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∗∗ CEA, List, Université Paris-Saclay, Palaiseau, 91120, France
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Abstract: Exoskeletons can reduce physical effort and the risk of work-related musculoskeletal
disorders by providing robotic assistance in repetitive tasks. Designing exoskeletons that
seamlessly assist human users without disrupting their natural movements poses a significant
challenge, necessitating accurate prediction and adaptation to their motion intent. Particularly,
an erroneous detection of motion intent could result in large adversarial effects where the
exoskeleton resists the user’s desired movement. We propose to analyze the possibility of early
and accurate intent detection using only kinematic information and quantify the disturbance
that a failed intention detection could entail. We evaluate different classification methods
with voluntarily ambiguous experimental data on the intention underlying reaching movements
towards four targets in a parasagittal plane. We show that, while recent advances in time series
classification —namely using a convolutional and residual neural network— can enable earlier
and more accurate intent detection, an informed adaptation of the assistance according to the
classification’s confidence level is necessary.

Keywords: Learning robot control; Haptic interaction; Adaptive robot control

1. INTRODUCTION

Exoskeletons have proven effective in assisting human
movement across various applications, from rehabilitation
Proietti et al. (2016) to workplace ergonomics Nussbaum
et al. (2019). By targeting specific joints or muscles, ex-
oskeletons can reduce strain, mitigate musculoskeletal dis-
orders, and improve endurance. However, ensuring seam-
less and natural integration with the human user remains a
significant challenge due to the high complexity, variability
and adaptability of their movements.

To collaborate effectively with humans, robots must an-
ticipate and predict their partners’ motion intent Li et al.
(2022). In other words, the robot must rapidly identify the
target and predict the intended trajectory to provide ef-
fective assistance. In human-exoskeleton interaction, early
and accurate intent detection is critical, as the exoskeleton
must anticipate the user’s goal to adapt assistance ap-
propriately throughout the movement. Inaccurate intent
detection can lead to adversarial effects, causing the ex-
oskeleton to act towards an incorrect goal. To improve
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intent detection, the use of biosignal cues such as EEG
as done in Huang et al. (2021) EMG, as in the work of
Trigili et al. (2019), or gaze as in Dermy et al. (2019) can
be exploited. However, integrating dedicated sensors to
measure these biosignals increases system complexity and
hinders broader exoskeleton adoption, despite advances in
sensor calibration (e.g. Quesada et al. (2024) for EMGs).

To avoid complex biosignals, learning-by-demonstration
(LbD) schemes use user-demonstrated movements to build
a motion dictionary, enabling exoskeletons to recognize
and assist these movements. In this work, we employ
the learning-by-demonstration (LbD) scheme proposed in
Martinez et al. (2019) and later adapted for upper-limb
exoskeletons in Jamšek et al. (2021). The intent detection
problem can thus be expressed as a classification problem
with a partial observation of the incoming movement.

This classification task involves early recognition of a
new observation’s class (i.e., the goal or target) from a
dictionary of learned motions, enabling accurate predic-
tion of the human user’s intended motion. This problem
proves to be challenging when only kinematic information
is measured through the exoskeleton’s internal encoders, as
shown in Dermy et al. (2019). Specifically, when demon-
strated trajectories overlap significantly, identifying the
movement class becomes challenging. Probabilistic meth-
ods such as Gaussian mixture models (GMMs as in Cali-
non and Lee (2019) or Luciani et al. (2024)), probabilistic



flow tubes (PFTs as in Pérez-D’Arpino and Shah (2015)),
probabilistic movement primitives (ProMPs as in Dermy
et al. (2017)) or support vector machines (SVMs as in Cao
et al. (2009)) have been employed to address this type of
problem. Recent advances in time series classification using
neural networks have also been applied to this problem, as
done in the work of Elkholy et al. (2020). The work of
Ismail Fawaz et al. (2019) identified the residual neural
network (ResNet), previously applied for time series clas-
sification in Wang et al. (2017) and Geng and Luo (2018),
as the most effective approach for this classification task.

In this work, we propose a hybrid convolutional and resid-
ual neural network architecture to address this classifica-
tion challenge. We evaluate its performance using post-
hoc data from assistive trials of reaching movements in a
parasagittal plane, conducted with the ABLE 7D upper-
limb exoskeleton under a standard velocity-field-based flow
controller. By leveraging post-hoc data, we assess per-
formance under conditions reflective of real-world use.
Our results demonstrate that this classifier outperforms
traditional probabilistic approaches (e.g., GMMs, SVMs,
and ProMPs) and provide a preliminary investigation into
whether the performance gains can mitigate adversarial
effects caused by misclassification during assistive trials.

