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 a b s t r a c t

Hip joint moments during walking are the key foundation for hip exoskeleton assistance control. Most 
recent studies have shown estimating hip joint moments instantaneously offers a lot of advantages 
compared to generating assistive torque profiles based on gait estimation, such as simple sensor 
requirements and adaptability to variable walking speeds. However, existing joint moment estimation 
methods still suffer from a lack of personalization, leading to estimation accuracy degradation for new 
users. To address the challenges, this paper proposes a hip joint moment estimation method based 
on generalized moment features (GMF). A GMF generator is constructed to learn GMF of the joint 
moment which is invariant to individual variations while remaining decodable into joint moments 
through a dedicated decoder. Utilizing this well-featured representation, a GRU-based neural network 
is used to predict GMF with joint kinematics data, which can easily be acquired by hip exoskeleton 
encoders. The proposed estimation method achieves a root mean square error of 0.1180 ± 0.0021 
Nm/kg under 28 walking speed conditions on a treadmill dataset, improved by 6.5% compared to 
the model without body parameter fusion, and by 8.3% for the conventional fusion model with body 
parameter. Furthermore, the proposed method was employed on a hip exoskeleton with only encoder 
sensors and achieved an average 20.5% metabolic reduction (p < 0.01) for users compared to assist-off 
condition in level-ground walking.
© 2025 The Author(s). Published by Elsevier B.V. on behalf of Shandong University. This is an open access 

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Lower-limb exoskeletons are capable of assisting in human 
locomotion, thus reducing joint moments, metabolic expenditure, 
and mechanical loading of joints. This allows it to be applied to 
assist weight-bearing workers [1,2], elderly individuals in need 
of walking assistance [3,4], and patients with arthritis [5]. During 
walking, the hip joint contributes 40%–50% of the total positive 
joint power of the lower limb joints [6], which means that hip-
assisted exoskeletons can bring substantial benefits. Furthermore, 
compared with other lower limb exoskeletons, hip exoskeletons 
have smaller metabolic penalties caused by distal-borne mass [7]. 
Therefore, hip exoskeletons are considered an important choice 
for walking assistance.

The moment of the hip joint is a fundamental basis for hip 
exoskeleton assistance control. Since calculating joint moments 
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with motion capture systems or force platforms is not feasible 
for the hip exoskeleton in the real world, it is necessary to utilize 
other sensors fixed on the exoskeleton system. Recent researchers 
have focused on determining the assistive torque of the exoskele-
ton based on the human motion information measured by these 
sensors, such as encoders on the motors or inertial measurement 
units (IMUs).

Currently, there are two main methods to generate the as-
sistive torque of hip exoskeletons based on hip joint motion 
data: determining output torque based on assistive torque curve 
generation [8,9] and gait phase estimation [10,11], and calcu-
lating assistive torque according to instantaneous joint moment 
estimates, like EMG signals [12], joint angles [13], and ground 
reaction force [14]. The former method involves the following 
steps: (a) estimating the gait phase and the assistive torque 
profile for the entire gait cycle based on the user’s historical 
walking data, and (b) generating the assistive torque based on the 
gait phase and the assistive torque profile. However, this method 
may exhibit delayed assistive torque when dealing with vari-
able walking gaits, which can hinder the user’s movements [15]. 
niversity. This is an open access article under the CC BY-NC-ND license
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The other method generates assistive torque directly through a 
computational model by measuring the kinematic information 
of the human body. Compared to the first method, the second 
method calculates assistive torque independent of gait period-
icity, allowing it to generate appropriate walking assistance in 
real-time even with changing gaits. Therefore, calculating as-
sistive torque with instantaneous joint moment estimation has 
the potential to become an important computational method for 
future exoskeleton control.

Estimating the hip biomechanical joint moment accurately is 
the key foundation to calculate assistive torque instantaneously, 
but it remains a significant challenge to obtain the estimates 
based on measurable data from the wearable sensors on the 
human body. Although some researchers have calculated joint 
moments by establishing approximate dynamic models [16,17], 
these methods rely on complex sensor equipment such as ground 
reaction force sensors, which increases the system complexity, 
leading to the instability of the exoskeleton system. Besides, extra 
sensors can be uncomfortable for the users to wear and even 
hinder their movement.

As data-driven methods have shown remarkable effective-
ness in biological measurement [18–20] and exoskeleton control 
fields [9,15], researchers have started focusing on measured mo-
tion information (such as hip joint position changes) by simple 
and lightweight sensors during human walking for the estimation 
of joint moment. Wang used the XGBoost method to achieve the 
estimation of the knee joint adduction moment in an experiment 
involving 106 participants by using only the information from 
two IMU sensors [21]. However, traditional machine learning 
methods have limited performance in improving the estimation 
accuracy of joint moment estimation, and researchers are turning 
to neural networks to further enhance the estimation accuracy 
of joint moment. Molinaro trained a TCN network that utilized 
expanded causal convolutional layers to encode temporal infor-
mation and learn data features from input, achieving hip joint 
moment estimation based on data of simulated IMU and angle 
of hip joint [15,22]. Furthermore, Hossain designed an Ensemble 
network that utilized deep neural network layers with different 
structure types, improving the performance of human dynamics 
estimation. Through fusion modules and bagging techniques, the 
model achieved a more accurate estimation of lower-limb joint 
moment [23].

For the hip exoskeleton control, the joint moment estimation 
model should be able to adapt to new users so it can provide 
accurate joint moment estimation promptly. However, the ex-
isting methods have not yet achieved this goal, for the reasons 
that the influence of human parameters is underestimated or 
difficult to obtain an estimation model that integrates individual 
characteristics. The lack of personalization might lead to poor 
applicability to new users, where the assistance torque generated 
by the exoskeleton might not be suitable for the user’s walking.

To address the above problems, we proposed a joint mo-
ment estimation neural network based on generalized moment 
feature (GMF) generation. A feature generator was designed to 
obtain GMF, which is more generalized than the joint moment, 
facilitating the estimator to learn the relationship between the 
kinematics and dynamics during human walking better. Mean-
while, the GMF can be decoded with body parameters into the 
joint moment, achieving personalizing joint moment estimation. 
Furthermore, a GRU-based estimator was designed to reduce 
model computation time with minor accuracy loss under the 
proposed GMF neural network framework.

