and 
overlap of information considered by the model. 

 Although the B-mode data were gathered during dynamic 
walking tasks, this study did not specifically assess the 
inference performance concerning variations in fascicle 
length and pennation angle across different walking speeds 
and incline levels. Previous studies utilizing B-mode imaging 
for inferring muscle architecture parameters have not 
conclusively linked the inference performance of fascicle 
length and pennation to specific variations in walking tasks. 
To fortify and draw more conclusive connections, future 
investigations will focus on evaluating these relationships, 
enhancing our understanding of how changes in walking 
dynamics correspond to alterations in fascicle length and 
pennation angle for single element traces. 

It is worth noting that our extracted M-mode data may not 
fully represent those collected using SETs. The simulated data 
in our study exhibited a width equivalent to one pixel, a 
distinction from real M-mode that often manifests as several 
millimeters wide near the point of origin and may extend to a 
centimeter or more at greater depths. Further exploration 
could study the impact of varying widths on simulated M-
mode samples on estimation accuracies of fascicle length and 
pennation angle. Furthermore, B-mode images, which serve 
as the foundation for our extracted M-mode signals, undergo 
an intricate signal processing pipeline. Such pipeline involves 
high-rate sampling of acoustic signals, beam forming, 
envelope detection, and final interpolation for 2-D display. In 
our study, this B-mode image formation sequence is 
succeeded by the sampling of images to create pseudo-M-
mode signals. While these processing steps introduce 
variances from signals generated by SETs, it is essential to 
recognize that the fundamental acoustic transduction process, 
primarily reflection from variations in tissue acoustic 
impedance, remains consistent for both B-mode imaging and 
signals collected with SETs. Despite the defined disparities, 
the promising outcomes of our study prompt a call for further 
investigations using real-world SETs.  

While this study represents a step towards realizing 
wearable ultrasound systems for muscle architecture 
parameter estimation, certain limitations and avenues for 
future research remain. To enhance practicality and broad 
applicability, further research is needed to develop 
generalized models that are adaptable to a diverse range of 
individuals. Additionally, it is important to acknowledge that 
the extracted M-mode ultrasound data used in this study may 
not perfectly mirror real signals obtained using SETs. Future 
work should investigate estimating changes in muscle 
architecture parameters with real traces collected using SETs.  



  

V. CONCLUSION 

In conclusion, our study provides evidence of the potential 
of wearable ultrasound systems in the context of wearable 
robotic systems. The achieved accuracy and robust model 
performance underline the feasibility of fast muscle parameter 
estimation, propelling us closer to the realization of integrated 
wearable ultrasound systems for enhanced control and user 
support. With ongoing research and refinement, the integration 
of this technology could pave the way for safer and more 
efficient wearable robotics, benefiting a wide range of 
applications from healthcare to industrial assistance. 
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