2. MATERIALS AND METHODS

2.1 Intent Classification

In this study, we evaluated the performance of four clas-
sifiers in our application. We included GMM, SVM, and
ProMPs as baseline methods, given their established use
for this problem, and provide a brief overview of these
approaches. In contrast, we present a detailed description
of our proposed architecture, which combines ResNet and
long short-term memory (LSTM) networks.

1) Probabilistic approaches

Support Vector Machines (SVM) is a supervised
learning algorithm for classification and regression. In this
work we use SVM with a radial basis function (RBF)
kernel. Once the SVM is trained, it predicts class labels for
new data points by calculating the decision boundary. The
SVM then estimates posterior probabilities for each class
by applying Platt scaling, which fits a sigmoid function
to the SVM’s decision scores. The predicted class is then
assigned based on the highest posterior probability.

Gaussian Mixture Models (GMM) and Probabilis-
tic Movement Primitives (ProMPs) encode the train-
ing data into one distribution per target, resulting in four
distinct distributions. The likelihood of a new partial ob-
servation belonging to each distribution is computed and
compared to determine the classification.

2) Proposed Neural Network: ResNet + LSTM

ResNet: Residual Convolutional Encoder. We start
by applying a one-dimensional (1D) convolutional layer,
followed by a series of residual blocks inspired by the
ResNet architecture of He et al. (2016) adapted for time
series classification in the work of Ismail Fawaz et al.
(2019). Each residual block contains consecutive 1D con-
volutions, Batch Normalization (BN), and ReLU activa-
tion, combined with a skip connection that bypasses these
convolutional transformations. This skip connection helps
prevent the vanishing gradient problem, thereby ensuring
smoother gradient flow through deeper layers. Together,
these residual blocks enable the network to extract robust

local patterns and spatiotemporal features from the input
sequences.

LSTM-based Temporal Modeling. After local features
have been extracted, we transpose the output feature
maps to the shape (batch size, sequence length, channels)
and pass them to an LSTM layer. This LSTM captures
temporal dependencies over longer portions of the input se-
quence. Unlike simple recurrent cells, the LSTM’s memory
gating mechanisms (input, output, and forget gates) more
effectively manage long-range dependencies. The final hid-
den state of the LSTM serves as a learned summary of the
entire sequence, which can then be used for classification.

Residual Block. Let x be the input to a residual block
and F(x) represent the sequence of operations in the block
(Conv1D, BN, ReLU). A skip connection is added so that
the output y is:

y = ReLU
(
F(x) + x

)
.

This formulation ensures that gradients can flow directly
from later layers to earlier layers during backpropagation.

LSTM Layer. The LSTM processes the output from the
convolutional encoder. At each time step t, the hidden
state ht and cell state ct are updated based on:

ft = σ
(
Wf [ht−1;xt] + bf

)
,

it = σ
(
Wi [ht−1;xt] + bi

)
,

ot = σ
(
Wo [ht−1;xt] + bo

)
,

c̃t = tanh
(
Wc [ht−1;xt] + bc

)
,

ct = ft ⊙ ct−1 + it ⊙ c̃t,

ht = ot ⊙ tanh(ct).

where ft, it, ot represent forget, input, and output gates,
respectively, and ⊙ denotes element-wise multiplication.
The final hidden state hT after T time steps encodes the
temporal information of the entire sequence. The symbols
Wf ,Wi,Wo,Wc (and biases bf ,bi,bo,bc) are the learn-
able weight matrices in the LSTM cell. Specifically, Wf is
for the forget gate, Wi for the input (or update) gate, Wo
for the output gate, and Wc (sometimes written as Wg or
Wc̃) for the candidate cell state.

Classification Layer. The final hidden state hT is passed
through a fully connected layer to produce logits for each
class y ∈ {1, 2, . . . , C}:

ŷ = Wfc hT + bfc,

where C is the total number of classes (C = 4 in our
application). We use cross entropy loss during training:

L = −
C∑

c=1

yc log
(
Softmax(ŷ)c

)
.

Data Preprocessing. Each input sequence is arranged
as a 3D tensor (batch size, channels, T ), where T is the
temporal length. Our data’s multiple features (position
and velocity) each treated as a separate channel.

Optimization. We train the network using stochastic
gradient descent (e.g., Adam), iteratively updating the
parameters to minimize the cross-entropy loss. Batch Nor-
malization and skip connections in the residual blocks
are used to stabilize training and to mitigate vanishing
gradients.