The main contributions of this study are as follows:

(1) Proposing a novel joint moment estimation neural network 
based on user-specific body parameters, which is conducive 
2

to obtaining a superior individual-independent representa-
tion of biomechanical joint moments and achieving better 
estimation accuracy.

(2) Conducting the proposed method on a hip exoskeleton to 
validate its assistance gain for users as well as showing its 
potential application value in scenarios relying solely on 
encoder sensors.

The structure of this paper will be described as follows. Sec-
tion 2 describes the proposed joint moment estimation method 
based on the GMF generation. The experiments and results are 
presented in Sections 3 and 4, discussed in Section 5. The conclu-
sion of this paper is written in Section 6.

2. Method

This section provides a detailed explanation of the proposed 
joint moment estimation method based on GMF generation. We 
will first describe the conventional form of using neural networks 
to estimate biomechanical joint moments. Then we introduce 
the concept of GMF, addressing the issues that arise from the 
conventional form. Based on this, we propose a neural network 
framework for generating GMF and estimating it using a GRU 
module, as well as a decoder for decoding it into the joint mo-
ment (Fig.  1 - Model training). Finally, we present the training 
strategy for the proposed neural network model and the deploy-
ment of estimating joint moment in the real world (Fig.  1 - Model 
deployment).

2.1. The basic model of joint moment estimation

This study aims to estimate the sagittal hip joint moments 
based on the joint kinematics during walking utilizing neural 
networks. As mentioned in [24], the interpretability of a model is 
crucial for generating models with superior accuracy and robust-
ness. Therefore, two essential attributes are assumed that a neural 
network model should possess to estimate joint moment: (a) 
incorporating the relationship between kinematics and dynamics, 
and (b) ensuring the continuity of motion.

The rationality of the second attribute is supported by previ-
ous researches [25–27], which indicates that using an appropriate 
window to capture the input time series can improve the es-
timation accuracy of the joint estimation model. Regarding the 
first attribute, to determine the model inputs from candidate 
kinematic information, we conducted a series of preliminary ex-
periments. Data comprising the angles, angular velocities, angular 
accelerations, and their combinations of the bilateral hip joints 
were selected as the inputs for each time step of the estimator. 
The results of these experiments demonstrated that as the di-
mensionality of the inputs increased, the accuracy of the joint 
moment estimation model gradually improved. Therefore, the 
general inputs of the joint moment estimation model can be 
described as follows: X = [xt , xt−1, . . . , xt−∆T ] ∈ R∆T×D, where 
∆T  represents the window size and D denotes the dimensionality 
of the joint kinematics data (∆T = 100, D = 6). A basic neural 
network model for estimating joint moments is described as F . 
For the estimated joint moment M̂ at time t , the process of 
estimation can be expressed as 

M̂ = F (X) (1)
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Fig. 1. Joint moment estimation for hip exoskeleton assistance based on GMF generation. During the training process, kinematics information (X) is utilized as 
input for the estimator, while body parameters (q) and hip joint moments (M) serve as inputs for the generator. The decoder takes body parameters and the GMF 
generated by the generator (represented by ‘‘*’’) as inputs. The estimator and decoder are then employed to estimate hip joint moments (M̂) to provide assistance 
torque during walking for new users (the generator is not needed).
2.2. GMF-based model

The conventional form of joint moment estimation networks 
does not incorporate personalized information of the subjects as 
the individual parameters are not included in (1). Therefore, to 
address the issue of decreased accuracy when estimating joint 
moments using only joint kinematics in a multi-user environ-
ment, we propose an novel joint moment estimation method 
based on GMF generation.

2.2.1. Inspiration of GMF generation
Firstly, we introduce the concept of GMF, which is an indivi-

dual-independent representation from the joint moment that 
combines with the subject’s body parameters q (mass m and 
height h are used in this paper, which means q = [m, h]). Similar 
to the expression in (1), the joint moment estimation method 
based on GMF can be represented as follows: 
GMF = G(q,M) (2)

ĜMF = E(X) (3)

M̂ = D(ĜMF ) (4)
3

where M denotes the ground truth of joint moment, G denotes 
the GMF generator, E denotes the GMF estimator and D denotes 
the GMF decoder, satisfying D(E(·)) ∈ F (·).

Equations of (2), (3), and (4) show the core framework of 
GMF-based model to achieve a better estimation: estimating the 
GMF instead of directly estimating the joint moment, so that the 
decrease in estimation accuracy caused by individual differences 
can be reduced. In other words, GMF-based model improves 
the generalization performance of the joint moment estimation 
across multiple users.

Based on the these inspiration, we design a method for gen-
erating GMF and apply it to the training of the joint moment 
estimation model. Fig.  1 illustrates the process of generating 
GMF. The joint moment estimation method based on GMF lever-
ages both the joint moment and body parameters. It utilizes 
an adaptive neural network to extract GMF that is independent 
of individuals. This feature is then used to train the estimator. 
Additionally, a decoder is trained to decode the estimated GMF 
into the joint moment. It is worth noting that, compared with 
inputting body parameters into the network directly, this method 
expresses the role of body parameters in the network model more 
specifically, which means it can achieve better optimization from 
training.
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2.2.2. GMF generator
A feature generator G is used to generate the GMF. More 

specifically, this generator utilizes a neural network to combine 
the joint moment of subjects with their body parameters and 
finally generates the desired GMF.

The main objective of GMF generation is to discover a better 
estimation target to achieve a more accurate estimation by the 
estimator E as described by (3). Therefore, unlike typical deep 
learning tasks, in this method, the labels learned by the estimator 
and the GMF generator are mutually the output values of each 
other during the training process. This structure guides the GMF 
generator to generate training labels, namely the proposed GMF, 
from the joint moment and body parameters of subjects, which 
can enhance the accuracy of the estimator.

