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Abstract

The proliferation of collaborative training and multi-person
sports has underscored the necessity for concurrent whole-
field action sensing. However, Electromyography (EMG)
recognition, which plays a pivotal role in Wearable Human
Activity Recognition (WHAR) for analyzing muscle activity
and decoding action intent, still faces challenges in achiev-
ing a balance between performance, cost, and efficiency in
multi-person scenarios. Unlike current channel-expansion so-
lutions, we propose a wireless wearable Single-Dimensional
Sparse EMG (2SEMG) Sensor for efficient personal sam-
pling. These action-unaffected sensors leverage the proposed
lightweight One-Dimensional Motion Network (OMONet)
to facilitate concurrent action sensing. Experiments demon-
strate that OMONet achieves leading performance and effi-
ciency in action signal recognition, and two real-world bad-
minton matches further confirm the performance, robustness,
and real-time efficiency of the whole-field action sensing net-
work constructed via 2SEMG Sensors and OMONet.

Introduction
With the rise of sports scenarios requiring multi-player in-
teraction and team coordination, there is an unquestion-
able need for a comprehensive analysis of athletes’ actions
throughout the field (Carling et al. 2008; Zeng, Shi, and
Zhou 2022). Current Human Activity Recognition (HAR)
typically utilizes vision, WiFi, and other signals to capture
and analyze multi-person action data (Zeng, Shi, and Zhou
2022; Abuhoureyah, Swee, and Chiew 2024). However, they
inevitably face challenges such as visual occlusion, sig-
nal interference, and inadequate real-time efficiency (Huang
et al. 2021). Therefore, Wearable Human Activity Recog-
nition (WHAR) devices, which monitor physiological and
kinematic signals in real-time, hold promise for gradually
replacing fixed devices, enabling Whole-Field Human Ac-
tivity Recognition (WFHAR) in collaborative team sports.
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Figure 1: Overview of muscle activity recognition via wire-
less 2SEMG Sensor and on-chip OMONet.

Among various physiological signals, Electromyography
(EMG) plays a key role by directly reflecting muscle activ-
ity and action intent (Xiong et al. 2024b). Methods using
EMG for HAR have garnered widespread attention (Moin
et al. 2021; Yang et al. 2025). However, current EMG ap-
proaches developed for single-person settings fail to meet
the demands regarding synchronous acquisition of whole-
field action data due to their lack of capability for parallel
EMG collection and recognition (Xiong et al. 2024a).

To address EMG-based WFHAR’s acquisition and trans-
mission delays, a widely used strategy is to synchronize sig-
nal acquisition and inference within an embedded Microcon-
troller Unit (MCU) (Lu et al. 2024). However, the limited
computational and memory resources of the MCUs signifi-
cantly hinder the deployment of reliable models (Liu et al.
2024). These concurrent and irreconcilable issues in both
hardware and algorithms severely constrain the large-scale
deployment and sustained operation of EMG-based action
sensing systems (Cárdenas-Valdez et al. 2023).

Therefore, we introduce a wireless, low-power and wear-
able Single-Dimensional Sparse EMG (2SEMG) Sen-
sor, and a lightweight One-Dimensional Motion Network
(OMONet). The main contributions of this paper include:
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• Wearable 2SEMG Sensor. We develop a 7.2-g, action-
imperceptible sensor that enables high-fidelity EMG col-
lection under 1 kHz native waveform. It operates in a
low-power mode (12 mW during work) and supports
wireless whole-field (∼100 m) EMG sampling terminals.

• Efficient OMONet for Action Recognition. We pro-
pose the time-freq-decoupled learning OMONet with
0.08M Params and 0.17GFLOPs, delivering leading
performance and efficiency on open-source datasets and
2SEMG Sensor-derived 1-BEMG benchmark.

• Real-World Multi-Player Evaluation. We evaluate the
2SEMG Sensors-OMONet integration in two real bad-
minton matches, confirming the sensors’ high-fidelity
EMG capture in intense multi-player sports and validat-
ing OMONet for real-time concurrent action recognition.

