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Abstract—Hand gesture recognition (HGR) is a fundamental
technology in human computer interaction (HCI). In partic-
ular, HGR based on Doppler radar signals is suited for in-
vehicle interfaces and robotic systems, necessitating lightweight
and computationally efficient recognition techniques. However,
conventional deep learning-based methods still suffer from high
computational costs. To address this issue, we present an Echo
State Network (ESN) approach for radar-based HGR, using
frequency-modulated-continuous-wave (FMCW) radar signals.
Raw radar data is first converted into feature maps, such as
range-time and Doppler-time maps, which are then fed into
one or more recurrent neural network-based reservoirs. The
obtained reservoir states are processed by readout classifiers,
including ridge regression, support vector machines, and random
forests. Comparative experiments demonstrate that our method
outperforms existing approaches on an 11-class HGR task using
the Soli dataset and surpasses existing deep learning models on a
4-class HGR task using the Dop-NET dataset. The results indicate
that parallel processing using multi-reservoir ESNs are effective
for recognizing temporal patterns from the multiple different
feature maps in the time-space and time-frequency domains. Our
ESN approaches achieve high recognition performance with low
computational cost in HGR, showing great potential for more
advanced HCI technologies, especially in resource-constrained
environments.

Index Terms—Reservoir computing, edge computing, time
series data, radar

I. INTRODUCTION

Hand gesture recognition (HGR) is a fundamental tech-
nology for realizing intuitive and natural human-computer
interaction (HCI) by utilizing human body movements as
input signals. Vision-based HGR methods using RGB or
depth cameras have achieved remarkable recognition accuracy
through advances in deep learning techniques [1]. However,
these approaches face several practical challenges that limit
their deployment in real-world scenarios. First, camera-based
systems are sensitive to lighting conditions, with performance
degrading significantly in low-light or backlit environments.
Second, the operating range is constrained by camera place-
ment and field of view [2].

Radar-based sensing has emerged as a promising alternative
that addresses these fundamental limitations. Radar systems
measure distance and velocity using electromagnetic waves,
enabling robust operation regardless of ambient lighting con-
ditions [3], [4]. Among various radar technologies, frequency-
modulated-continuos-wave (FMCW) millimeter-wave radar,
providing Doppler information, is particularly attractive for

gesture sensing. Operating in the high frequency band, FMCW
radar can simultaneously acquire high-resolution range and
velocity information with compact form factors suitable for
integration into consumer electronics [5], [6].

Deep learning models achieve high accuracy in HGR tasks
using FMCW radar signals, but their high computational cost
makes them difficult to deploy on edge devices requiring real-
time performance. To address the computational efficiency
challenge while maintaining high classification performance,
we present an Echo State Network (ESN)-based approach for
HGR using Doppler radar signals. ESN is a typical reservoir
computing (RC) model that employs a recurrent neural net-
work (RNN) with fixed random internal weights as a reservoir,
requiring only the training of output layer weights through
simple algorithms [7]. This architecture eliminates the need
for computationally expensive backpropagation through time,
significantly reducing training costs while maintaining the
ability to capture complex temporal dependencies in sequential
data [8].

In our method, raw radar signals corresponding to hand
gestures are transformed into feature maps in the time–space
and time–frequency domains, which are then processed with
an ESN-based approach. In a conventional single-reservoir
ESN, all feature maps are concatenated and fed into a single
reservoir. However, integrating heterogeneous information in
this manner may cause interference within the reservoir. To
address this issue, we propose an approach in which different
feature maps are independently input to multiple reservoirs,
and the resulting reservoir states are integrated and fed into
a readout layer. This approach is inspired by multi-reservoir
computing models [9], [10]. For training the readout layer, we
employ not only standard ridge regression but also support
vector machines (SVMs) and random forests.

To evaluate the effectiveness of the proposed approach,
we perform an 11-class HGR task using range–time and
Doppler–time maps derived from the Soli dataset [11]. The
results demonstrate that the proposed multi-reservoir approach
outperforms existing methods. Furthermore, we also report
results on a 4-class HGR task using the Dop-NET dataset
[12], to which a single-reservoir ESN is applied because only
a single feature map (micro-Doppler map) is provided.

