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Abstract  
In rehabilitation, hand robotics, and kinesiology, a crucial challenge is establishing a connection between 

surface electromyogram (sEMG) signals and the kinematics of joints and upper limbs. The present research 

introduces a deep recurrent neural network regressor that uses LSTM (Long Short Term Memory) and GRU 

(Gated Recurrent Unit) cells, leveraging sEMG signals to estimate finger joint angles. This investigation used 

the DB2 series of the Ninapro dataset. Remarkably, many joint angles can be estimated with up to 97% 

accuracy when based on the correlation coefficient criterion. This indicates a strong positive correlation 

between the estimated values and the actual values of these joints. However, it is significant to note that there 

is a trade-off between accuracy, learning time, and the number of parameters used, which varies based on the 

type of cells employed in the network. Using deep LSTM neural networks, it is possible to estimate the 

interphalangeal joint angles of the fingers with an accuracy of 97%. LSTM cells offer more precise 

predictions but require more learning time and parameters than GRU cells. The study also explores the 

significance of efficient muscles in executing movements, potentially influencing the varying estimation 

accuracy among different joints. 
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1. Introduction 

The human hand plays a critical role in daily activities, as it is responsible for most of the tasks we perform. 

Volitional and tactile actions heavily rely on our hands. Smooth and uninterrupted hand movements are 

essential for various activities, but there can be instances where these movements are hindered for various 

reasons. To address such issues, it becomes necessary to continuously estimate the movements of the upper 

limbs and the angles of the joints. There are several practical applications for this continuous estimation, 

including hand rehabilitation following stroke or sports injuries, as well as for diagnosis, treatment, and 

monitoring of neurological diseases [1]. Additionally, this estimation process contributes to the development 

of rehabilitation robots and prostheses, aiming to create seamless and coordinated movements [2]. The 

surface electromyography (sEMG) signal refers to the electric potentials generated by the depolarization of 

muscle fiber membranes, which can be detected by electrodes placed on the skin surface. This signal carries 

valuable information that finds numerous applications in neuromuscular physiology and movement control 

[3]. One such application involves identifying the intention of movement, where the sEMG signal is used to 

establish a connection between muscle contractions and kinematics. 
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There are various methods available for continuous estimation and regression of hand movements. One 

such method is musculoskeletal models (MSM), which employs a skeletal model and incorporates the 

mechanical model of muscles. Using muscle synergies extracted from EMG data, He et al. constructed a 

musculoskeletal model to predict the joint angles of the thumb, index finger, middle finger, and wrist [4]. 

Kim et al. devised a muscle synergy and musculoskeletal model to estimate wrist joint angles. They used a 

seven-channel EMG signal to estimate wrist joint movements in two dimensions. An analysis of the EMG 

signals was conducted utilizing the musculoskeletal model and the synergy-based linear regression model 

[5]. However, this approach has limitations as it requires determining numerous parameters during testing, 

making it less suitable for continuous estimation of joint angles and movements [6]. 

 In addition to MSM, traditional machine learning methods have been employed for estimating sEMG-

based finger joint angles. Gao et al. employed the least square support vector machine (LSSVM) with time-

delayed features of sEMG to estimate continuous wrist palmar flexion-extension angles. In order to increase 

the precision and speed of the least square support vector machine, they presented two feature engineering 

strategies [7]. Savithri et al. used partial least squares discriminant analysis to identify hand actions from 

single-channel sEMG signals [8]. Stapornchaisit et al. performed finger angle estimation using independent 

component analysis (ICA) coupled with a linear regression model (LRM). They employed high-density 

electrodes [9]. Veer et al. identified and classified upper limb motions using PCA [10]. Zhang et al. 

introduced an estimation approach utilizing Sparse Pseudo-input Gaussian Process (SPGP) regression to 

predict kinematics from sEMG signals. The joint angles of the metacarpophalangeal (MCP) were estimated. 

Six grasping motions were explored [11]. Chen et al. investigated finger kinematics based on motor unit 

discharge times. They used high-density electrodes to record the EMG signals from the forearm muscles. 