Related Work
Sensor Design in WHAR
Recently, single-channel EMG-based systems for WHAR
have gained attention due to their low power consumption
and ease of deployment (Tavakoli, Benussi, and Lourenco
2017; Wu, Ruan, and Lee 2021; Wei et al. 2022). Although
effective in detecting localized or isolated actions, such sys-
tems often fail to provide sufficient dimensional information
when recognizing complex, full-body coordinated activities
(Baskaran and Adams 2023). To address this limitation, cur-
rent studies have explored high-density, multi-channel EMG
arrays and hybrid systems that integrate inertial measure-
ment units with EMG sensors. These approaches aim to
improve recognition performance by capturing richer spa-
tial relationships between muscle groups (Zhang, Sun, and
Zou 2022; Chamberland et al. 2023; Lee et al. 2023). How-
ever, multi-channel systems introduce challenges such as in-
creased hardware complexity and cost, difficulties in sensor
node synchronization, limited real-time efficiency, and a par-
ticularly frustrating user experience (Ng et al. 2024).

Deep Learning in Physiological Signal Recognition
Convolutional Neural Network (CNN) and Long Short-
Term Memory (LSTM) are prevalent in 1D physiological
signal processing (Ma et al. 2021; Yang et al. 2024). Typi-
cally, a hybrid CNN-LSTM model leverages CNN to extract
spatial patterns, followed by LSTM to model temporal de-
pendencies, thus improving performance (Bao et al. 2020).
However, LSTM or Transformer-based models commonly
exhibit excessive complexity and high memory usage, which
complicates their applications on resource-limited platforms
(Montazerin et al. 2023). Recent methods such as HAR-
Mamba use a dual-path structure based on selective state-
space modeling, reducing computational and memory foot-
prints while maintaining long-range dependency modeling
(Dao and Gu 2024; Li et al. 2025). Other studies convert
EMG into Short-Time Fourier Transform (STFT) spectrum
and apply CNNs to retain local-global information (Yuan
et al. 2025). Building on these insights, we propose Motion
Attention that separates time-frequency extraction and syn-
chronization while enhancing the long-/short-term represen-
tation ability of CNNs for efficient EMG recognition.

2SEMG Sensor

Lightweight Robust to Vigorous Action

1 2

3 4

Figure 2: Sensor with negligible action interference.

Methodology
The proposed wireless 2SEMG Sensor and lightweight
OMONet constitute the hardware and software terminals of
the EMG-based whole-field action sensing network.

Single-Dimensional Sparse EMG Sensor
The 2SEMG Sensor uses a 45×28 mm Printed Circuit Board
(PCB) as its substrate, integrating three 12 mm-diameter (Ø)
electrode ports for silver chloride (AgCl) gel patches that ad-
here the lightweight sensor to the user’s skin via replaceable
skin-friendly gel, as shown in Figure 2. The sensor is pow-
ered by a 3V lithium coin battery (20 mm Ø, 49 mAh).

The EMG signal, denoted as s(t) ∈ R, exhibits microvolt-
scale amplitudes and a 10-500 Hz frequency spectrum, with
amplitude modulation correlating to muscle activation lev-
els. For EMG signal sampling, the 2SEMG Sensor utilizes
a bipolar lead configuration consisting of two active elec-
trodes with an interposed dedicated EMG AgCl electrode,
as illustrated in the left panel of Figure 1.

The raw EMG with coupling noise is expressed as v(t):

v(t) = (s ∗ hhp)(t) + n(t), n(t) ∼ N (0, 1) (1)

where hhp denotes the impulse response of a high-pass filter.
Subsequently, a high input impedance differential ampli-

fier implemented by combining an instrumentation amplifier
with an operational amplifier is used to amplify the differen-
tial EMG signal while suppressing common-mode interfer-
ence. Next, an analog band-pass filter is designed to atten-
uate motion artifacts and high-frequency noise. These pro-
cesses of obtaining ybpf(t) can be expressed as follows:

ybpf(t) = [G
(
v+ − v−

)
∗ hbp](t) (2)

where G denotes the amplification factor, hbp denotes the
band-pass filter response, and v+(t), v−(t) represent the sig-
nals captured by the active electrodes (positive/negative).

The conditioned analog signal is then digitized using a 12-
bit Analog-to-Digital Converter (ADC) at a sampling rate of
1 kHz, satisfying the Nyquist sampling theorem ybpf[n] =
ybpf(nTs), n∈Z (Shannon 1949), where Ts denotes the sam-
pling period. Thus, the quantized yq[n] is calculated by:

yq[n] = Round

(
ybpf[n]

∆

)
·∆, ∆ =

VFS

2b
(3)

where VFS is the full-scale voltage, b is the ADC resolution
in bits. Finally, the ADC output is transmitted via Bluetooth
Low Energy (BLE) to an OMONet-running MCU.
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Figure 3: Overview of the whole-field action sensing network based on 2SEMG Sensors and OMONet.