Our key contributions are summarized as follows:
• This is the first work to apply an ESN-based approach

to radar-based HGR, to the best of our knowledge.



Moreover, we propose a parallel multi-reservoir ESN ar-
chitecture to mitigate the interference of multiple different
feature maps.

• Experimental results demonstrate that the proposed ap-
proach achieves 98.84% classification accuracy and out-
performs existing methods on the Soli dataset.

• The performance of the proposed approach is comprehen-
sively evaluated using cross-validation, leave-one-subject-
out, and leave-one-session-out evaluation settings.

II. RELATED WORK

A. Radar-Based Hand Gesture Recognition

Radar-based HGR has evolved significantly in the past
decade, driven by advances in both hardware miniaturization
and machine learning algorithms. Early approaches relied on
continuous-wave radar, which provides velocity information
but lacks range discrimination. FMCW radar addresses this
limitation by enabling simultaneous range and velocity esti-
mation, making it the predominant choice for modern gesture
sensing systems [4], [6].

Project Soli, developed by Google ATAP, pioneered the
use of 60 GHz FMCW millmeter-wave radar for fine-grained
gesture sensing [13]. The system employs a compact radar
module with one transmit and four receive antennas, capable
of detecting sub-millimeter movements. The original Soli
work employed statistical features such as mean, variance,
peak positions extracted from range-Doppler maps (RDMs),
combined with random forest classifiers optimized for embed-
ded deployment. This approach achieved 92.10% gesture-level
accuracy on 5-class recognition with Bayesian post-processing
for temporal smoothing.

Wang et al. [11] systematically evaluated feature engineer-
ing–based gesture recognition pipelines on the Soli dataset
and showed that performance saturates when relying on hand-
crafted, frame-level representations. Using random forest clas-
sifiers with per-frame features achieved only 26.8% accuracy
for 10-class recognition, and incorporating simple temporal
difference features improved accuracy marginally to 30.0%.
Hidden Markov Models, which explicitly model temporal
transitions, reached 35.0%, indicating that limited temporal
modeling alone is insufficient under hand-designed feature
representations. To overcome these limitations, the authors
proposed an end-to-end CNN–LSTM architecture that jointly
learns discriminative representations from range-Doppler se-
quences and captures temporal dynamics through recurrent
modeling. This approach achieved 87.17% frame-level accu-
racy, further improving to 94.15% in a leave-one-session-out
protocol.

Zhang et al. [14] improved on the CNN-LSTM framework
by replacing the convolutional backbone with ResNet-18.
The residual connections and batch normalization enabled
stable training on the relatively low-resolution 32×32 RDMs,
achieving 92.55% accuracy. However, like other deep learning
approaches, this method requires substantial GPU resources
for training and may face deployment challenges on resource-
constrained devices.

B. Reservoir Computing Approaches

RC is a computational framework consisting of a fixed
reservoir for mapping sequential inputs into a high-
dimensional feature space and a trainable readout for mapping
reservoir states into a desired output. ESN is the most widely
adopted RC model for continuous-valued signals, derived from
RNN [7]. ESN has demonstrated competitive performance
across diverse time-series tasks including speech recognition,
financial prediction, and biomedical signal processing [15].
The key insight is that a sufficiently large and appropri-
ately configured reservoir can project input sequences into
a high-dimensional state space where temporal patterns be-
come linearly separable. Since ESN has an advantage in its
computational efficiency compared with fully trainable RNNs,
this approach is promising for efficient radar-based HGR.
However, to the best of our knowledge, no prior work has
attempted this approach.

Tsang et al. [16] applied Liquid State Machines (LSM) [17],
which employs a spiking neural network-based reservoir in the
RC framework, to radar-based HGR. Their approach converts
RDM sequences to spike trains through threshold-based en-
coding, processes them through a reservoir of approximately
1,000 spiking neurons, and classifies the resulting state vectors
using various readout methods. With optimized hyperparame-
ters, this approach achieved an accuracy of 98.02% when using
SVM readout under 50:50 holdout split on the Soli dataset,
and 98.6% under 10-fold cross-validation. On the Dop-NET
dataset, it achieved 98.91% when using SVM readout un-
der 50:50 holdout splitting, and 98.6% under 10-fold cross-
validation. However, the spike encoding preprocessing adds
computational overhead, and requires careful parameter tuning
to achieve appropriate firing activity in the reservoir.