Meanwhile, it is essential that the GMF generated by the 
generator should be able to be decoded into the joint moment. 
Using θG to represent the network parameters of the feature 
generator G, the optimal generator parameters θ∗

G in the above 
process can be mathematically represented as 
θ∗

G = argmin
θG

∥E(X) − G(q,M; θG)∥2

s.t. G(θG) ∈ G
(5)

where G represents the function space to which G belongs, en-
suring the GMF generated through G can be decoded into joint 
moment.

The network structure of the training phase (as shown in 
Fig.  1) provides a specific illustration of the role of the GMF 
generator within the overall network structure. The inputs of 
the generator include joint moment and body parameters, and 
its output is the GMF. The GMF Generator serves two impor-
tant functions: (a) generating the optimal GMF to improve the 
estimation accuracy of the estimator, enhancing the model’s per-
formance across different users; (b) ensuring the decoder can 
accurately decode the generated GMF into the joint moment. To 
implement a model with the proposed method, as an example, 
we employ a fully connected network with five hidden layers to 
construct the GMF generator. Each hidden layer consists of 32 
nodes, and a LeakyReLU activation function is applied after each 
hidden layer to achieve non-linearity.

2.2.3. GMF estimator
In exoskeleton systems, recurrent neural networks (RNN) can 

better leverage their rapid computation ability [28] to estimate 
joint moments. Existing recurrent neural network structures in-
clude RNN, LSTM, GRU [29]. Due to the challenges of RNN in 
handling long-term dependencies, vanishing gradients, and ex-
ploding gradients, they have been gradually replaced by LSTM 
and GRU. Furthermore, GRU has a more simplified structure and 
fewer parameters compared to LSTM, resulting in lower memory 
usage and faster computation efficiency. In many cases, there 
is no significant difference in estimation accuracy between the 
two models [30]. Therefore, the estimator in this study utilizes a 
neural network based on the GRU structure.

In this study, only one GRU block is used as an implementation 
case, with 16 hidden neurons, and a fully connected network with 
a size of 16 × 1 is used to output the predicted target (Fig.  2). 
Specifically, at each time step, the GRU receives two different 
modalities: the hidden information from the previous time step’s 
GRU hidden layer and the inputs X . It adjusts the information 
flow through update gates and reset gates, and finally obtains 
the output based on these two gates. Thus, given the hip joint 
sagittal plane angle signal at time t as X t , the hidden inputs from 
the previous time step as H t−1, the estimated GMF at the current 
time step ĜMF  can be obtained as follows: 
H = GUR(X ,H ) (6)
t t t−1

4

Fig. 2. The fast estimator based on GRU, the computation process of one output 
within the GRU unit, denoted as h0 , is shown in the solid box. The computation 
process for the remaining 15 hidden layer nodes, inputs (h1

t−1 - h15
t−1), and 

outputs (h1
t  - h15

t ), follows the same process.

ĜMF = FC(H t ) (7)

Writing the network parameters (W  and b) as θE , like (5), the 
optimal parameters θ∗

E are solved as 

θ∗

E = argmin
θE

∥E(X; θE) − G(q,M; θG)∥2 (8)

2.2.4. GMF decoder
The GMF decoder is used to decode the generated GMF into 

joint moment. We employ the same network structure as the 
GMF generator for constructing the GMF decoder. To improve the 
accuracy of the output, the body parameters are included as part 
of its inputs. Using θD to represent the network parameters of the 
GMF decoder, the optimal parameters θ∗

D of the GMF decoder in 
the above process can be obtained from: 
θ∗

D = argmin
θD

∥D(q,GMF ; θD) − M∥2 (9)

2.3. Model training

The proposed method consists of two parts: GMF estima-
tion and GMF decoding, which involves the training of three 
models: estimator, generator, and decoder. In the first part, the 
GMF generator is jointly trained with the estimator to obtain 
better individual-independent representation (GMF) and its es-
timation model (estimator). Meanwhile, in the second part, the 
GMF generator is trained together with the decoder to ensure 
the decodability of the generalized GMF and to obtain a model 
capable of decoding the GMF into the joint moment.

Based on (5), (8), and (9), two loss functions L1, L2 are con-
structed for the network training. The backpropagation process 
is shown in Fig.  1 - Model training with solid lines. L1 represents 
the loss between the results of the GMF estimator and the GMF 
generator, while L2 represents the loss between the outputs of 
the GMF decoder and ground-truth values of the joint moment. 
The loss functions are defined as follows: 

Jmse(yi, ŷi) =
1
N

N∑
i=1

(yi − ŷi)2 (10)

L1 = Jmse(F (X),G(q,M)) (11)

L2 = Jmse(D(G(q,M), q),M) (12)

It is worth noting that the optimization of the parameters 
of the GMF generator is also included in L2. By selecting the 
weighting coefficients w  and w  of the two loss functions, it 
1 2
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Fig. 3. Exoskeleton and controller used for validating the proposed method. Mo-
tors with encoder provide the controller hip joint angles as inputs and generate 
assistance torque to assist users. The controller is a three-level structure, where 
the high-level estimates hip joint moments of the user, the mid-level processes 
hip joint moments to obtain the desired assistance torque and the low-level FOC 
generates motor torque stably.

can be ensured that the GMF, which is generated by the feature 
generator and optimized by L1, can be decoded into the joint 
moment through the GMF decoder. Therefore, the condition in 
(5) is satisfied. The overall loss function of the joint moment 
estimation network is given by 

Loss = w1 ∗ L1 + w2 ∗ L2 (13)

2.4. Model deployment

The trained GMF estimator and decoder will be used in the 
estimation process for the final joint moment estimation. As 
shown in Fig.  1 - Model deployment, using the joint kinematics 
as input, the GMF is obtained by the fast GMF estimator, which 
is then combined with user body parameters to be decoded into 
the predicted joint moment: 

M̂ = D(E(X), q) (14)

Subsequently, the estimated joint moments are converted into 
assistive torques by the mid-level and low-level controllers. In 
this study, we implement a three-step middle-level exoskeleton 
controller [15,31] to provide users assistance during walking.