Metrics Values Metrics Values

Power Consumption 12 mW Battery Life >10 h
Resolution 12-bit Bandwidth 500 Hz

Dynamic Range 80 dB Weight Battery-free 7.2 g
Sampling Rate 1 kHz Wireless Range ∼100 m

Sampling Delay <1 ms Wireless Delay 20-50 ms
SNR 27.4 dB CMRR 100 dB

Table 1: 2SEMG Sensor performance during work.

As indicated in Table 1, the 2SEMG Sensor, weighing
merely 7.2 g, enables sampling and processing with negligi-
ble impact on the wearer’s actions. Not only does it achieve
ultra-low 12 mW sampling power consumption, along with
a >10 hours battery life and ∼100 m wireless transmission
range sufficient for most sports, but its superior Common-
Mode Rejection Ratio (CMRR) and high Signal-to-Noise
Ratio (SNR) also ensure high-fidelity EMG acquisition.

One-Dimensional Motion Network
OMONet processes the STFT spectrogram as input and
leverages 1D-2D-mixed convolutions to capture variations
in simulate-enhanced physiological signal activation across
adjacent time-frequency frames. It employs Motion Atten-
tion to focus on frequency and temporal evolution via sep-
arated Freq-Motion and Time-Motion, and finally integrates
both to recognize EMG patterns across urgency spectrums.

Preliminary: STFT Mapping. Surface EMG signals rep-
resent non-stationary, multi-frequency superpositions of
motor unit action potentials. Although simple time-domain

modeling cannot distinguish muscle contraction patterns,
time-frequency representations provide an intuitive visual-
ization of the energy distribution of physiological signals.

Since OMONet directly processes raw EMG signals, the
input 1D timing signal s1D(t) undergoes Direct-Current
(DC) offset removal and normalization as follows:

sn(t) =
s1D(t)− µ

max{|s1D(t)− µ|}
, µ =

1

L

L∑
t=1

s1D(t) (4)

where L denotes the length of s1D(t), (s1D(t) − µ) serves
as the DC-removed s1D(t), and sn(t) is the normalization
result. Next, a 512-point Hann window with a 256-point hop
size is applied for STFT computation as STFT(sn).

Suppose that the extensive feature map X T×F×C from
1D EMG has dimensions T × F × C, where T denotes the
number of time frames, F indicates the number of frequency
bins, and C represents the number of channels. The mapping
from STFT(sn) to X can be expressed as follows:

X [t, f, c] =
STFT(sn)[τ, ν]−min{STFT(sn)}
max{STFT(sn)} −min{STFT(sn)}

(5)

where t, f, c represent the index of X T×F×C ; τ and ν de-
note the time index and the frequency index, respectively.

1D-EMG Perturbation Synthesis. For the raw sequence
s1D, truncate it or pad it to a fixed length 2048 for further
learnable enhancement of non-stationary EMG patterns.

To simulate potential physiological noise, define ωp and
βp as the perturbation weights and bias, respectively, thus the
perturbated s1D based on 1D Convolution (Conv1D) within
a specific time-frequency bin can be defined as follows:

S1D = MaxPooling(ReLU(ωp ∗ s1D + βp)) (6)
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where ∗ denotes convolution. By analogy with Equation (4),
the fitted mean µp and the variance σp are defined as:

µp =wµ · S1D + βµ, σp = ωσ · S1D + βσ (7)

where w{µ,σ} and β{µ,σ} denote learnable weights and bi-
ases, respectively.

Subsequently, resampling is conducted via introducing
subtle perturbations correlated with the time-frequency do-
main within a low-dimensional space as follows:

Sz = µp + exp (0.5 log(σp)) · ϵ, ϵ ∼ N (0, 1) (8)

Despite increasing the diversity of time-frequency pat-
terns, the basic S1D patterns are maintained within Sz.

Thereafter, the motion pattern-enhanced Sre1D is designed
to be calculated by progressively reconstructing the time-
domain signal through Conv1D and upsampling on Sz.
Therefore, STFT-based feature maps X [t, f, c] can be ob-
tained based on Sre1D according to Equation (5).