Using a blind-source separation technique, EMG signals were separated down into motor units. [12]. Hu et 

al. explored muscle synergy during dynamic finger movements. They estimated the movement of four fingers 

using seventy-two electrodes [13]. Pallotti et al. performed a comparison between the measurement of finger 

joint angles using a myoelectric armband and data gloves. They employed the Matlab regression learner for 

four movements [14]. Dai et al. predicted joint angles with a polynomial regressor. They recorded the sEMG 

data using a grid of 160 high-density electrodes. The resultant neural drive signals were used in a second-

order polynomial regression to estimate the MCP joint angle [15]. Roy suggested an MCP joint finger 

kinematic prediction model based on motor units. To record the EMG signals, an 8 × 16 electrode array was 

placed over the flexor muscle [16]. The majority of these endeavors necessitate the fine-tuning of numerous 

parameters and substantial domain expertise [17]. 

 An alternative, neural network structures have also been employed for this purpose by researchers. 

Batayneh et al. established a nonlinear mapping between sEMG signals and hand angles using neural 

networks [18]. Gao et al. used a controller based on the nonlinear autoregressive with exogenous inputs 

(NARX) model to estimate finger joint angles from sEMG signals [19]. However, these methods require 

access to high-quality data and involve the setup of numerous parameters [20]. 

The field of medical engineering has experienced significant advancements as a result of deep learning 

techniques [21-22]. The utilization of deep learning for hand gesture recognition has resulted in notable 

progress. Wen et al. proposed a convolutional neural network (CNN) framework for estimating neural drives 

in isometric contraction tasks [23]. Guo et al. employed a convolutional structure to predict finger kinematics 

[24].  Ma et al. employed LSTM (Long Short Term Memory) to predict knee joint angles based on sEMG 

signals [6]. Wang et al. used LSTM networks to predict upper limb joint angles. They examined six grasping 

movements [25]. Chen et al. investigated the upper shoulder elbow joints in three dimensions using an LSTM 
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network [26]. Avian et al. developed a regressor based on LSTM and manifold learning to estimate finger 

movements. The MCP joint angles study was performed by them [27].  

In recent years, LSTM networks have drawn more attention from data scientists due to their ability to 

resolve the vanishing gradient issue that traditional recurrent networks typically encounter. LSTM networks 

use gate functions to govern state dynamics, which allows them to collect and simulate temporal data 

dependencies. Deep LSTM neural networks are the most effective method for estimating finger joint angles 

because the nature of sEMG signals is stochastic and time-dependent. The use of the network based on LSTM 

cells and one of its most useful variations, GRU, has been examined in this study. For the majority of the 

joints, the obtained results show that the kinematic assessment of the joints is 97% accurate. In comparison 

to all the previously described approaches, high accuracy was attained for all MCP, proximal interphalangeal 

(PIP), and distal interphalangeal (DIP) joints of the thumb, index, middle, ring, and little fingers in the current 

study, which was carried out using just ten electrodes. Based on the findings, the forearm muscles that are 

beneficial to moving finger joints have been identified, and the physiological basis for this has been studied. 

Selecting the appropriate window length for the windowing approach is one of the crucial problems in LSTM 

networks. The ideal window length has also been looked into in this research. The rest of the paper introduces 

the   methods used, such as the dataset, LSTM and GRU (Gated Recurrent Unit) structures, network 

architecture, and evaluation criteria. The results are discussed in the third section, followed by a discussion 

in the fourth section. 

2. Methodes 

2.1. Data Base 

In this study, the Ninapro DB2-exercise B database has been used, which consists of kinematic and sEMG 

data from the upper limbs of 40 healthy individuals [28]. This class includes wrist, grasping, basic 

movements, and hand postures. From the previously indicated set, six hand configurations related to isometric 

and isotonic movements were chosen for this study and joint angles were estimated during these movements. 