A hip exoskeleton prototype was designed to implement as-
sistance experience for users. As shown in Fig.  3, the assistance 
torque is obtained by scaling, delaying, and filtering the hip 
moment estimates. Specifically, τassist at time t is calculated by

τassist,t = Low-pass Filter(k · M̂t−δ) (15)

where k is the scale factor and δ is the delay factor.

3. Experiments

There were two designed experiment parts in this study: the 
first part was to validate the GMF-based model by a dataset, 
which is aimed at evaluating the accuracy and generalization 
of the proposed method, and the second part was to apply the 
trained model on a hip exoskeleton to validate its performance 
(assistance gain for users) when used as an exoskeleton high-level 
controller.

This work involved human subjects in its research. Approval of 
all ethical and experiment procedures and protocols was granted 
by Medical Ethics Committee of Southern University of Science 
and Technology [No. 20240022], under Application 2024-02-24. 
All participants provided written informed consent to participate 
in the study.
5

3.1. Implementation details

We conducted model training on a device with a CPU (In-
tel, Core i7-12700F) and an GPU (Nvidia, GeForce RTX 3060Ti). 
The Adam optimizer [32] was employed. In all experiments, we 
performed five repetitions with different random initializations 
to ensure robustness. Detailed parameters are described in each 
section before the corresponding experiment results. The model 
deployment (exoskeleton controller) was implemented on a Mini-
PC (Intel, NUC11PH).

3.2. Validation on dataset

3.2.1. Dataset and training–testing data partitioning
The publicly available dataset used in this article is sourced 

from [33]. The treadmill data of 20 healthy subjects (12 males 
and 8 females, age 21.20 ± 3.04 yr, height 1.70 ±0.07 m, weight 
67.76 ± 11.64 kg) were used for model training and testing. 
Specifically, the data of each subject included hip joint sagittal 
plane angle positions and flexion/extension joint moment at 28 
different treadmill speeds. Data collection of each subject was 
performed through 7 experiments, with each experiment con-
sisting of four different speeds maintained for 30 s each. The 
speeds for the first experiment were 0.5 m/s, 1.2 m/s, 1.55 m/s, 
and 0.85 m/s. In subsequent experiments, each speed increased 
by increments of 0.05 m/s. Hip joint angular velocity and angular 
acceleration were computed corresponding to the data collection 
frequency, and the hip joint moments used were smoothed using 
butterworth filtering.

To demonstrate the effectiveness of the proposed method, 
the dataset was partitioned based on inter-subject differences to 
create a maximum separation between training and test data, 
resembling a multi-user scenario. The T-SNE method was utilized 
to divide the hip joint angle data samples from the subjects into 
two categories, as shown in Fig.  4, with 10 subjects in each 
category. Consequently, for the experiments in this study, the 
training and validation sets were composed of data from the first 
10 subjects (in an 8:2 ratio, independent of each other), while the 
data from the remaining 10 subjects were used as the test set to 
assess the model’s performance.

3.2.2. Models for accuracy validation
We evaluated the performance of the proposed method by 

computing the RMSE of the predicted joint moment on the test 
dataset. To better demonstrate the effectiveness of the proposed 
method, we compared our method with two baseline methods:

• Model without body parameters - means directly estimat-
ing moment by inputting joint kinematics into the estimator 
without body parameters.

• Fusion model without GMF - means implementing a con-
ventional fusion model where two networks separately take 
joint kinematics and body parameters as inputs to ob-
tain two hidden features, and these two features are then 
stacked and passed through a fully connected network to 
estimate joint moment.

To ensure comparability, the architecture of the part inputting 
joint kinematics in two baseline neural networks is the same with 
the GMF estimator, and the optimizer (Adam) parameters and 
initial learning rate (lr = 0.001) are the same. In our method, we 
set the parameters w1 = 1 and w2 = 0.05 in (13). The baseline 
models are represented as 
M̂b1 = Eb1(X) (16)

M̂b2 = FCb2(Eb2(X), q) (17)
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Fig. 4. Visualization of the input features distribution (joint kinematics) of the 
training set (in blue) and the test set data (in red) using the T-SNE method. 
The varying shades of color represent data from 10 individual subjects in each 
set. Under the data partitioning method that maximizes individual differences, 
the intra-subject distribution of input features within the same set (intra-class 
distance) appears to be similar, while the distribution of input features between 
different sets (inter-class distance) exhibits significant differences.

Fig. 5. Four joint moment estimation models consisting of estimators with 
different neural network structures, including the proposed GRU-based method 
for fast estimation and three mainstream model architectures.

3.2.3. Generalization validation
More neural network structures were used to verify the pro-

posed GMF framework. To ensure the generalization of the pro-
posed GMF, three existing mainstream network structures (FCNN 
[19], CNN [27], TCN [15]) were further used to observe the 
changes in joint moment estimation accuracy after introducing 
GMF as shown in Fig.  5, following the experimental process 
outlined in 3.2.2.

• The FCNN - was composed of three fully connected layers. 
The first layer contained 32 nodes, followed by two hidden 
layers with 16 nodes each.

• The CNN - consisted of three convolutional layers, each with 
a 3 × 1 kernel size and padding of 1. The layers progressively 
processed features with 32, 64, and 32 channels, respec-
tively. The extracted features were then passed through an 
6

adaptive average pooling layer with an output size of 1, 
followed by a fully connected layer with 32 and 1 neurons.

• The TCN - employed two residual blocks, each contain-
ing two convolutional layers. The first convolutional layer 
within each block had a 3 × 1 kernel size, 32 channels, 
padding of 1, and a dilation of 1. The second convolu-
tional layer maintained the same kernel size and number of 
channels but applied a dilation of 2 with padding of 2.

To ensure that the variables are consistent, all these models 
utilized the same GMF generator and decoder, which are trained 
with the GRU-based estimator in 3.2.2. Specifically, we replaced 
the GRU-based estimator with the three different network struc-
tures. Following the training process shown in Fig.  1, a series 
of new training processes were conducted. During the training 
process, only the parameters of the new estimator were updated 
while the parameters of the generator and decoder were fixed 
(keeping the generated GMF unchanged).