To obtain 2D time-frequency representations, a dedicated
2D Convolution (Conv2D) Ca

k (·) is designed as follows:

Ca
k (·) = X 7→

 C∑
c=1

At∑
u=−At

Af∑
v=−Af

ω
(c)
k [u, v] · Xidx

K

k=1

Xidx = X [t− u, f − v, c], A{t,f} = ⌊(a{t,f} − 1)/2⌋
(9)

where a denotes the kernel size; K, k denote the kernel num-
ber and the index of the output channel, respectively; ω(c)

k
denotes the weight of the k-th filter and c-th channel.

Next, the Frequency-Time Conv2D (FTC2D) uses two
Conv2D (C3,3

32 ) to capture local energy blocks, and nonlin-
early maps them to the expanded X T×F×K

E that represents
the motion energy distribution of time-freq combinations.

To reduce redundant frequency information and computa-
tional complexity, the max pooling and the ReLU activation
are used to compress the frequency sequence while preserv-
ing the fewer temporal information. As shown in Figure 3,
the output of the 1D-EPS resembles a spectrogram.

Finally, the average energy Sk of the spectrogram within
the channel k can be obtained based on channel-wise mean.

1D-Mean. The 1D-Mean independently compresses the
temporal and frequency dimensions of the perturbed 2D sig-
nals to further combine features, equivalent to calculating
the time-averaged power for each freq-band to reflect the
activity level of muscle units in overlapping freq-bands.

Given a Feed-Forward Network (FFN) (Vaswani et al.
2017), which assigns physiological importance weights to
different frequency patterns based on combined features as:

FFN(Sk) = max{0,Sk · ωF1 + βF1} · ωF2 + βF2 (10)

where ω{F1,F2} and β{F1,F2} represent learnable weights and
biases, respectively.

This process comprises two stages: (1) the reduction
stage fuses data using a fully connection layer to cap-
ture collaborative relationships throughout the full spectral
range; and (2) the elevation stage maps the modulated full-
spectrum information back to the original freq-bands.

Finally, the integrated 2D time-frequency coupling fea-
tures XMean is designed to be obtained by multiplying the
XE with the activated FFN(Sk). Therefore, the 1D-Mean
module is designed to amplify the highly correlated motion
bands in the physiological signals while attenuating the sub-
tle variations arising from individual differences.

Motion Attention. To decouple time-frequency informa-
tion for enriching feature patterns, two separated motion per-
ception paths are designed to process time-frequency infor-
mation via the operation defined in Equation (9), which can
be expressed in time (Xt) and frequency (Xf) forms as:

Xt = C1,3
64 (XMean), Xf = C3,1

64 (XMean) (11)
The temporal convolution employs a 1 × 3 kernel to em-

phasize interframe dynamics, capturing the continuity of the
time-oriented movement. In contrast, convolution in the fre-
quency domain applies a 3 × 1 kernel to focus on activa-
tion traits of distinct muscle fiber types. After undergoing
a series of max pooling and ReLU activation along the fre-
quency and time domains to reduce model complexity, the
two decoupled motion paths are recombined into a feature
map (Xre) with enhanced time-frequency interactions:

Xre[t, f, k] = Xt[t, f, k] · Xf[t, f, k] (12)
The fused Xre, where each channel represents a distinct freq-
band, enables convolutional sliding within these bands to
capture localized time-frequency variation patterns.

Post-Fusion. Given that rapid muscle contractions typ-
ically induce abrupt spikes in the high-frequency range,
two Depthwise Separable Convolutions (DSConv) (Chollet
2017) with 128 filters (doubling the output channels of a sin-
gle motion perception path in Equation (11)) are devised
to amplify sharp changes and localized high-energy fluc-
tuations within individual freq-bands during cross-channel
mixing. These processes can be expressed as reconstructing
the 2D time-frequency synchronization X2D as:

X2D =
∑

∆t

∑
∆f

ω(2D) · Xre[t−∆t, f −∆f ] (13)

where ω(2D) denotes a single-channel convolution kernel.
This process combines the local responses of single freq-
bands to learn multi-frequency cooperative patterns.

Subsequently, another 2D coupling stage is designed as:
Xfusion = GAP(X2D ⊗ FFN(GAP(X2D))) (14)

where GAP denotes Global Average Pooling (GAP), while
⊗ represents multiply. Through global statistical analysis
and adaptive rescaling, this top-down fusion emphasizes the
most physiologically pertinent time-frequency features.