III. METHOD USED IN THIS STUDY

A. Feature Extraction

FMCW radar transmits linear frequency-modulated signals,
known as chirps. The received signal is mixed with the trans-
mitted signal to generate an intermediate frequency signal. The
RDM is then constructed through the following two-stage fast
Fourier transform (FFT) process:

• Range FFT: An FFT is applied to each individual chirp
(fast-time axis) to extract the beat frequency, which
corresponds to the target’s distance.

• Doppler FFT: A second FFT is performed across a
sequence of consecutive chirps (slow-time axis). This
detects phase shifts between chirps caused by the Doppler
effect, revealing the target’s radial velocity.

The resulting RDM is a two-dimensional intensity map
representing the reflection energy in the range-velocity do-
main. Since dynamic gestures produce non-stationary signals
where both range and velocity components vary over time,
we decompose the RDM sequence into the range-time map
(RTM) and the Doppler-time map (DTM). This transforma-
tion enables the model to capture modality-specific temporal



(a) RDM (b) RTM (c) DTM

Fig. 1: Examples of feature maps: (a) range-Doppler map
(RDM), (b) range-time map (RTM) and (c) Doppler-time map
(DTM).

Fig. 2: Examples of micro-Doppler map (MDM).

dynamics while significantly reducing the input dimensionality
for efficient processing.

RTM aggregates velocity information to emphasize range
dynamics as follows:

RTM(r, t) =
∑
d

RDM(r, d, t), (1)

where r, d, and t denote the range bin index, Doppler bin
index, and time frame index, respectively.

DTM aggregates range information to emphasize velocity
dynamics as follows:

DTM(d, t) =
∑
r

RDM(r, d, t). (2)

Fig. 1 illustrates examples of the feature maps obtained
from raw radar signals. Fig. 1(a) shows an example of RDM.
Figs. 1(b) and 1(c) show examples of the RTM and DTM,
respectively, which are generated by processing the RDM in
Fig. 1(a) according to the aggregation method described above.
The Doppler profile is centered at zero, corresponding to no
movement, whereas positive or negative values indicate motion
towards or away from the radar receiver.

The Soli dataset provides RDMs. We generate the corre-
sponding RTMs and DTMs from the RDMs for each of the
four receive antennas in our numerical experiments.

For the Dop-NET dataset, which provides only micro-
Doppler maps (MDMs) instead of RDMs, we use the MDMs
as feature maps fed into the subsequent classifier. MDMs are
obtained by applying short-time Fourier transform (STFT) to
radar signals along the slow-time dimension, capturing fine-
grained motion-induced Doppler variations over time. Fig. 2
illustrates examples of MDMs for the four types of gestures.

Fig. 3: Echo State Network architecture. The reservoir layer
contains recurrently connected nodes with fixed random
weights. Only the output layer weights Wout are trained.

We note that our method, which relies on the systematic
feature extraction described above, maintains computational
simplicity without requiring additional preprocessing steps
such as image resizing, background subtraction, or statistical
feature extraction.

B. Echo State Network (ESN)

An ESN consists of three components, which are an input
layer, a reservoir layer, and an output layer as illustrated in Fig.
3. The input layer projects the input signal u(t) ∈ RNin into
the reservoir through a fixed weight matrix Win ∈ RN×Nin ,
where N denotes the number of reservoir nodes.

The reservoir layer consists of N recurrently connected
nodes with fixed weight matrix Wres ∈ RN×N . The state
update equation with leaky integration is described as follows
[18]:

x(t+ 1) = (1− α)x(t) + αf (Winu(t+ 1) + Wresx(t)) ,
(3)

where x(t) ∈ RN is the reservoir state vector, f(·) = tanh(·)
is the activation function, and α ∈ (0, 1] is the leaking rate
that controls the trade-off between memory retention and input
responsiveness. The spectral radius ρ = max |eigs(Wres)| is
a critical hyperparameter. To ensure that reservoir dynamics
depend only on input history after a transient period, ρ is
typically scaled to values near or slightly below 1.0. Larger ρ
values enable longer memory but risk instability.