The Ninapro DB2 database is freely accessible to the public [29]. Muscle activity was recorded using 12 

electrodes: eight around the forearm, two on the flexor and extensor digitorum muscles, and two on the biceps 

and triceps. EMG signals were sampled at 2 kHz. Figure 1(A) illustrates the placement of the electrodes. In 

this study, only data from the first ten electrodes (red and blue) were used to estimate finger angles during 

flexion and extension. The two green electrodes placed on the triceps and biceps muscles were excluded, as 

these muscles do not contribute to finger movement. Figure 1(B) displays the chosen movements.  

Kinematic data was collected using a CyberGlove II dataglove with 22 sensors that capture finger and thumb 

joint movements, including flexion and abduction, as shown in Figure 1(C) [30]. The study focuses on 

analyzing joint angles between finger phalanges. 
 

 

Figure 1: (A): The placement of electrodes [28]. (B): Selected movements of the fingers [29]. (C): The placement of bending 

sensors [30] 

2.2. LSTM and GRU Architectures 

 

LSTM is a type of recurrent neural network that overcomes the issue of gradient vanishing commonly 

encountered in traditional recurrent networks. By integrating specialized memory cells and gating 
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mechanisms, LSTM effectively captures and retains long-term dependencies in sequential data. In Figure 2, 

the inputs and outputs of an LSTM for a single time step are depicted.  

 

 
Figure 2: Structure of LSTM 

 

The relationships between different components of an LSTM can be described through equations 1-5 [31]. 

 

1( )t g f t f t ff W x U h b   
 

(1) 

1( )t g i t i t ii W x U h b     (2) 

1( )t g o t o t oo W x U h b     (3) 

1 1( )t t t t c c t c t cc f c i W x U h b      (4) 

 ( )t h ty o c  (5) 

 

The parameters associated with the aforementioned relationships are as follows: 

 

,W U  Weight matrices 

b  Bias vector 

tf  Forget gate's activation vector 

g  Sigmoid function 

,c h   Hyperbolic tangent function 

tx  Input vector to the LSTM unit 

th  Hidden state vector 

ti  Input/update gate's activation vector 

to  Output gate' activation vector 

tc  Cell state vector  

y  Block output 

   The GRU is a type of recurrent neural network that is similar to LSTM but does not have an output gate. 

The structure of a GRU is illustrated in Figure 3. 

 

Figure 3: Structure of GRU 

 Equations 6-9 are related to GRU [32]. 

 

1( )t g z t z t zz W x U h b     (6) 

1( )t g r t r t rr W x U h b     (7) 

1( ( ) )t t h t h t t hh W x U r h b     
(8) 

1
ˆ(1 )t t t t th z h z h    

(9) 

 

The expressions mentioned above include the following vectors: 
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tx  The input vector to the GRU unit 

th  The output vector to the GRU unit 

tz  The update gate vector 

tr  The reset gate vector 

ˆ
th  The candidate activation vector 

 

The ⊙ operator denotes the element-wise multiplication. 

 

2.3. Regression Criterion 

 

For assessing the regression performance and continuous estimation of joints, the metrics used were the 

Pearson correlation coefficient (PCC), root mean squared error (RMSE), and box plots. The PCC quantifies 

the linear relationship between the predicted and actual values. The RMSE measures the average difference 

between the forecasted and actual values. Box plots were used to visualize the distribution of predicted and 

actual values. The PCC and RMSE criteria can be expressed with equations (10) and (11). 

 
 

1

2 2

1 1

n

i

n n

i i

UV
PCC

U V



 




 
 

pred predU y y   

 

true true
V y y   

 

 

 

 

 

(10) 

 

2

1

1
( )

n

pred truei
RMSE y y

N 
   

 

(11) 

 

The estimated and actual angles are denoted by  predy  and truey . The mean of truey  is true
y  . 

 

 

 

2.4. Preprocessing 

This research focused on using LSTM and GRU architectures to estimate finger joint angles based on sEMG 

data. The preprocessing of sEMG signals has involved the use of synchronization, relabeling, and filtering. 