Experiment
Experimental Setup
Comparison Consideration: To validate the performance
and efficiency of OMONet, we compared it with leading
EMG-specific models, such as DDG (Ye et al. 2023), DCNN
(Rehman et al. 2024), and DACNN (Wattanasiri et al. 2025),
as well as advanced temporal signal processing models, in-
cluding MILLET (Early et al. 2024), TS-GAC (Wang et al.
2024), and ML-TCN (Le et al. 2025). All models were ex-
ported as ONNX files to ensure a fair on-board comparison.
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Metrics DDG DCNN MILLET TS-GAC DACNN ML-TCN OMONet

Params (M) ↓ 0.123 3.790 0.267 0.159 0.034 34.485 0.078
FLOPs (G) ↓ 0.586 0.536 1.604 0.245 0.048 14.554 0.168
MACCs (G) ↓ 0.314 0.269 0.866 0.123 0.024 7.280 0.085

Flash Usage (KB) ↓ 543.2 3686.4
Overflow

648.5 149.2
Overflow

326.6
RAM Usage (KB) ↓ 335.0 558.8 577.0 503.8 555.5

Inference Latency (s) ↓ 0.28 ±0.07 0.59 ±0.03 4.29 ±0.13 0.25 ±0.07 0.33 ±0.02

1-BEMG
Acc. (%) ↑ 93.75 ±4.37 87.50 ±0.51 92.27 ±0.94 99.41 ±0.49 92.06 ±0.90 98.36 ±1.64 99.47 ±0.41

Recall (%) ↑ 91.95 ±4.50 87.51 ±0.48 92.30 ±0.97 99.38 ±0.51 92.09 ±0.94 98.34 ±1.66 99.51 ±0.29
F1-Score (%) ↑ 92.17 ±4.19 87.44 ±0.47 92.36 ±0.89 99.42 ±0.48 92.15 ±0.86 98.35 ±1.65 99.47 ±0.37

Myo
Acc. (%) ↑ 69.81 ±2.77 78.04 ±0.82 79.10 ±0.88 77.05 ±1.64 67.54 ±1.28 85.98 ±1.19 83.33 ±0.97

Recall (%) ↑ 69.78 ±2.74 78.07 ±0.81 79.22 ±0.82 76.75 ±1.75 67.48 ±1.21 85.84 ±1.26 83.36 ±0.85
F1-Score (%) ↑ 70.10 ±2.61 78.15 ±0.76 79.23 ±0.81 76.55 ±1.59 67.43 ±1.17 86.05 ±1.15 83.33 ±0.95

Yaseen18
Acc. (%) ↑ 93.69 ±2.07 92.50 ±1.03 93.17 ±1.32 91.25 ±1.25 91.00 ±1.54 94.50 ±1.37 95.50 ±1.13

Recall (%) ↑ 93.63 ±2.02 92.51 ±1.08 93.15 ±1.24 91.04 ±1.43 91.12 ±1.49 94.37 ±1.54 95.50 ±1.04
F1-Score (%) ↑ 93.58 ±1.97 92.47 ±0.99 93.16 ±1.29 91.16 ±1.27 90.95 ±1.47 94.38 ±1.54 95.39 ±1.08

Quantitative complexity analysis is grounded in three critical metrics, including (1) total number of parameters (Params) (Jiang et al.
2025), (2) floating point operations (FLOPs), and (3) multiply-accumulate operations (MACCs) (Pau and Aymone 2024).

Table 2: Performance and efficiency comparison between OMONet and leading methods on physiological signal recognition.

Badminton Actions DDG DCNN MILLET TS-GAC DACNN ML-TCN OMONet Average Acc. (%)

Ready 100.00 99.53 100.00 100.00 100.00 100.00 100.00 99.93
Clear Shot 99.58 89.35 94.94 100.00 92.42 100.00 100.00 96.61

Forehand Serve 99.17 98.15 99.70 100.00 98.86 99.37 100.00 99.32
Backhand Serve 96.25 90.28 98.51 96.73 82.57 92.17 100.00 93.79

Intercept 79.58 64.81 73.55 98.81 79.27 96.97 98.61 84.51
Lift 88.75 90.74 93.75 100.00 99.62 99.75 98.47 95.87

Net Shot 88.33 97.68 100.00 99.70 93.56 98.61 100.00 96.84
Smash 98.33 69.44 77.68 100.00 90.15 100.00 98.70 90.61

F1-Score (%) ↑ 92.17 87.44 92.36 99.42 92.15 98.35 99.47 -

Table 3: Acc. (%) comparison of OMONet and leading methods across badminton actions in the proposed 1-BEMG benchmark.