When we use a linear readout, the model output is given by
the weighted sum of the reservoir states as follows:

y(t+ 1) = Woutx(t+ 1), (4)

where Wout is the only trainable output weight matrix. For
classification tasks, generally, we use the final reservoir state
after processing the complete input sequence, and train Wout

using ridge regression with regularization parameter λ to
prevent overfitting. The optimal output weight matrix Wout is
obtained by minimizing a regularized least-squares objective,
which admits a closed-form solution given by

Wout = YX>
(
XX> + λI

)−1
, (5)

where X denotes the matrix of collected reservoir states and
Y represents the corresponding target labels.

In addition to the linear readout trained by ridge regression,
we also test nonlinear readouts as described in Sec. IV-B.



Fig. 4: Multi-reservoir ESN architecture. The M independent
reservoirs process RTMs and DTMs obtained from multiple
antenna channels. Final states of all the reservoirs are con-
catenated and then fed into a readout classifier.

C. Multi-Reservoir ESN

The Soli dataset provides radar signals collected from four
receive antennas, producing four-channel RDM sequences.
Converting each channel to RTM and DTM yields eight
distinct feature maps per sample. These inputs possess inher-
ently different characteristics because RTM emphasizes spatial
range dynamics, whereas DTM captures velocity patterns, and
each antenna channel observes the gesture from a slightly
different spatial perspective.

Feeding all eight maps into a single reservoir in the ESN
may cause interference between modalities, since the shared
reservoir dynamics must simultaneously encode heterogeneous
signal characteristics. To address this issue, we adopt a multi-
reservoir ESN architecture illustrated in Fig. 4, inspired by
grouped ESNs and parallel multi-reservoir architectures [9],
[10].

Each input feature map is processed by an independent
reservoir consisting of a relatively small number of nodes. All
reservoirs of the same size operate in parallel, allowing each
reservoir to learn modality-specific dynamics. Once the input
sequence has been fully processed, the final state vectors of
all reservoirs are concatenated to construct a unified reservoir
state given by

r = [xT
1 ,x

T
2 , . . . ,x

T
M ]T ∈ RMN , (6)

where N represents the number of nodes in each reservoir and
M indicates the number of feature maps. This concatenated
vector r is used as the input to the readout (see Sec. III-D).

This architecture provides several advantages. First,
modality-specific temporal features can be preserved while
minimizing cross-interference between heterogeneous inputs.
Second, each reservoir can be configured to better accommo-
date the characteristics of its corresponding input modality.
Third, the use of relatively small individual reservoirs reduces
the computational cost per reservoir, while the parallel com-
bination yields a rich and expressive feature representation.

D. Readout Classifier

We test the following four readout classifiers.

Fig. 5: Set of hand gestures included in the Soli dataset
[11]: (0) Pinch index, (1) Palm tilt, (2) Finger slider,
(3) Pinch pinky, (4) Slow swipe, (5) Fast swipe, (6)
Push, (7) Pull, (8) Finger rub, (9) Circle and (10) Palm
hold. Sample images from the deep-soli GitHub repository
(https://github.com/simonwsw/deep-soli), licensed under MIT
License.

• Ridge Regression (RRL): A linear classifier with L2

regularization, where the regularization coefficient λ is
set to 0.1. This classifier admits a closed-form solution,
enabling fast and efficient training as described in Sec.
III-B.

• Ridge Regression with Nonlinear Transformations
(RRN): Ridge regression applied after a nonlinear
feature expansion to the unified reservoir state. The
feature expansion is represented as follows:

Ψ(r) = [1, rT , tanh(r)T ]T . (7)

The tanh transformation exploits the saturation charac-
teristics of reservoir states, sharpening class boundaries.
This expansion enables the ridge regression to capture
nonlinear decision boundaries while maintaining the com-
putational benefits of closed-form training.