High-resolution timestamps were utilized to synchronize the data streams. To be more precise, each stream 

used either linear or nearest-neighbor interpolation up to the highest sampling frequency. Due to variations 

in human reaction times and experimental settings, the movements executed by the participants might not 

align precisely with the stimulus suggested by the software. A generalized likelihood ratio algorithm has been 

used offline to correct the incorrect movement labels that resulted. Filtering included utilizing a Hampel filter 

to remove 50 Hz power-line interference from the sEMG signals because the electrodes are susceptible to 

power-line interferences, which in some cases could alter the recorded signal [28]. The root mean square 

(RMS) feature was chosen for this study. The expression for the RMS value is given by equation (12): 
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(12) 

 

N is the number of measurements. 

2.5. Proposed Network Architecture 

The suggested networks were constructed using Python. The implementation process involved utilizing two 

primary tools: TensorFlow, a well-known open-source machine learning framework, and PyCharm, a 

commonly used integrated development environment for Python programming. TensorFlow was used for 

constructing and training the networks, whereas PyCharm was utilized as the development environment for 

coding and testing the implementations. The block diagrams of this design can be observed in Figure 4.  

 

 

 

Figure 4: Proposed networks architecture. Three layers of LSTM or GRU, each with 128 cells, make up the network that 

receives the feature extracted from sEMG signals in the form of an image. There is a dense layer in the final layer. 

 

 

The input sEMG image has dimensions of H × W (height × width). Segments of sEMG signals were created 

using time windows, where the width corresponds to the number of electrodes and the height equals the 

window length. The window length has been established to 150 milliseconds. The step size, or hop length, 

between the windows has been chosen to be 10 milliseconds. The target vector in our network consisted of a 

sequence of finger joint angles that had been collected simultaneously with the sEMG signals. The following 

are the implemented network parameters: The ADAM optimization algorithm [33] has been used to minimize 

the loss function. A learning rate of 0.0005 has been selected for the optimization process, which involves 

30 iterations. To reduce overfitting, regularization techniques such as dropout with a probability of 0.4 have 

been implemented. Furthermore, L2 regularization with a value of 0.0005 has been included to address 

overfitting issues. Considering the repetitions of the available trials, the data has been split into two parts: 

training and testing. Each movement has been repeated six times. Two-thirds of the data have been allocated 

for training, and one-third for testing. This division aims to efficiently assess the model's performance and 

ensure its generalization capabilities. The signal has been segmented into windows of 150 ms duration. 

3. Results 
Table 1 displays the total number of parameters and the parameters associated with each layer for both the 

LSTM and GRU deep neural networks. Notably, the LSTM network has a higher number of parameters 

compared to the GRU network. The larger parameter count in the LSTM network can be credited to its more 

intricate architecture, which incorporates additional components like input gates, forget gates, and output 

gates. These gates introduce extra parameters, resulting in a higher overall parameter count. Although the 

number of parameters alone does not determine the performance of a neural network, it is interesting to 

observe the discrepancy in parameter count between the LSTM and GRU networks. This differentiation could 
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impact the computational complexity and memory requirements in both the training  

and inference stages of these models. The highest average accuracy in the correlation coefficient measure is 

97% for the LSTM network and 85% for the GRU network. The LSTM network requires 30 epochs for 

training, while the GRU network needs 21 epochs. 

 

Table 1: The total number of parameters, the parameters of each layer, and the characteristics of the two designed networks 

 

 

Figure 5 (A-D) illustrates the accuracy of joint angle estimation assessed using PCC and RMSE. In the LSTM 

architecture, the highest accuracy rate for joint angle estimation is achieved at the index MCP joint, reaching 

an impressive 97% accuracy. The estimation accuracy for angles varies from 83% to 97% based on this 

criterion. Among the assessed joints, the MCP joint of the thumb shows the least accuracy. Impressively, the 

index MCP joint attains the highest accuracy, with an RMSE value of 5. RMSE values for all joints fall 

within the range of 5 to 8. Notably, the thumb MCP joints exhibit the highest error rates based on this specific 

criterion. Based on the two criteria mentioned earlier, the accuracy of all joints in the LSTM network 

surpasses that of the GRU network. Figure 6 presents the box diagram depicting the value of the estimated 

and real joint angles. 

