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ABSTRACT
Being able to reliably predict muscle contractions is
important for athletes and rehabilitation patients alike.
Numerous techniques and surrogates exist for this task.
However, they are in general not well suited for everyday
use and not able to extract information of muscles located
in deeper body layers. To address this shortcoming, we
present an approach to classify muscle contractions with
raw ultrasound radio-frequency data (A-Scans) collected
with a wearable system. It consists of a single element
ultrasound transducer connected to custom-built acquisition
hardware and an Android app to receive, store and analyze
the data. We rely on data from the lower legs of healthy
volunteers performing squats as sample exercises and use
machine learning methods, ranging from sequence similarity
measurement techniques to artificial neural networks, to
classify the radio-frequency data. Results of our preliminary
experimental setup prove its feasibility to classify muscle
contractions based on ultrasound measurements.
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1 INTRODUCTION
The reliable detection of muscle contractions and muscle
fatigue remains a challenge with respect to unobtrusive
systems suitable for long-term everyday use. Arguably,
the most promising non-invasive techniques include
surface electromyography (sEMG), force sensitive resistors,
inertial measurement units or textile capacitive sensors.
However, these techniques do not provide information about
muscles deep below the surface tissue [12]. To circumvent
this limitation, wearable ultrasound solutions have been
proposed [12] to acquire signals stemming from muscles
located deep in the human body. In this paper we present a
system consisting of a wearable single element ultrasound
transducer, custom-designed electronics and an Android
app to acquire and process ultrasonic radio-frequency (RF )
data from eight healthy volunteers (see Table 1). We use
digital signal processing (DSP) and machine learning (ML)
approaches to classify muscle contractions based on this
data. Our system solely relies on one-dimensional RF data
(A-Scans) and not on heavily processed B-mode images.
The latter are very suitable for the visualization of different
muscle groups but the former only provide depth information
of the tissue (see Figure 1). Even though A-Scans are much
less illustrative due to their one-dimensional nature, they can
be acquired without complex or bulky electronics to enable
ultrasound imaging, facilitating a low resource wearable
solution. This is a fundamental difference to existing systems
and a major contribution of the paper.

Table 1: Attributes and available data for each subject.

ID Age Gender # A-Scans
# Data-
Sets # Squats

# Measured
time (s)

1 28 m 92,000 7 154 2,193
2 26 m 2,000 2 8 37
3 27 f 18,872 2 35 364
4 24 m 20,000 2 49 463
5 35 m 10,000 1 27 245
6 35 m 10,000 1 21 221
7 29 m 20,000 2 88 338
8 37 m 40,000 4 133 828
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2 BACKGROUND AND RELATEDWORK
Related work attempting to use only RF data (A-Scans)
compared to B-Mode images exists for finger motion
classification [8, 12], gesture recognition [7] or wrist angle
detection [4, 5] tasks. However, these works either rely on
A-Scans derived from B-mode images [8] or are based on
signals acquired with multiple single element transducers
[7, 12]. Guo et al. present work based on signals stemming
from a single element transducer only and process these
data with classical DSP techniques [4] and ML strategies
[5] to predict wrist angles. However, they do not present a
wearable solution.

3 MATERIALS AND METHODS
Our system consists of a custom-designed electronics board
(with the dimensions of approx. 90 mm × 30 mm × 13
mm), sending the RF data acquired with a single element
ultrasound transducer to an Android app via a wireless
connection. In our experimental setup we asked participants
to place the transducer anywhere above the Gastrocnemius
calf muscle, located on the back of the lower leg, and perform
squats as long as possible, which resulted in 21 datasets. The
amount of datasets and squats for each subject differs and
depends on the level of exhaustion experienced. We obtained
1 hour, 18 minutes and 9 seconds of data containing 212,872
A-Scans and 515 squats (see Table 1). The data acquisition
without emphasis on the best possible ultrasound transducer
position might have resulted in worse signals but we feel
this approach adequately mimics real-life scenarios. The
volunteers annotated each A-Scan either as contracted or
non-contracted by manually pressing a button during each
squat. This annotated data serves as ground truth for our
binary classification algorithms making predictions based
on the amplitude values of each A-Scan. We make this data
publicly accessible [2] and encourage further investigations
by others.

Figure 1: A-Scanwith 3,000 samples andmeasurement depth
of 46.2 mm. The highlighted box contains information from
the muscle.

Figure 1 shows a sample A-Scan acquired in our experimental
setup, which has been annotated as belonging to a non-
contracted muscle state. It consists of 3,000 samples and
has a tissue penetration depth of 46.2 mm. We also
performed post-processing incorporating assumptions about
the expected behavior of real muscle activity to smooth
out misclassified predictions. Assumptions include that
muscle contractions are continuous and cannot occur
consecutively within a very short period of time, which
excludes any physically impossible classifications. For
analysis, we deployed a threshold DSP algorithm comparing
the maximum, minimum, mean, variance and standard
deviation values of each A-Scan. The ML methods include
custom versions of a multilayer perceptron (MLP) [3, 11], a
fully convolutional network (FCN) [11], a 1-D convolutional
network (ConvNet1D) [3], a radial basis function network
(RBF) [6, 10] and a residual neural network (ResNet) [11]. We
also applied a k-nearest neighbor (k-NN) algorithm using
the dynamic time warping (DTW) distance [1]. Table 2 and
Table 3 provide details about the deployed feedforward and
convolutional neural networks, respectively.