• Support Vector Machine (SVM): A support vector classi-
fier with an RBF kernel using a regularization parameter
C set to 10.0 and a kernel coefficient γ determined by the
scale heuristic. This model aims to maximize the margin
for robust classification.

• Random Forest (RF): Ensemble of 300 decision trees.
This model handles high-dimensional features and pro-
vides robustness to outliers.

IV. EXPERIMENTAL SETUP

A. Datasets

We evaluate our method on two widely used benchmark
datasets for radar-based HGR, namely the Soli dataset [13]
and the Dop-NET dataset [12].

The Soli dataset was collected using a 60GHz FMCW
millmeter-wave radar module with one transmit and four re-
ceive antennas. The dataset comprises 2,750 samples spanning
11 gesture classes. Fig. 5 illustrates the set of hand gestures
included in the Soli dataset. These gestures represent a diverse
range of hand movements relevant to HCI applications, from
fine finger manipulations to gross hand motions. Ten subjects
participated in data collection, each performing 25 repetitions



TABLE I: Set of hand gestures included in the Soli dataset

Person (0) (1) · · · (9) (10) Total
S1 25 25 · · · 25 25 275
S2 25 25 · · · 25 25 275
...

...
...

...
...

...
...

S9 25 25 · · · 25 25 275
S10 25 25 · · · 25 25 275
Total 250 250 · · · 250 250 2750

Fig. 6: Set of hand gestures included in the Dop-NET dataset
[12]. Figure reproduced with permission from John Wiley and
Sons.

of each gesture across multiple sessions. Table I shows the
number of samples for each subject and each gesture. Each
frame produces a 32×32 complex-valued RDM from each of
the four receive channels, and the resulting data sequences are
of variable length, ranging from 28 to 145 time steps.

The Dop-NET dataset consists of radar-based hand gesture
recordings collected using a 24 GHz FMCW millimeter-wave
radar system equipped with one transmit antenna and two
receive antennas. However, only the MDMs acquired from
a single receive antenna are included in the dataset. The
dataset comprises multiple gesture categories commonly used
in micro-Doppler-based HGR. Fig. 6 illustrates the set of hand
gestures included in the Dop-NET dataset. Six participants
contributed to the dataset, with each subject performing re-
peated executions of each gesture across several recording
sessions. We use the total of 2,433 samples included in the
dataset. Table II shows the number of samples for each subject
and each gesture. Each gesture exhibits a distinct temporal
duration, reflected in the varying lengths of the time axis,
which range from 43 to 540 time steps, while the Doppler
dimension is fixed to 800 bins.

B. ESN Configuration

For the Soli dataset, both a single-reservoir model and a
multi-reservoir model are evaluated to enable a fair compar-
ison between the two architectures. As the Dop-NET dataset
involves only a single receive antenna, a single-reservoir ESN
architecture is used. Table III summarizes the ESN hyperpa-
rameters. Hyperparameter optimization was performed using
Gaussian process–based Bayesian optimization implemented
in scikit-optimize (skopt) via the gp minimize function [19].

C. Evaluation Protocols

Classification performance is evaluated using accuracy as
the primary metric. In addition to recognition accuracy, com-

TABLE II: Set of hand gestures included in the Dop-NET
dataset

Person Swipe Click Pinch Wave Total
A 64 105 98 56 323
B 72 105 116 112 405
C 80 137 132 85 434
D 71 93 112 70 346
E 91 144 98 56 389
F 101 208 140 87 536
Total 479 792 696 466 2433

TABLE III: ESN Hyperparameter Configuration

Parameter Single-Res.
(Soli)

Multi-Res.
(Soli)

Single-Res.
(Dop-NET)

Reservoir nodes 500 50 (each) 1000
Spectral radius 0.95 0.95 1.1
Input scaling 0.1 1.0 0.4
Density 0.3 0.9 0.05
Leaking rate 0.01 0.0263 0.05

putational efficiency is assessed by measuring the execution
time, including both training time and inference time.

We employ four evaluation protocols to comprehensively
assess model performance, as described below.

1) 50:50 Holdout Split: Random partition into equal train-
ing and test sets. This setting provides a baseline per-
formance estimate.