2.2 Flow Controller

To obtain relevant and challenging data for our classifica-
tion evaluation, we use the ABLE upper limb exoskeleton
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Fig. 1. Left panel: Representation of the exoskeleton’s reachable space, targets, and initial position in the para-sagittal
plane. Right panel: Experimental setup. Participants initiated reaching movements from the initial position toward
a target, activating assistance using control buttons.

to assist reaching motions in a para-sagittal plane. We
use a state-of-the-art Flow Controller (FC) proposed by
Jamšek et al. (2021) for this purpose. This FC predicts
upcoming trajectory using ProMPs and modulates an as-
sistance around this prediction. In this section we briefly
introduce this FC and the trajectory prediction method
but we refer the reader to the original paper for a complete
presentation of this controller.

ProMP Encoding and Prediction. ProMPs Paraschos
et al. (2013) are employed to encode both demonstrated
and artificial trajectories into a probabilistic framework.
The trajectories are represented as weight vectors associ-
ated with Gaussian basis functions. Observations of partial
movements are used to condition the learned distribution,
enabling real-time prediction of the remaining trajectory.
The prediction is updated continuously at 20 Hz during the
assistive task, ensuring responsiveness to user movements.

Flow Controller. The FC consists of a velocity-field-
based controller, which creates a flow field that is shaped
based on a reference path (the prediction obtained with
ProMPs inference). The controller proposes a compromise
between a corrective and assistive effort based on the
distance to the reference path. The assistive force is
modulated according to the current hand velocity.

2.3 Experimental setup

We conducted an experiment with 11 participants. The
experimental design and protocol are outlined below.

Task The experiment consisted of two blocks. In the
first block, participants performed 15 reaching movements
toward four targets (T1, T2, T3, T4) positioned in front of
them, as shown in Fig. 1. These demonstrations trained the
ProMPs for each target to predict upcoming movements.
The remaining block involved the same reaching move-
ments assisted by a flow controller Jamšek et al. (2021),
conducted in a random order.

Participants Eleven healthy, right-handed adults (3 fe-
male; mean age: 29.91 ± 2.39 years; height: 1.75 ± 0.1 m;
weight: 67.09±12.27 kg) participated. All were free of neu-
rological disorders or injuries. Written informed consent
was obtained in accordance with the Helsinki declaration,
and the study was approved by the local ethics committee.

Data Collection The reaching task was performed using
the ABLE upper-limb exoskeleton Garrec et al. (2008),
which features seven active joints replicating human shoul-
der, elbow, and wrist motion. Movements were measured
via the exoskeleton’s encoders at 1 kHz.

3. RESULTS

In this section we first compare the result of our proposed
classifier to other classic classifiers of the literature. Then,
we analyze whether the performance of this classifier could
be enough for early motion detection using kinematic data
only.

3.1 Accuracy comparison of our Neural Network with
GMMs, SVMs and ProMPs.

To investigate the effects of earliness on classification
accuracy for each of these classifiers, we evaluate their
performance after 10%, 15% and 20% of the motion is
demonstrated. Each method is trained with the position
and velocity trajectories for each target. The mean and
standard deviation of the accuracy for each method is
computed with a 10-fold cross validation across 30 move-
ments per target per participant (1320 movements in total,
330 per target). Movements lasted on average 0.7 ± 0.2,
1.0 ± 0.2, 0.9 ± 0.2 and 1.2 ± 0.2 s for Target 1 through
4 respectively. Results can be found in Table 1. We val-
idated an accuracy of 1 for all classes before the end of
the movement (at 50% for Targets 1 and 2 and at 85%
for Targets 3 and 4). This result is consistent with the
Bhattacharrya coefficient shown in Fig. 2 as they show
that the overlapping of the distributions end around these
percentages of the trajectories.



Fig. 2. Bhattacharrya coefficient for each target movement sets. Pairwise computation of the Battacharya coefficient is
plotted for each target. Mean value in plain line, mean and max value of the coefficient represented in dashed lines.

Table 1. Classifiers accuracy comparisons at
different early phase of the movement

Accuracy at 10% 15% 20%

GMMs 0.49 ±0.08 0.49 ±0.07 0.66 ±0.06

SVMs 0.35 ±0.02 0.35 ±0.01 0.42 ±0.04

ProMPs 0.37 ±0.02 0.35 ±0.03 0.48 ±0.11

ResNet + LSTM 0.67 ±0.07 0.69 ±0.05 0.76 ±0.07

3.2 Distribution Distance Analysis

As per design of our experimental setup, an ambiguous
region of the reaching movement is present at the move-
ment start as the starting position is the same for each
motion. This distance between each movement distribu-
tion classified per target can be represented using the
Bhattacharya coefficient. This coefficient can help quantify
how much two distributions overlap each other, which
can directly inform on the ambiguity of a classification
problem. If the coefficient is null, the distributions are
entirely distinct and classification is immediate, whereas if
the coefficient is equal to 1, the classification is impossible
at this stage. Using the formulation of the ProMPs, we
encoded the kinematic results of our experimental results
into Gaussian distributions. The resulting Bhattacharya
coefficient is plotted along the phase for each target in
Fig. 2. These distributions are 4-dimensional multivariate
Gaussians and include the position and velocity result as
represented by the ProMP framework.