 

 

 

Figure 5: Mean PCC and RMSE associated with the estimation of joint angles during the M1-M6 movements 

 

 

 

 

Figure 6:  Compare estimated and real of fingers interphalangeal joints angles: (A) Thumb MCP joint, (B) Thumb PIP joint, 

(C) Index MCP joint,(D) Index PIP joint, (E) Index DIP joint, (F) Middle MCP joint, (G) Middle PIP joint, (H) Ring MCP 

joint, (I)Ring PIP joint, (J) Ring DIP joint, (K) Pinky MCP joint, (L) Pinky PIP joint, (M) Pinky DIP joint.  

 

 

Figure 7 displays the prediction and test angles of finger joints during M1-M6  

movements performed by an individual.  

 

 

Figure 7: The interphalangeal joint angles for subject 1(A) Index PIP joint angle-fist, (B) Middle PIP joint angle-fist, (C) 

Middle PIP joint angle-pointing, (D) Ring PIP joint angle-pointing, (E) Little DIP joint angle-pointing, (F) Index MCP joint 

angle-thumb up, (G) Ring PIP joint—thumb up, (H) Pitch wrist joint angle—V movement. The outcomes are associated with 

the recommended LSTM network. 

 

 

4. Discussion 
This research introduces a deep learning model for estimating finger angles using sEMG signals. Since 

movement information changes over time, it is crucial for the model to capture temporal dependencies. LSTM 

and GRU networks are particularly suited for analyzing time series data due to their ability to handle these 
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temporal dependencies. LSTM networks are equipped with a separate output cell state, which allows them 

to store and output different information. On the other hand, GRU networks have a single hidden state that 

serves both as a memory and for output. The findings of the study indicate that the LSTM model accurately 

predicts finger angles during continuous M1-M6 movements. 

   Hand and finger movements are primarily controlled by the muscles situated in the forearm.  Figure 8 

illustrates the relationship between muscles and the corresponding finger joints in the human forearm. Finger 

bending is carried out by the flexor muscles. Within the lower forearm region, the flexor digitorum 

superficialis and flexor digitorum profundus muscles play a significant role in flexing the index, middle, ring, 

and little fingers. Moreover, in the group of thenar muscles, two sets of flexor muscles play a role in bending 

the thumb. The flexion of the thumb is governed by the flexor pollicis longus muscle. It is situated deep 

within the hand. The extensor muscles are responsible for straightening the fingers. These are on the back of 

the forearm. The extensor digitorum muscle, responsible for extending the fingers except for the thumb, is a 

superficial muscle.  

 

Figure 8: Flexor and Extensor muscles of the forearm [34] 

 

 

Alongside this muscle, the extensor digiti minimi muscle contributes to the extension of the little finger, 

also being superficial. The extensor indicis muscle, a deep muscle, is essential for extending the index finger. 

Thumb extension involves two deep muscles, the extensor pollicis brevis and extensor pollicis longus [34]. 

M1-M6 movements have been created by combining finger flexion and extension movements. Based on the 

electrode placement, the sEMG signals obtained from electrodes placed on the forearm provide sufficient 

information about the movements of the non-thumb fingers. This allows for precise estimation of the angles 

of the finger joints (excluding the thumb) with a high level of precision. However, it should be noted that the 

electrodes are not positioned directly on the muscles responsible for thumb flexion. Therefore, the 

corresponding sEMG signal lacks sufficient richness of information, making it challenging to accurately 

estimate the angles of the intermediate joints of the thumb. Additionally, the index and little fingers have an 

additional extensor muscle. This observation is further supported by the results presented in the results section 

of the article. Comparing similar works can be a complex task, but it is essential for understanding the 

advancements in a particular field. He et al. used a muscle synergy-based musculoskeletal model and 32 

electrodes. They achieved the highest accuracy of 0.92 precisely [4]. Stapomchaisit et al. developed a method 

to predict finger joint angles based on the correlation coefficient criterion, achieving an accuracy exceeding 