2) 10-Fold Cross-Validation: Stratified random partitioning
into 10 folds with rotation. The results are given by mean
accuracy and standard deviation across folds.

3) Leave-One-Subject-Out: Each fold holds out one sub-
ject’s data for testing, and training is performed on
the remaining subjects. This stringent protocol evaluates
generalization to completely unseen individuals, reflect-
ing practical deployment scenarios where the system
must work for new users without retraining.

4) Leave-One-Session-Out: For each subject, the data are
divided into training and test sets in a 50:50 ratio
based on recording sessions, with each split used in
turn for training and evaluation. This protocol evaluates
temporal generalization and robustness to within-subject
variations across recording sessions.

V. RESULTS AND DISCUSSION

A. Classification Performance (50:50 Holdout Split And 10-
Fold Cross Validation)

Table IV presents classification accuracy across reservoir
configurations and readout methods in all the evaluation pro-
tocols. Hereafter, we denote single-reservoir and multi-resevoir
models as SR and MR, respectively. We extend this notation
to include the readout classifier name (e.g., SR-SVM denotes
a single-reservoir model with an SVM classifier).

For the Soli dataset, the MR model consistently outperforms
the SR model across all protocols and classifiers. To achieve
the highest accuracy, we apply the RRN readout only to the



TABLE IV: Classification Accuracy (%) on Soli and Dop-NET Datasets

Single-Res. (Soli) Multi-Res. (Soli) Single-Res. (Dop-NET)

Evaluation RRL SVM RF RRL RRN SVM RF RRL SVM RF

50:50 split 92.90 96.80 94.70 97.89 98.84 97.09 96.95 91.62 94.74 91.21
10-fold CV 93.96±1.29 97.27±1.11 95.42±1.65 98.07±0.67 98.73±0.69 97.53±0.90 96.84±1.08 92.44±2.13 95.73±1.37 92.81±1.71
Subject-Out 85.45±8.37 89.71±6.59 82.00±8.98 90.51±6.32 92.62±5.66 90.65±7.00 87.20±8.75 64.12±9.12 61.91±10.01 62.56±11.24
Session-Out 96.59±1.74 98.48±1.35 97.73±1.56 97.34±2.52 97.20±2.58 98.51±1.31 97.97±1.63 98.39±1.31 97.99±1.64 95.68±3.67

generally better-performing multi-reservoir models. The MR-
RRN achieves the highest accuracy of 98.84% on holdout split,
representing a 0.95 percentage point improvement over MR-
RRL at 97.89%, and a 5.94 percentage point improvement over
SR-RRL at 92.90%.

Under 10-fold cross-validation, MR-RRN achieves
98.73%±0.69%, with notably lower standard deviation
indicating stable performance across folds. For SVM and
RF readouts, transitioning from a SR to a MR results
in a performance improvement of approximately 0.3–2%.
These results imply that the MR configuration can mitigate
interference between feature maps, leading to improved
classification performance.

Notably, MR-RRL achieves higher accuracy than MR-SVM
and MR-RF. In contrast, in the SR, nonlinear classifiers
achieve substantially higher accuracy than RRL. These results
suggest that introducing a proposed architecture enables linear
classifiers to achieve strong performance.

On the Dop-NET dataset, the SR-SVM achieves a peak
accuracy of 97.13% under 10-fold cross-validation, while the
average classification accuracy reaches 94.74%. By mapping
the 800 Doppler bins of the MDM into the reservoir, the
feature representation is enriched, which facilitates more ex-
pressive representations.

B. Class-Dependent Performance
Under the 10-fold cross validation protocol, we analyze a

confusion matrix to reveal gesture-specific recognition char-
acteristics. Fig. 7 shows the confusion matrix for the Soli
dataset using the MR-RRN, where each element represents
the number of classified samples. Gestures involving large-
scale hand motions, including palm tilt, slow swipe, fast swipe,
push, pull, finger rub, circle (Figs. 5(1), (4), (5), (6), (7), (8)
and (9)) achieve perfect recognition accuracy. These gestures
generate strong and distinctive Doppler patterns, enabling
reliable discrimination.