Previous studies such as [23,26,27] have demonstrated that 
increasing the number of network parameters has a positive 
impact on the estimation accuracy of joint moment estimation. 
Therefore, to ensure comparability of the experimental results, 
we adjusted the network parameter number of the three models 
to make them as close as possible to the GRU-based model in 
terms of validation accuracy when conducting the first baseline 
as (16).

3.3. Assistance for human walking

The poor generalized model might lead to the controller in-
stability, which reduces the exoskeleton performance and even 
results in a fall for the user [15]. Therefore, real-world validation 
is critical for instantaneous joint moment estimation methods 
used for exoskeleton control. We validated the proposed method 
on an exoskeleton and implemented walking experiments with 
users wearing it.

Considering the validation effect, we adopted a rigid exoskele-
ton structure, ensuring the full torque transfer from the motors 
to the user as possible. The candidate coefficients of (15) were 
set as k = 0.15 and δ = 0.3 s, which were determined through 
preliminary experiments.

To quantify the gain for reducing efforts when users walk with 
the proposed high-level controller, comparison experiments were 
conducted. Five participants (age 23.4 ± 1.4 y, height 1.7 ± 0.2 m, 
mass 60.6 ± 1.4 kg) were recruited to complete metabolic trials 
under three conditions: No Exo, Assist off, and Assist On. The K5 
portable metabolic system (COSMED, Rome, Italy) was used to 
record the experiment data. Specifically, A subject took part in 3 
trials with their metabolic cost being collected: a trial without the 
hip exoskeleton including neutral standing for 3 min and walking 
at 1.25 m/s for 5 min, a trial with the no-powered exoskeleton for 
5 min walking, and a trial with the powered exoskeleton for 5 min 
walking. At least a 10 min break between trials to allow subjects 
to return to normal metabolic levels. Before each trial, the par-
ticipant was required to fast for a minimum of 2 h to reduce 
metabolic bias from food intake. The Instantaneous metabolic 
cost E was computed based on V̇O2 and V̇ CO2 (collected by K5) 
as 

E =
16.48 ∗ V̇O2 + 4.48 ∗ V̇ CO2

60 ∗ m
(18)

where m is the body mass of the subject, and the net metabolism 
rate Enet was obtained by 

Enet = Ewalking − Estatic (19)
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Fig. 6. (a) Trend of the accuracy of the joint moment estimation (dark blue) and accuracy of GMF decoding (light blue) of training data during the training process 
of the proposed estimation model based on GMF. Both values of them continuously improve and converge to the optimum over the 5000 epochs. (b) The trend of 
estimation accuracy on the validation set for our method (dark red) compared to two other contrastive methods (light red). The three methods approximate the 
best accuracy achieved under the experimental conditions set.
Fig. 7. (a) Comparison of the accuracy of joint moment estimation for all subjects at different speed ranges using the proposed method, along with the baseline 
methods. The proposed method improves the estimation accuracy of the model in most cases, especially at faster speeds. (b) Comparison of the overall average and 
variance of the test results for the three methods.
4. Results

In this section, the results of the experiments are presented 
with detailed statistical analysis. The convergence of the pro-
posed model during training is illustrated in Section 4.1. Sec-
tions 4.2 and 4.3 demonstrate the accuracy improvement brought 
by the proposed GMF method and the generalization performance 
of GMF. In Section 4.4, the tested assistance gain for users with 
the proposed method is given.

4.1. Convergence of neural network

The convergence of the proposed neural network trained with 
10 subjects from dataset is illustrated in Fig.  6(a), represented by 
the root mean square error (RMSE): 

RMSE =

√1
n

n∑
i=1

(yi − ŷi)2 (20)

where ŷi denotes the estimated value by the neural network, yi is 
the ground truth value, and n is the number of samples. During 
the training process, both the joint moment estimation accuracy 
and the decoding accuracy of the decoder consistently improved 
7

without significant fluctuations. The RMSE of the joint moment 
estimation on the training dataset, averaged over five repetitions, 
was 0.0630 ± 0.0014 Nm/kg, while the RMSE of GMF decoding 
was 0.0016 ± 0.0017 Nm/kg.

4.2. Estimation accuracy of models

Fig.  7 reports the RMSE results of our method compared to 
the baseline methods. Overall, our method achieves an RMSE of 
0.1180 ± 0.0021 Nm/kg on the test dataset. The mean results 
show a significant improvement compared to the two baseline 
methods (6.50% vs. model without body parameters and 8.31% 
vs. fusion model without GMF). The experimental results demon-
strate that, except for subject 6, whose average joint moment 
estimation error of all walking speed increased by 0.97% com-
pared to model without body parameters and 2.57% compared 
to fusion model without GMF, the joint moment estimations for 
other subjects are more accurate. The second baseline method, 
which directly fuses body parameters (q) and joint kinematics (X) 
through the network, does not achieve improved joint moment 
estimation accuracy compared to model without body parame-
ters with only inputting joint kinematics. In fact, its performance 
slightly degrades, suggesting that conventional fusion models 
struggle to effectively integrate body parameters.
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Fig. 8. (a) Joint moment estimation error of the proposed method at 28 different walking speeds. The results show that within the provided range of walking speeds, 
the joint moment estimation error exhibits a ‘‘V’’ shaped pattern, with the minimum estimation error occurring at 1.15 m/s. (b) Samples of the predicted curve and 
the ground truth curve of a complete gait cycle for one subject at 14 walking speeds, spaced at intervals of 0.1 m/s.
Table 1
Rtv of proposed method compared to baseline methods.
 Index Model with GMF Model without 

body parameters
Fusion model 
without GMF

 

 Rtv 0.8907 1.1142 1.1023  
 Rate of Increase – 20.06% 19.20%  

As it is difficult to achieve the optimal validation set accuracy 
with limited time, in addition to using the RMSE, we used the rate 
of increase in the RMSE on the test set relative to the RMSE on 
the validation set, denoted as Rtv , which represents the degree of 
overfitting [34,35] of the optimal model, obtained from: 

Rtv =
RMSEtest − RMSEvalidation

RMSEvalidation
(21)

This equation implies that the Rtv of a model with better general-
ization performance should be smaller(with consistent accuracy 
on the validation dataset).