3.3 Assistance Error Estimation

One could argue that, if the classification is erroneous, its
impact could be limited by the fact that the assistance is
likely similar at this phase as trajectories align. To evaluate
this argument we calculate the average norm and direction

error that classification to an erroneous target would entail
throughout the assistive trials. The mean of these errors
are represented for all assistive trials for target 3 in Fig. 3.

3.4 Classification Results

Finally, we evaluate the per-class accuracy of our classifier,
along with its per-class false positive rate Fig. 4. We
employed 10-fold cross validation across all assistive trials.
The reaching motions toward Target 1 are more easily clas-
sified, as supported by the lower Battacharrya coefficient
and represented in Fig. 2 when pairwise comparisons is
achieved with target 1 distributions.

In summary, the comparison results demonstrated that our
classifier consistently outperformed classical probabilistic
methods for the considered data set. However, even af-
ter 30% of the trajectory, the classifier’s accuracy and
false positive rate revealed persistent misclassifications.
We quantified the potential adversarial effects of these
errors by computing the average direction and force er-
rors that would result from misclassification (see Fig. 3).
While the errors were relatively low during the early and
ambiguous stages of movement, they could not be disre-
garded. Specifically, a mean direction error of 20° in these
regions indicates that the classifier’s performance would
be insufficient to fully prevent adversarial effects.

4. DISCUSSION

In this paper, we leveraged recent advances in time series
classification for early intent detection of human reaching
trajectories. We analyzed the applicability of our approach
using post-hoc data of repetitive trials with a state-of-the-
art LbD assistive control scheme (the Flow Controller of
Martinez et al. (2019) and Jamšek et al. (2021)) imple-
mented in the ABLE upper-limb exoskeleton. Our results



Fig. 3. Norm and direction error applied by the assistive force in the event of a misclassification of the movements across
all assistive trials for target 3. Mean in plain line and standard deviation represented by the shaded area

Fig. 4. LSTM classifier per class accuracy and false positive ratio at different phase. Classification occurs at a fixed
timestep to reflect real life usage of the classifier (phase is not obtainable at the moment of the classification as
the precise duration of the movement is still uncertain), leading to the differences in the phase axis between LSTM
prediction accuracy observed here. Mean time for classification of the observation was measured at 0.571ms (13th
Gen Intel(R) Core(TM) i7-13620H at 2.40 GHz), indicating real time usability at 1kHz.

demonstrate that the proposed hybrid architecture, com-
bining residual and convolutional neural networks, signif-
icantly outperforms traditional probabilistic methods in
addressing the problem.

In the following, we estimated the adversarial resistive
effects that our classifier could entail by calculating the
assistance error in direction and norm in the case of er-
roneous classification. Our findings suggest that the clas-
sification accuracy reached with this new method cannot
guarantee preventing adversarial effects of erroneous in-
tent detections, supporting the current consensus on the
necessity of exploiting biosignals to address this issue.
Overall, our approach could improve human-exoskeleton
interaction for assistance schemes that cannot rely on

biosignals. However, further experimental tests using this
classifier during robot-assisted trials are still necessary to
thoroughly evaluate the criticality of the adversarial effects
that remain despite our classification improvements.

In future works, the proposed classifier could be used to
modulate the assistive scheme thanks to an evaluation
of the confidence level of the classification as done for a
library of GMMs in the work of Raiola et al. (2015) where
each GMM contributes to the definition of the assistance
proportionally to their likelihood. Other recent advances
could also complement our approach to help foster a
broader adoption of assistive exoskeletons. The work of
Orhan et al. (2024) proposes to bypass the training of the
LbD schemes by using artificially generated trajectories.



Similarly to this approach our classifier could be trained
with these artificial demonstrations in future works. If
the trajectories are impacted by the interaction, their
data-augmentation strategy could be applied after a few
assistive trials to reduce the necessary data for training our
proposed classifier. Incorporating biosignal information,
such as gaze as in Dermy et al. (2017), to complement
and improve the accuracy of kinematic-based classifier is
also a promising avenue for future work.

In conclusion, our approach holds significant potential
to enhance the detection and classification of human
movements in LbD schemes, particularly for repetitive
tasks, offering a robust foundation for more efficient and
accurate performance.
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