In contrast, two gesture classes exhibit relatively lower
recognition performance, pinch index (Fig. 5(0)) and pinch
pinky (Fig. 5(3)). Pinch index and pinch pinky consist of
subtle finger-level movements with similar hand postures,
which increases inter-class confusion. Furthermore, the range
resolution of the 60 GHz radar, approximately four millime-
ters, is comparable to the scale of finger motions, limiting
the separability of such fine-grained gestures. However, since
these samples are not misclassified as Palm Hold (Fig. 5(k)),
the results suggest that the radar is capable of detecting subtle
motions, although it may not sufficiently discriminate fine-
grained differences among these gesture classes.

Fig. 7: Confusion matrix summed over the 10 folds, obtained
using the multi-reservoir ESN with RRN for the Soli dataset.

Fig. 8: Confusion matrix summed over the 10 folds, obtained
using the single-reservoir SVM for the Dop-NET dataset.

Fig. 8 shows the confusion matrix for the Dop-NET dataset
using the SR-SVM. To account for class imbalance, values are
expressed as accuracy rates in percentage. Each cell reports
both the number of samples classified into the corresponding
class and the associated accuracy.

The wave gesture achieves the highest recognition accuracy
among all classes. As wave is a repetitive action, it consists of
relatively longer time steps compared to other gestures. This
likely enables the reservoir to capture richer temporal patterns,



which contribute to the improved classification performance.
The recognition accuracy for click and pinch gesture is low
compared to other classes. A possible cause is that the Dop-
NET dataset contains samples with high noise levels. Since
our method does not perform explicit preprocessing or noise
removal, these noise components likely degrade the quality
of the extracted feature representations. In particular, when
two gesture classes exhibit highly similar motion patterns,
additional reflections from the wrist or other body parts can
be captured as noise, making it difficult to reliably distinguish
between them and thereby adversely affecting classification
performance.

C. Cross-Subject And Cross-Session Performance

Under the leave-one-subject-out evaluation, MR-RRN

achieves an accuracy of 92.62% on the Soli dataset, accompa-
nied by an increased standard deviation compared to 10-fold
cross-validation, indicating substantial inter-subject variability.
While recognition rates exceeds 95% for certain subjects, they
drop below 85% for others. In contrast, under the leave-
one-session-out evaluation, MR-SVM achieves a substantially
higher accuracy of 98.51%.

Under cross-subject evaluation, the Dop-NET dataset yields
considerably lower performance, with average accuracies
around 60%. To date, no model has been reported to exceed
70% average accuracy under split cross-validation, underscor-
ing the substantial inter-subject variability and the difficulty
of achieving robust generalization. In contrast, under cross-
session evaluation, the Dop-NET dataset attains an accuracy
of 97.99% using SR-SVM, indicating substantially higher
performance than in the cross-subject setting.

These results suggest that gesture representations remain
highly consistent across sessions for the same individual,
making within-subject generalization considerably easier than
cross-subject generalization.

Furthermore, when viewed separately for each dataset, it
becomes evident that the performance under the leave-one-
subject-out evaluation differs significantly, with Dop-NET
showing substantially lower performance than Soli. One possi-
ble reason for this gap is the difference in operating frequency
between the two sensors. While Soli operates in the 60 GHz
band, Dop-NET operates in the 24 GHz band, resulting in a
considerable difference in Doppler sensitivity. This difference
can be explained by the Doppler frequency formulation as
follows:

fd =
2vf

c
, (8)

where fd is the Doppler frequency, v is the velocity of the tar-
get, f is the carrier frequency, and c is the speed of light. This
equation indicates that a higher carrier frequency produces
a proportionally larger Doppler frequency shift for the same
target velocity. Therefore, Soli can capture velocity changes
associated with subtle movements more sensitively than Dop-
NET. This difference is particularly critical for fine motions. In
Dop-NET, subtle inter-subject variations in Doppler patterns
for the same gesture are not sufficiently resolved and tend to

TABLE V: Computational Time Analysis

Dataset Configuration Training [s] Inference [ms/sample]

Soli Single-Res. RRL 2.91 2.04
Single-Res. SVM 2.92 2.11
Single-Res. RF 3.14 2.06