Fig.  6(b) shows the variation of validation accuracy during the 
training process for our method and the two baseline methods. 
All three models achieve similar accuracy on the validation set 
(around 0.0632 Nm/kg). Based on the statistical analysis (Table 
1), our method reduces Rtv by 20.06% and 19.20%. While RMSE 
intuitively demonstrates the effectiveness of our method, the Rtv
for result evaluation reveals the underlying reason for the accu-
racy improvement of our method: the mapping of GMF and joint 
kinematics is more accurate, reducing the estimation inaccuracy 
of the model in new subject environments.

Complete hip joint moment curves for one gait cycle of a 
subject at 14 different walking speeds is shown in Fig.  8(b) for 
qualitative comparison between the ground truth and predicted 
values. Furthermore, we analyzed the variation of model esti-
mation error across 28 walking speeds ranging from 0.5 m/s to 
1.85 m/s, as depicted in Fig.  8(a). The estimation error exhibits 
a decreasing and then increasing trend. For low walking speeds, 
8

this could be attributed to the greater variability in gait patterns 
during slow walking [36]. On the other hand, the increase in 
estimation error for fast walking speeds is likely driven by the 
higher magnitude of joint moments, as shown in Fig.  8(b).

4.3. Generalization of GMF

Table  2 presents the performance of GMF in the generaliza-
tion experiment. Within the scope of this experiment, all four 
estimators showed an improvement in joint moment estimation 
accuracy after introducing GMF (compared to the method with-
out body parameters: 7.96% in FCNN, 8.12% in CNN, 8.41% in 
TCN, and compared to the method fusion body parameters but 
without GMF: 11.44% in FCNN, 10.94% in CNN, 9.13% in TCN). 
Since the GMF generator and decoder used in the experiment 
were from a pre-trained model and with no parameters change, 
the results further demonstrate that the generated GMF is a 
more individual-independent representation of joint moment and 
contributes to the accuracy of predicting joint moment based on 
joint kinematics.

4.4. Reducing metabolism rate of users during walking

Fig.  9 illustrates the assistance performance of the exoskeleton 
deployed with proposed GMF-based controller, including the as-
sistive torques during three phases: transitioning from standing 
to walking, steady-state walking at 1.25 m/s, and transitioning 
from walking to standing. Benefiting from the powerful represen-
tational capabilities of neural networks, the GMF model controller 
can achieve stable assistance during process transitions. The peak 
torque was about 7.81 Nm for the support phase and 4.29 Nm 
for the swing phase, respectively. The peak amplitude Difference 
between the two phases shows the proposed method achieves 
expected assistance torque as it is widely known the hip joint 
requires greater moment in the support phase than it in the 
swing phase during walking. Fig.  9 also shows a more detailed 
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Table 2
Estimation accuracy performance with different estimators in the generalization experiment.
 Estimator Model without body parameters Fusion model without GMF GMF-based model (Ours) 
 GRU 0.1262 ± 0.0021 0.1287 ± 0.0048 0.1180 ± 0.0030  
 FCNN 0.1270 ± 0.0029 0.1324 ± 0.0048 0.1169 ± 0.0018  
 CNN 0.1231 ± 0.0009 0.1270 ± 0.0122 0.1131 ± 0.0009  
 TCN 0.1260 ± 0.0011 0.1270 ± 0.0037 0.1154 ± 0.0008  
 Average 0.1256 ± 0.0015 0.1288 ± 0.0022 0.1159 ± 0.0018  
Fig. 9. Controller performance in variable-speed walking trial. (a) Walking speed varied from 0 m/s to 1.25 m/s, maintained for 10 s, and then decelerated to 0 m/s. 
(b)–(e) Motor angle, angular velocity, assistance torque, and power trajectories on hip joint with the walking speeds corresponding to (a). The positive direction of 
the vertical axis represents the flexion of the leg during walking, while the negative direction represents the extension.
Fig. 10. (a) Experiment environment of the metabolic cost test. (b) Net metabolic rate for five subjects (*: p < 0.05, **: p < 0.01, ***: p < 0.001). All subjects 
received the assistance gain compared to Assist Off. (c) Average net metabolic rate for all subjects.
manifestation of the hip joint angle, angular velocity, and power 
during assistive walking. All of these data were obtained from the 
motor encoders of hip exoskeleton.

The metabolic cost test results are presented in Fig.  10. During 
the experiments, the exoskeleton, utilizing the proposed joint 
moment estimation method, delivers assistive torque to users, 
9

effectively reducing their metabolic rate. The mean net metabolic 
cost reduction achieves 10.5% compared to normal walking (No 
Exo), while the reduction achieves 20.5% compared to the Assist 
Off model.

Multiple comparison tests were performed to evaluate the 
metabolic cost of users during walking with the exoskeleton, as 
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the results are shown in Fig.  10(b) and (c). Specifically, an analysis 
of variance (ANOVA) was conducted to compare the metabolic 
cost of users across three conditions: No Exo, Assist Off, and Assist 
On. Let k denote the number of groups and N the total number 
of observations. The test statistic is defined as 

F =
MSbetween

MSwithin
=

1
k−1

∑k
i=1 ni(x̄i − x̄)2

1
N−k

∑k
i=1

∑ni
j=1(xij − x̄i)2

(22)

where x̄i is the sample mean of group i, x̄ is the overall mean, 
ni is the sample size of group i. The corresponding p-value is 
calculated from the cumulative distribution function of the F-
distribution with degrees of freedom df1 = k−1 and df2 = N−k:

p = P(Fk−1,N−k ≥ Fobs) (23)

where Fobs is the observed value of the F-statistic. To control the 
family-wise error rate during post hoc comparisons, we applied 
the Bonferroni correction. If m independent comparisons are 
conducted, the corrected significance threshold is 

α′
=

α

m
(24)

A notable result is that 2 participants (Subject 3 and Sub-
ject 4) in the validation experiments achieved better assistance 
gain because the participants were most comfortable with the 
exoskeleton size and had undergone longer walking training for 
using the exoskeleton, which has been proven to be effective in 
increasing a subject’s metabolic cost reduction [37].