Table 2: Parameters of feedforward neural networks

Parameter MLP RBF

# Hidden layers 3 1
# Neurons (500|500|500) 1000

Dropout values (0.2|0.2|0.3) 0.2
Activation function
∀ hidden layers relu Gaussian similarity

function
Activation function
for output layer sigmoid sigmoid

Optimizer Adam Adam
Learning rate 0.0001 0.0001
Cost function cross-entropy mean squared logarithmic

Early stopping metric loss of validation set loss of validation set
Early stopping patience 15 20

Batch size 10 10
Validation set last 10% last 10%
Batch size 10 10

# Training epochs 5000 1000

Table 3: Parameters of convolutional neural networks

Parameter ConvNet1D FCN ResNet

# Layers 4 3 9
Layer type 1-D convolutional 2-D convolutional 2-D convolutional
# Filters (64|64|128|128) (128|256|128) (64|64|64|128|128|128|128|128|128)

Kernel sizes (3|3|3|3) ©«©«
8
×
1

ª®¬ | ©«
5
×
1

ª®¬ | ©«
3
×
1

ª®¬ª®¬ ©«©«
8
×
1

ª®¬ | ©«
5
×
1

ª®¬ | ©«
3
×
1

ª®¬ | ©«
8
×
1

ª®¬ | ©«
5
×
1

ª®¬ | ©«
3
×
1

ª®¬ | ©«
8
×
1

ª®¬ | ©«
5
×
1

ª®¬ | ©«
3
×
1

ª®¬ª®¬
Normalizations

∀ convolutional layers - batch batch

Pooling types (-|max|-|global average 1-D) (-|-|global average 2-D) (-|-|-|-|-|-|-|-|global average 2-D)
Pooling sizes (-|3|-|-) (-|-|-) (-|-|-|-|-|-|-|-|-)
Dropout values (-|-|-|0.5) (-|-|-) (-|-|-|-|-|-|-|-|-)

Activation function
∀ convolutional layers relu relu relu

Activation function
for output layer sigmoid softmax softmax

Optimizer rmsprop Adam Adam
Learning rate 0.001 0.0001 0.0001
Cost function cross-entropy cross-entropy cross-entropy

Early stopping metric loss of validation set loss of training set loss of validation set
Early stopping patience 40 10 15

Batch size 10 10 100
Validation set last 10% last 10% last 10%

# Training epochs 1000 1200 1500
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4 EVALUATION AND RESULTS
We applied dimensionality reduction techniques such as
Linear discriminant analysis, (Kernel) principal component
analysis and t-Distributed Stochastic Neighbor Embedding to
attain low-dimensional visualizations of the data. Based on
those visualizations, we concluded that the A-Scans are much
more likely to group together with respect to the dataset
they belong to instead of their respective annotations. Thus,
we focus on evaluating different datasets (abbreviated as d1
to d8) stemming from the same person and same transducer
position and present the corresponding results in Table 4. We
state the amount of A-Scans in each dataset to emphasize the
performance differences if more data is available and present
the best performing DTW window size for each dataset. We
only show F1 scores for the ML methods before (in brackets)
and after post-processing as the DSP techniques resulted in
an average F1 score below 70%. F1 scores ≥ 80% are shown in
green, F1 scores between 70% and 80% are shown in yellow
and F1 scores < 70% are shown in red.

Table 4: Rounded F1 scores (in %) for different methods
before (in brackets) and after applying post-processing.

Train/Test dataset
(# A-Scans) MLP ConvNet1D RBF FCN ResNet

DTW
(w=var.)

d1/d2 (1,000) 79 (79) 72 (69) 81 (81) 85 (85) 79 (67) 91 (90) (w=2)
d2/d1 (1,000) 77 (76) 73 (70) 69 (67) 77 (72) 57 (57) 75 (73) (w=2)
d3/d4 (3,000) 85 (83) 61 (59) 80 (78) 61 (57) 86 (79) 89 (83) (w=5)
d4/d3 (3,000) 73 (71) 77 (74) 85 (82) 75 (71) 69 (66) 88 (82) (w=2)
d5/d6 (10,000) 86 (85) 89 (86) 85 (84) 84 (82) 87 (80) 90 (86) (w=3)
d6/d5 (10,000) 90 (88) 87 (85) 89 (87) 88 (88) 89 (81) 88 (85) (w=7)
d7/d8 (10,000) 94 (93) 65 (65) 80 (79) 90 (89) 94 (90) 97 (96) (w=4)
d8/d7 (10,000) 86 (85) 97 (83) 76 (76) 87 (85) 93 (89) 95 (93) (w=5)

Average F1 score 84 (82) 77 (74) 81 (79) 81 (79) 82 (76) 89 (86)

5 CONCLUSION AND FUTUREWORK
With an average F1 score of up to 89 % after post-processing,
the results prove the validity of our novel approach for
wearable muscle contraction classifications by exploiting raw
ultrasound RF data and ML methods. For comparison, it has
been shown that a comparatively complex approach using
a Discrete wavelet transform on sEMG signals to classify
muscle contractions “results in a classification accuracy of
88.90 %” [9]. The performance of our methods improves for
almost all datasets containing more A-Scans, which strongly
hints at further improvements if more data is acquired. We
reckon a truly robust solutionwould require data from awide
range of participants by taking all possible factors that might
have on an effect on the signals, such as age, gender, ethnicity,
fitness level, etc, into account. In the future, we expect to
include additional muscle fatigue classification algorithms
to enable a wearable system feasible for many gym and
rehabilitation scenarios. Pending further investigations, first
evaluation results show promising results with F1 scores
> 80% for selected datasets.
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