Multi-Res. RRL 1.80 1.32
Multi-Res. RRN 1.88 1.36
Multi-Res. SVM 2.23 1.65
Multi-Res. RF 2.43 1.63

Dop-NET Single-Res. RRL 7.39 6.36
Single-Res. SVM 7.49 6.45
Single-Res. RF 7.64 6.39

TABLE VI: Comparison with Existing Methods on Soli and
Dop-NET Datasets

Method Best
Accuracy Dataset Data Split Reference

CNN + RNN 77.71% Soli 50:50 [11]
CNN + LSTM 87.17% Soli 50:50 [11]
LSM 98.02% Soli 50:50 [16]
ESN (MR-RRN) 98.84% Soli 50:50 this work

LSM 98.91% Dop-NET 50:50 [16]
ESN (SR-SVM) 94.74% Dop-NET 50:50 this work

be superimposed as noise on the micro-Doppler spectrogram,
thereby reducing inter-class feature discriminability. Further-
more, since the ESN employed in this study operates directly
on input signals without any preprocessing, it is inherently
more susceptible to noise and clutter.

D. Execution Time

Table V summarizes training and inference times measured
on a standard PC equipped with an AMD Ryzen 9 9950X
16-core (32-thread) processor and 128 GB RAM. On the Soli
dataset, per-sample inference times range from approximately
1.3 to 2.1 ms, and training completes within 3 seconds for all
configurations under the 50:50 hold-out split. In contrast, for
the Dop-NET dataset, inference times are approximately 6 ms
per sample, and training times are around 7 seconds.

Based on the Soli results, the MR demonstrates advantages
over the SR in terms of both training and inference time. Since
these times depend on the dimensionality of the reservoir states
used for readout, which corresponds to the total number of
reservoir nodes, setting this dimensionality smaller than that
of the SR enables the efficiency gains achieved by the MR.

E. Comparison with Other Methods

Table VI compares our method with existing approaches
under comparable evaluation protocols.

On the Soli dataset, our approach outperforms all compared
methods. Notably, the proposed architecture achieves an accu-
racy that is 0.82 percentage points higher than the best score
obtained by LSM, which similarly utilizes RC but necessitates
complex spike encoding preprocessing. When compared to
deep learning models such as CNN-LSTM, our multi-reservoir
ESN approach provides a performance gain ranging from 6 to



11%. This superior classification accuracy is achieved while
requiring orders of magnitude fewer trainable parameters,
highlighting the significant efficiency of the proposed model.

For the Dop-NET dataset, the obtained results indicate
that RC-based models, such as ESN and LSM, are well
suited to this task. The temporal dynamics and Doppler-
centric representations contained in Dop-NET can be effec-
tively captured by these models without relying on complex
feature engineering or deep architectures. This observation
suggests that the intrinsic memory and nonlinear processing
capabilities of reservoir computing provide a natural match to
the characteristics of the Dop-NET dataset.

VI. CONCLUSION

This work presented an ESN-based approach with a parallel
multi-reservoir architecture for hand gesture recognition using
Doppler radar signals. To leverage different types of feature
maps extracted from raw radar signals and prevent their inter-
ference within the reservoir, we integrated those information
at the stage of readout computation. The experimental results
with the Soli dataset demonstrated that the proposed model
outperforms the single-reservoir counterpart and other tested
models.

Based on the results of this study, several directions for
future work can be considered. First, the expansion of recogni-
tion targets is an important direction. While this study focused
on hand gestures, it can also be applied to non-contact monitor-
ing such as gait analysis and identification of activities of daily
living. Validating the dynamic pattern recognition capability of
ESN for these diverse targets represents an extremely mean-
ingful endeavor. Second, improving robustness in real-world
environments is required for practical applications. Separating
the target signal becomes challenging in environments where
multiple people are present simultaneously or where dynamic
background noise exists. Third, model implementation and
optimization for resource-constrained edge devices are key
challenges. ESN is highly suitable for embedded systems due
to its extremely low computational load for both learning and
inference. Running this method in real-time on hardware and
evaluating its power efficiency and responsiveness represents
a crucial step toward practical implementation.
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