Datasets: OMONet was evaluated for EMG-based action
recognition on the proposed 1D-Badminton EMG and the
open-source Myo (Michael Lohr 2019) datasets, and its
generalization to physiological signals was further tested
through the open-source Yaseen18 (Yaseen, Son, and Kwon
2018) dataset. For overview: (1) the 1-BEMG comprises
960 EMG clips from six experienced badminton players (3
male, 3 female), recorded via 2SEMG Sensors on their dom-
inant arms during eight representative badminton actions
(provided in Figure 4), each repeated 120 times; (2) the Myo
contains 1,890 surface EMG clips from 13 subjects perform-
ing rock-paper-scissors gestures; (3) the Yaseen18 provides
1,000 heart sound clips in 5 classes: normal and four patho-
logical cardiac conditions. All datasets were randomly di-
vided into 6: 2: 2 for training, validation, and testing.

Training Details: OMONet was optimized using a batch
size of 32, the Adam optimizer (Kingma and Ba 2014), and
the Cross-Entropy Loss. The initial learning rate was set to
10-3, with a minimum threshold of 10-12. The learning rate
was reduced by 10% if the loss decreased by <10-4 for 3
consecutive epochs, and the training was terminated if the
decrease in loss was <10-4 lasted for 10 consecutive epochs.

Each model was independently trained 20 times. Exper-
iments were conducted using Python 3.9 (Ubuntu 20.04),
TensorFlow 2.13.0 (Keras 2.13.1), and CUDA 11.8. Training
and testing were performed on an NVIDIA GeForce RTX
3060 Ti GPU, while inference latency and memory usage
records were executed on an STM32H7S78-DK MCU.

Main Results
The comparison evaluates leading temporal signal process-
ing models and those oriented toward EMG or similar phys-
iological signals. Table 2 reveals that OMONet achieves an
accuracy gap of <3% compared to ML-TCN on the EMG
datasets, while using only ∼0.2% of its parameters and
∼1% of its FLOPs and MACCs, verifying its exceptional
efficiency advantage over models of high complexity while
maintaining comparable performance. Moreover, OMONet
exhibits uniformly superior performance compared to ML-
TCN on the non-EMG Yaseen18 dataset, validating its gen-
eralization advantage. Compared to lightweight models such
as STM32-deployable DACNN, OMONet exhibits higher
F1-score across all datasets, thus confirming its significant
performance superiority over high-efficiency models.
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Ablation Targets Model Complexity Deployment Efficiency Datasets Acc. (%) F1-Score (%)

w/o Motion Attention
Params (M): 0.036(-0.042)
FLOPs (G): 0.096(-0.072)
MACCs (G): 0.048(-0.037)

Flash Usage (KB): 235.4(-91.2)
RAM Usage (KB): 429.4(-126.1)
Inference Latency (s): 0.25(-0.08)

1-BEMG 90.65(-8.82)* 89.91(-9.56)*
Myo 73.80(-9.53)* 73.62(-9.71)*

Yaseen18 85.50(-10.00)* 85.49(-9.90)*

w/o Freq-Motion
Params (M): 0.055(-0.023)
FLOPs (G): 0.115(-0.053)
MACCs (G): 0.058(-0.027)

Flash Usage (KB): 244.0(-82.6)
RAM Usage (KB): 436.3(-119.2)
Inference Latency (s): 0.25(-0.08)

1-BEMG 97.07(-2.40)* 97.18(-2.29)*
Myo 76.98(-6.35)* 77.02(-6.31)*

Yaseen18 87.00(-8.50)* 87.04(-8.35)*

w/o Time-Motion
Params (M): 0.060(-0.018)
FLOPs (G): 0.115(-0.053)
MACCs (G): 0.058(-0.027)

Flash Usage (KB): 252.6(-74.0)
RAM Usage (KB): 437.7(-117.8)
Inference Latency (s): 0.27(-0.06)