0.7. Their approach involved utilizing 128 electrodes and applying the independent components of the sEMG 

signal to a linear regression model [9]. Zhang et al. achieved an accuracy of 0.91 in predicting MCP joint 

angles. In their research, they utilized six electrodes and applied Gaussian process regression to establish the 

correlation between sEMG features and hand kinematics [11]. Chen et al. forecasted finger kinematics by 

analyzing motor unit discharge times using high-density electrodes, achieving an accuracy of 85% [12]. 

Pallotti et al. estimated the maximum accuracy of 0.87 for the MCP joint in four grasp movements [14]. In a 

study by Dai et al., the extension angles of the MCP joints were approximated using 160 electrodes. Their 

methodology involved a two-step process: initially classifying finger movements and subsequently utilizing 

second-order polynomial regression to predict the angles of the joints. Their study showed that the estimation 

accuracy of these joint angles is above 0.8 [15]. Roy et al. decomposed sEMG signals of the extrinsic finger 

muscles. By utilizing 128 electrodes in their experimental setup, they achieved an accuracy of 0.94 in 
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predicting the joint angles [16]. Guo et al. achieved a maximum accuracy of 0.82 in their research, as 

determined by the correlation coefficient metric [24]. Wang et al. focused on six grasp movements and 

reported a maximum accuracy of 0.9 [25]. Avian et al. reported an overall accuracy of 0.95 in the MCP joint 

but did not provide specific results regarding the accuracy of each joint and their respective kinematics [27]. 

Some of the previously mentioned research dealt with the decomposition of EMG signals into motor units 

[4, 9, 12, 15, 16], which was valuable work, but it required a large number of electrodes and was complicated 

and time-consuming. Several earlier studies also employed traditional machine learning methods [11, 14], 

which were costly and time-consuming and could result in the loss of important signal information [17, 35]. 

Several of the above studies only looked at the kinematics of a single joint or a small number of joints [11, 

15, and 27]. 

All of the interphalangeal joint angles of every finger have been estimated in the current study using just 

ten electrodes. LSTM deep neural networks and one of their well-known variations have been researched to 

take into account the nature of EMG signals. With 97% accuracy, the majority of the joints are anticipated. 

Physiological analysis has been used to determine why thumb joints are assessed less accurately than those 

of other fingers. All of the constructed network's hyperparameter, as well as the ideal window length for the 

windowing approach in network performance analysis, are specified in this study. 

In terms of the number of gates, LSTM has three gates: the Forget Gate, the Input Gate, and the Output 

Gate. These gates independently control values, allowing long-term and short-term memory to be managed 

effectively. GRU, on the other hand, has two gates: the Update Gate and the Reset Gate. GRU's structure is 

simpler and does not require separate gates for input and forget operations. From a complexity perspective, 

LSTM is more complex compared to GRU. Due to having more parameters, it performs heavier 

computations. In contrast, GRU has a simpler architecture with fewer parameters, making it faster to train 

and requiring fewer computations. In terms of memory capacity, LSTM maintains two separate memories: 

the Cell State and the Hidden State. This enables it to store information for longer durations. In comparison, 

GRU uses only one shared memory, the Hidden State, resulting in more compact information storage. 

Regarding speed and performance, GRU, due to its simpler structure and fewer parameters, trains faster and 

requires less memory. However, LSTM typically achieves higher accuracy but takes more time to train. 

According to the glove's datasheet, these sensors' resolution is less than 1 degree. Considering the number 

of electrodes and their placement, the amount of information obtained from them can, at best, lead to 

predictions with this level of accuracy.  