5. Discussion

This study utilizes a GMF generation method with a GRU-
based network to achieve a better estimation of the hip joint 
moment and its application on the exoskeleton, which benefits 
from the consideration of inter-user variability in joint moment 
estimation for exoskeleton assistance. The GMF, which is ob-
tained through an adaptive neural network, leads to significant 
improvements in model accuracy and has the potential to become 
an advanced method for future joint moment estimation. The 
metabolism cost test result showed that our methods achieve the 
satisfactory results of assistance gain.

5.1. Balance between accuracy and computation efficiency

This paper proposed a GMF-based neural network framework, 
aiming to improve estimation accuracy with limited computation 
sources. To achieve the accuracy superior to the state-of-the-
art (SOTA) model, neural networks with large-scale parameters 
are conventionally required. Our previous research has stated 
the relationship between accuracy and computation time [27], in 
which the estimation accuracy of the neural network approaches 
saturation as the number of network parameters increases. For 
a real-time exoskeleton control system, efficient computation 
translates to faster response speed, higher estimation precision, 
and longer endurance time. This is one of the primary motivations 
of this study: to explore more efficient estimation methods rather 
than relying solely on increasing the number of neural network 
parameters.

It is clear that better estimation accuracy would benefit the 
exoskeleton control based on instantaneous joint moment es-
timates. However, there is an uncertain question of whether 
a better prediction accuracy provides a significant increase in 
assistance gain. From the results in Table  2, FCNN, CNN and TCN 
models have a higher estimation accuracy than the GRU model. 
However, on the one hand, the other three models have a lower 
control frequency, which may lead to a poor performance when 
they were applied on the hip exoskeleton. On the other hand, 
10
the multiple comparisons test (with Bonferroni correction) results 
show that the difference in estimation accuracy among the four 
models is not completely significant. Therefore, the GRU model is 
selected as the GMF estimator for the exoskeleton control system 
in this study.

5.2. Transferability of using other input sensors

Compared to most of the existing methods for estimating joint 
moment (using sensor information such as IMU as model input), 
the GRU-based estimator used in this paper takes joint kinematics 
data as inputs instead of raw sensor data. Because the joint 
moment estimation had been considered a model identification 
problem that requires establishing an approximate model with 
dynamic characteristics rather than a completely uninterpretable 
black-box model. This also means that the model controller in this 
study uses sensor data in a more humanly understandable way, 
trying to ensure the reliability of the result [38]. Our exoskele-
ton experiments were able to implement a deep learning-based 
assistance control model utilizing only motor encoders and got 
successful results, which we believe it was benefited from this 
more rational approach to data processing.

Besides, for other potential practical applications, model train-
ing can be performed using angles obtained from sensors or 
using highly correlated data like IMU data of sensors as inputs 
directly, without requiring changes to the overall model structure. 
However, additional challenges may be posed in these ways, such 
as sensor accuracy drift and data transmission loss [39].

5.3. Better potential estimation accuracy

The other important inputs used by the model are human 
body parameters, which are composed of height and weight in 
this paper. These two parameters are valid but might not be 
the optimal attributes for obtaining GMF. Future research could 
explore more suitable body parameters to achieve better GMF 
generation and more accurate estimations in the problem of joint 
moment estimation based on joint kinematics.

Furthermore, since the proposed method originates from the 
research on assistive hip exoskeleton control, the estimator model
proposed in this paper uses a GRU-based network structure. 
However, for joint moment estimation tasks that do not require 
timeliness, the optimal network structure for the estimator may 
not necessarily be based on recurrent neural networks. The joint 
moment estimation method we propose can be extended to 
the field of biomechanics, as demonstrated in the generalization 
experiment, where it also performs well on mainstream neural 
networks besides the GRU-based network. For systems with low 
real-time requirements, future researchers can use more appro-
priate network structures within the framework of this method 
to obtain higher-precision joint moment estimation models.

For practical applications, it is possible to further improve the 
estimation accuracy by using more advanced hyperparameters 
tuning methods, such as Bayesian optimization [40], to find the 
optimal hyperparameters for the GMF modules.

5.4. Limitations

The proposed method still has several limitations that need to 
be further addressed in future research.
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5.4.1. Burden of wearing exoskeleton
Fig.  10 has shown a 12.5% metabolic cost increase when sub-

jects wearing the hip exoskeleton without power compared to 
normal walking. Although this study focused on achieving accu-
rate joint moment estimation, there is a clear need for exoskele-
ton structures with low wearing burden to enhance the assistance 
gain for users. Meanwhile, as the results of the experiment more 
conclusively verified that training benefits the exoskeleton user 
to reach a higher assistance gain, future studies may need to 
consider how to control this impact in experiments.

5.4.2. Accuracy of the decoder
To decode the GMF, we use a fully connected neural network 

with the same structure as the feature generator, and make the 
loss of decoder back-propagate to the generator with a weight-
ing coefficient to ensure the decodability of the generated GMF. 
While this method achieves high accuracy (decoding RMSE less 
than 0.003 Nm/kg) in decoding the GMF into the joint moment, 
the decoding error can only approximate zero rather than reach-
ing it due to the use of a separate neural network. Addition-
ally, to ensure accurate GMF decoding, the decoder may become 
overly complex, leading to increased computational time. This 
complexity transforms what should be a straightforward inverse 
transformation into a more intricate and less reliable process. 
The concept of reversible neural networks [41–43], which have 
lightweight memory consumption and can preserve input infor-
mation features, has been proposed. When applied to our method, 
it has the potential to achieve zero error in GMF decoding with 
fewer parameters. We may further explore the application of such 
networks in our method in the future.

5.4.3. Exoskeleton control with encoder-only sensors
Inspired by the idea that any sensor capable of measuring 

joint kinematics can be used to estimate joint moments, we 
implemented exoskeleton control using motor encoders alone. 
However, encoder-only sensors still face significant limitations 
in exoskeleton applications, primarily due to the known issue of 
coupling between motor motion and human movement.