1-BEMG 95.24(-4.23)* 95.17(-4.30)*
Myo 77.77(-5.56)* 76.32(-7.01)*

Yaseen18 80.16(-15.34)* 80.07(-15.32)*

w/o 1D-Mean
Params (M): 0.056(-0.022)
FLOPs (G): 0.225(+0.057)
MACCs (G): 0.116(+0.031)

Flash Usage (KB): 238.5(-88.1)
RAM Usage (KB): 1269.8(+714.3)
Inference Latency(s): 10.45(+10.12)

1-BEMG 93.75(-5.72)* 93.28(-6.19)*
Myo 74.07(-9.26)* 74.01(-9.32)*

Yaseen18 66.66(-28.84)* 66.66(-28.73)*

w/o Post-Fusion
Params (M): 0.047(-0.031)
FLOPs (G): 0.159(-0.009)
MACCs (G): 0.081(-0.004)

Flash Usage (KB): 209.9(-116.7)
RAM Usage (KB): 552.3(-3.2)

Inference Latency (s): 0.32(-0.01)

1-BEMG 90.33(-9.14)* 90.21(-9.26)*
Myo 75.13(-8.20)* 74.98(-8.35)*

Yaseen18 85.01(-10.49)* 84.92(-10.47)*

Values in () represent changes relative to full OMONet, with * marking statistically significant differences (Wilcoxon p-value<0.05).

Table 4: Ablation on the attention mechanism with two sub motion paths and the other innovative modules in OMONet.

Furthermore, the deployment results demonstrate that
OMONet efficiently utilizes memory with a Flash cost
∼60% of its Random Access Memory (RAM) usage, and
outperforms the non-deployable MILLET by achieving
∼5% higher average accuracy. Compared to other efficient
models that can also be deployed on STM32, OMONet ex-
hibits a maximum accuracy advantage of ∼16%, verifying
its feasibility in resource-constrained wearable devices.

As indicated in Table 3, OMONet stands out as the only
model that maintains >98% accuracy in all eight action
categories in 1-BEMG dataset, and achieves 100% recog-
nition accuracy in ready, clear shot, forehand serve, back-
hand serve, and net shot, while other models only achieve
<85% average accuracy on intercept. These results under-
score OMONet’s superior robustness and detection balance,
validating its efficacy in learning complex EMG patterns.

Overall, many up-to-date advanced models still face bot-
tlenecks due to the similarity of actions and model com-
plexity. OMONet’s superiority stems from its time-freq-
decoupled learning architecture, which captures fundamen-
tal temporal features via a 1D-Mean module and couples
them with a dual-stream attention network. This network
deconstructs and automatically fuses critical time and fre-
quency combinations, such as rhythm and explosive force,
accurately distinguishing actions commonly confused by
other models. The independent fast-slow decoupling and re-
coupling of time-frequency features make this design partic-
ularly suitable for detecting badminton actions with varying
intensities and amplitudes but overlapping information.

Ablation Study
Effect of Motion Attention. As shown in Table 4, Mo-
tion Attention accounts for ∼50% of OMONet’s parameters
and ∼40% of its FLOPs and MACCs, yet it contributes to
<25% of inference latency, validating the efficiency of the
dual-stream architecture for parallel time-frequency decou-
pling. Removing Motion Attention significantly degrades

OMONet’s performance due to the loss of discrete time-
frequency features (reducing the 2D-oriented Post-Fusion
module to conventional convolution layers) and results in
∼10% accuracy and F1-score drops across all datasets. This
highlights the critical role of Motion Attention in enhanc-
ing OMONet’s generalization across various physiological
signal recognition tasks under different action patterns.

Effect of Freq-Motion and Time-Motion. Table 4 indi-
cates consistent RAM in models with a single motion per-
ception path vs. Motion Attention, validating the efficiency
of the time-frequency dual-stream architecture. It also shows
that removing a motion perception path that accounts for
∼20% of memory usage, significantly degrades model per-
formance, with the removal of Time-Motion causing an up-
to-2× drop in accuracy and F1-score compared to remov-
ing Freq-Motion. These results suggest that relying solely
on a single motion perception path reduces feature informa-
tiveness by neglecting the other dimension, underscoring the
necessity of independent time-frequency learning and subse-
quent recoupling for 1D signals. Moreover, the results show
that temporal continuity outweighs frequency-domain en-
ergy distribution in influencing action recognition for physi-
ological signals, as evidenced by OMONet’s greater perfor-
mance drop when excluding the Time-Motion.