 

5. Conclusion 
In this investigation, promising outcomes have been attained in estimating the angles of the joints of the 

fingers. A comprehensive physiological analysis was presented to elucidate the variations in the accuracy of 

interphalangeal joint angle estimation and to investigate the muscles that impact joint movement. Given the 

sequential nature of sEMG signals, deep recurrent neural networks are the preferred choice. Among these 

networks, the LSTM network surpasses the GRU. This aspect was explored in the current study.  

In addition to the isometric and isotonic movements examined in this study, flexion and extension movements 

are also considered fundamental motions. In future research, this topic will be further explored, and the 

estimation of joint angles in these types of movements will also be investigated. One of the key factors in 

enhancing the performance of deep neural networks based on LSTM cells is the application of regularization 

techniques. Moreover, selecting the optimal window length in the windowing method significantly impacts 

the performance of these networks and will be thoroughly studied in future research. Additionally, LSTM 
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and GRU cells feature bidirectional architecture. Investigating and evaluating these cells to better understand 

their performance in achieving higher estimation accuracy can be a valuable area for future studies. 
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Figure 1: (A): The placement of electrodes [28]. (B): Selected movements of the fingers [29]. (C): The placement of bending 

sensors [30] 

Figure 2: Structure of LSTM 

Figure 3: Structure of GRU 

Figure 4: Proposed networks architecture. Three layers of LSTM or GRU, each with 128 cells, make up the network that receives 

the feature extracted from sEMG signals in the form of an image. There is a dense layer in the final layer. 

Table 1: The total number of parameters, the parameters of each layer, and the characteristics of the two designed networks 

(A) The mean PCC using the LSTM network 

(B) The mean PCC using the GRU network 

(C) The mean RMSE using the LSTM network 

(D) The mean RMSE using the GRU network 

Figure 5: Mean PCC and RMSE associated with the estimation of joint angles during the M1-M6 movements 
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Figure 6:  Compare estimated and real of fingers interphalangeal joints angles: (A) Thumb MCP joint, (B) Thumb PIP joint, (C) 

Index MCP joint, (D) Index PIP joint, (E) Index DIP joint, (F) Middle MCP joint, (G) Middle PIP joint, (H) Ring MCP 

joint. (I)Ring PIP joint, (J) Ring DIP joint, (K) Pinky MCP joint, (L) Pinky PIP joint, (M) Pinky DIP joint. 

Figure 7: The interphalangeal joint angles for subject 1 (A) Index PIP joint angle-fist, (B) Middle PIP joint angle-fist, (C) Middle 

PIP joint angle-pointing, (D) Ring PIP joint angle-pointing, (E) Little DIP joint angle-pointing, (F) Index MCP joint angle-

thumb up,  (G) Ring PIP joint—thumb up,  (H) Pitch wrist joint angle—V movement. The outcomes are associated with the 

recommended LSTM network. 

Figure 8: Flexor and Extensor muscles of the forearm [34] 

 

 

 

 

 
 

A 
 

 

C 
 

 

 

 
M1- Thumb up 

 

 
M2-V 

 

M3- Pointing 

 
M4-Finger 

 flexed & fist 

 
M5- Flexion of   

ring & pinky 

 

M6-Thumb  

opposing pinky 

 

B 
 

Figure 1 

 

 

 

 



13 

 

 

 

 

 
Figure 2 

 

 

 

 
 

Figure 3 

 
      

 

 

 
 

 
 

 

 



14 

 

Figure 4 

 

 

 

Table 1 

 

Type cells LSTM GRU 

Total parameters 254000 194634 

Hidden layer 71168 53376 

Hidden Layer 131584 98688 

Dense Layer 51248 42570 
Iteration 30 Epoch 21 Epoch 

Accuracy(PCC) 97% 85% 

Learning time 75 minute 30 minute 

Number gates per  

each cell 

3 2 

 

 

 

 
(A) The mean PCC using the LSTM network 

 
(B) The mean PCC using the GRU network 

 

 
(C) The mean RMSE using the LSTM network 

 

 
(D) The mean RMSE using the GRU network 
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