Our experiments show that encoder-only sensors can provide 
stable and accurate estimations of joint moments when the as-
sistance time is appropriately calibrated and comfortable for the 
user. However, determining the correct assistance timing requires 
pre-experimentation to identify the optimal delay time factor. 
Furthermore, if the assistance time is not accurately adjusted, 
the assistive ratio can significantly amplify the negative effects, 
leading to suboptimal performance. To address this issue in the 
future, more specific methods should be developed, such as the 
use of Series Elastic Actuators (SEA) [11], abnormal assistance 
detection techniques, and other potential solutions.

5.5. Multi-terrain adaptability and challenges

While this study successfully addresses inter-user variability 
in hip exoskeleton control and demonstrates effective assistance 
under levelground walking, terrain adaptability, such as walking 
on inclines or stairs, remains an unsolved challenge. Attempts 
to train models using public datasets containing multi-terrain 
data yielded insufficient estimation accuracy for safe control, 
likely due to variations in biomechanics and limited data qual-
ity. Existing studies, such as [44], have conducted experiments 
on ramps and stairs, but their assistance effectiveness was still 
mainly observed in level or inclined walking, and relied on task-
specific retraining with exoskeleton-worn data, raising concerns 
of overfitting and poor generalization.

Given the challenges of multi-terrain adaptability, future ef-
forts are expected to focus on scalable data collection and effi-
cient model adaptation techniques.
11
Table A.1
Candidate Hyperparameters of the GMF generator and the decoder.
 Model Hyperparameter Candidate values Selected value 
 Generator Number of hidden layers 3, 4, 5 5  
 Nodes per layer 16, 32, 64 32  
 Decoder Number of hidden layers 3, 4, 5 5  
 Nodes per layer 16, 32, 64 32  

6. Conclusion

To address the issues of lack of personalization joint moment 
estimation neural network for hip exoskeleton assistance, this 
study proposes an estimation method based on GMF generation. 
The method utilizes a generator to adaptively generate GMF, 
which serves as a more individual-independent representation 
compared to the biomechanical joint moment. A GRU-based neu-
ral network is then employed to estimate the generated GMF. The 
GMF improves the estimation accuracy of the estimator while 
could be decoded into joint moments accurately. Experimental 
results demonstrate enhanced estimation accuracy and strong 
generalization capability of the proposed method. Furthermore, 
real-world exoskeleton tests using encoder-only sensors validate 
its effectiveness in delivering assistive benefits to users. The con-
tributions of this work advance the feasibility of real-time joint 
moment estimation and its practical application in exoskeleton 
control.
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Appendix A. Candidate hyperparameters of the neural net-
works

All candidate hyperparameters for the GMF generator and 
decoder are summarized in Table  A.1. The final selected hyperpa-
rameters were determined based on the best validation accuracy. 
During experimentation, both the generator and decoder exhib-
ited a consistent trend: as the number of hidden layers and the 
number of nodes per layer increased, the validation accuracy im-
proved. However, performance gains saturated beyond a certain 
point. To ensure a balance between model complexity and gen-
eralization capability, we selected the smallest architecture that 
achieved obvious validation accuracy benefits for the estimator.

The candidate hyperparameters for the four estimators are 
also listed in Table  A.2. In contrast to the GMF generator and de-
coder, the estimators in this study showed a greater tendency to 
overfit. Consequently, the models achieving the highest validation 
accuracy often had excessive complexity and poor generalization. 
Therefore, the final selected estimator models were chosen not 
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Table A.2
Candidate and selected hyperparameters for each estimator.
 Model Hyperparameter Candidate Values Selected  
 GRU Number of hidden layers 1, 2, 4 1  
 Nodes per layer 16, 32, 64, 128 16  
 FCNN Number of hidden layers 3, 4, 5 3  
 Nodes per layer 16, 32, 64, 128 32  
 CNN Channel of each layer (16,32,16), (32,32,32), (32,64,32), (32,64,128,64,32) (32,64,32) 
 Kernel size {3 × 1, 5 × 1} 3 × 1  
 TCN Number of residual blocks 2, 3, 4 2  
 Channels per layer 32, 50, 64 32  
 Kernel size {3 × 1, 5 × 1} 3 × 1  
Fig. B.1. Structural components of the hip exoskeleton. Flexible plastic and 
soft fabric are used for the waist and thigh straps to enhance comfort and 
compliance, whereas the thigh strut and hinge are made of aluminum alloy 
to provide mechanical rigidity and durability.

Fig. B.2. Motor torque tracking performance during one gait cycle. The figure 
shows the desired control torque with blue line and the actual tracked torque 
with orange line, where the tracking error observed between the two signals is 
primarily attributed to a control time delay.

solely based on accuracy but also on their robustness against 
overfitting.

During experiment, all models were trained using the Adam 
optimizer with a learning rate of 0.001 and a batch size of 128.

Appendix B. Structure of the hip exoskeleton and motor track-
ing performance

To ensure effective utilization of the joint moment-based ex-
oskeleton controller, the device is designed with a rigid mechan-
ical structure. This rigidity guarantees efficient transmission of 
torque from the actuators to the user’s limbs, minimizing energy 
losses due to structural compliance. As illustrated in Fig.  B.1, the 
exoskeleton comprises a rigid framework including a waist strap, 
thigh strap, and a structural thigh brace, all of which securely 
interface with the user’s body. The system integrates both active 
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and passive joints, consisting of electric motors and mechani-
cal hinges, to deliver controlled assistance for flexion/extension 
movements and the passive joints allow for natural movement for 
abduction/adduction. The motors are equipped with encoders to 
provide real-time feedback on joint angles and angular velocities, 
enabling precise control of the exoskeleton’s assistance.

By computing the tracking error between the desired and 
actual motor torque, we observed a maximum error of 0.15 Nm, 
which is less than 2% of the peak assistive torque. This result 
indicates that the motor is capable of accurately following the 
desired torque trajectory during the assistance process (see Fig. 
B.2).

Data availability

All data needed to evaluate the conclusions are presented in 
the manuscript and/or the Supplementary Materials. Additional 
data that support the findings of this study are available from the 
corresponding author upon reasonable request.
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