Effect of 1D-Mean. As indicated in Table 4, remov-
ing the 1D-Mean module, which accounts for ∼30% of
OMONet’s parameters, results in a more pronounced per-
formance degradation compared to eliminating a single mo-
tion perception path. Despite a <30% reduction in Flash
footprint, inference latency and RAM usage increased by
∼3000% and ∼130%, respectively. These observations in-
dicate that 1D-Mean not only accelerates inference by com-
pressing temporal and frequency intervals to compress the
dual-stream input size, but also proves that signals processed
by 1D-Mean introduce more distinctive time-frequency fea-
tures for further learning by decoupled Motion Attention.
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Figure 4: Eight badminton action categories in the proposed 1-BEMG dataset and validation of the 2SEMG Sensor and
OMONet-based whole-field action sensing network through real-world warm-up and 21-point badminton matches.

Effect of Post-Fusion. The impact of removing Post-
Fusion on accuracy and F1-score closely resembles that
of eliminating Motion Attention, as indicated in Table 4.
Moreover, the Post-Fusion induces ∼0 extra RAM us-
age and inference time, verifying its lightweight design
that does not impose additional computation burden on
the OMONet with Motion Attention. These synchronized
results also highlight the indispensable link between the
time-frequency decoupling-recoupling of Motion Attention
and Post-Fusion, where Post-Fusion stage reconstructs 2D
time-frequency synchronization from two motion perception
paths to explore time-frequency cooperative patterns.

Real-World Evaluation
Evaluation Settings. It includes two badminton matches:
(1) a one-on-one warm-up match that incorporates free
movement to evaluate actions seldom observed in formal
contests, and (2) a one-on-one 21-point formal competition.

All athletes wore a 2SEMG Sensor on their dominant
arms for continuous acquisition of EMG signals, with data
transmitted to an STM32H7S78-DK MCU hub for real-time
concurrent action recognition. Figure 4 illustrates the eight
types of badminton action that OMONet needs to detect.

Case Study. As illustrated in Figure 4, both badminton
matches demonstrate athlete-specific action distributions,
which align with the frequency patterns of actions observed
in other badminton competitions. This alignment verifies the
integrity of the EMG signals captured via 2SEMG Sensors.

The 2SEMG Sensors-OMONet network did not attain
100% recognition accuracy for detecting ready, intercept,
lift, and smash actions, consistent with the results in Table 3,
except for the ready position. Given the pronounced inher-
ent ambiguity and individual habit variations in the ready
position compared to other actions, the stable missing rate
of the ready position in both matches is understandable.

For smash, while achieving ∼92% recall in the warm-up
match, it reaches 100% recall in the formal match. This in-
dicates that the completeness rate of the action influences
the recognition results, as many actions during warm-ups
are often not fully executed. Therefore, the intercept and
lift actions, which exhibit ∼7% missing rates in the warm-
up match but exhibit near perfect recognition in the formal
match (recall>99%), resulted not only from their inherent
similarity (as the left panel of Figure 4 reveals the recog-
nition challenges caused by the action similarity), but also
from the lower rate of the action completeness in warm-ups.

Overall, the real-time, high-fidelity EMG acquisition ca-
pability of the 2SEMG Sensor enables OMONet to achieve
>98% recall in formal match scenarios with <1 s end-to-
end latency, thus validating the practical viability of the pro-
posed solution for real-world whole-field action sensing.

Conclusion
This study aims to scale action sensing from individual to
more ubiquitous group-level applications. Therefore, we de-
veloped a wearable and low-power 2SEMG Sensor to cap-
ture athletes’ EMG signals, and introduced a lightweight
time-freq-decoupled learning OMONet that enables reliable
concurrent action signal recognition with minimal computa-
tional resource consumption. Among them, the 7.2-g wire-
less 2SEMG Sensor has negligible impact on wearers, and
the OMONet demonstrates leading performance and effi-
ciency on various physiological signal datasets. To validate
the feasibility of the proposed 2SEMG Sensors-OMONet
network for whole-field action sensing, the widely partic-
ipated badminton characterized by vigorous, dynamic ac-
tions among multiple players was selected as a representa-
tive case study. Finally, the action sensing results from two
badminton matches confirm the real-time capability and reli-
ability of the proposed solution, while revealing the feasibil-
ity of extending this study to other multi-person scenarios.
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