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ABSTRACT  

Estimating lower extremity joint angle during gait is essential for biomechanical analysis and clinical purposes. 

Traditionally infrared light-based motion capture systems are used to get the joint angle information. However, such an 

approach is restricted to the lab environment, limiting the applicability of the method in daily living. Inertial 

Measurement Units (IMU) sensors can solve this limitation but are needed in each body segment, causing discomfort 

and impracticality in everyday living. As a result, it is desirable to build a system that can measure joint angles in daily 

living while ensuring user comfort. For this reason, this paper uses deep learning to estimate joint angle during gait using 

only two IMU sensors mounted on participants' shoes under four different walking conditions, i.e., treadmill, 

overground, stair, and slope. Specifically, we leverage Gated Recurrent Unit (GRU), 1D, and 2D convolutional layers to 

create sub-networks and take their average to get a final model in an end-to-end manner. Extensive evaluations are done 

on the proposed method, which outperforms the baseline and improves the Root Mean Square Error (RMSE) of joint 

angle prediction by up to 32.96%. 
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1. INTRODUCTION  

Human gait is a complex coordinated movement of the limb, muscles, tendon to help during locomotion. Gait analysis 

can provide valuable information about a person's health. Different neurological diseases and traumatic injuries can 

affect the regular pattern of walking1. Gait motion analysis can be a vital tool for adequately understanding the disease 

progression and severity. As a result, it is an essential analysis method for evaluating health conditions and providing 

valuable information for rehabilitation purposes. Gait motion analysis is also a useful tool for assessing the athlete's 

performance2. 

Gait motion analysis is traditionally performed in the lab environment. 3D infrared motion capture cameras are used to 

track marker trajectories, then used with joint dynamic analyses tools [OpenSim, Visual3D, Vicon Nexus] to calculate 

joint angles. This method is not only confined to a lab environment but also requires post-processing of marker 

trajectories, specific camera setup, and the post analyses. For this reason, gait analysis in a daily living environment is 

extremely challenging. UMultiple IMU sensors can be used to overcome this limitation. However, these IMU sensors 

also have some disadvantages leading to error because of the problem with sensor to body calibration3,4. Also, traditional 

IMU-based joint angle measurement needs a sensor at each body segment. This is problematic as people would not find 

comfort while using it in daily living. We believe that a reduced number of sensors can be sufficient to get the joint angle 

traditionally done with a complete set of sensors. 

The main challenge is identifying multiple joint angles using a reduced number of IMU sensors that have inadequate 

input signals. In our work, we will use the shoe-mounted IMU sensors to ensure user practicality and comfort. As the 

direct estimation method requires IMU sensors at all body segments, it is challenging to infer multiple joint angles from 

shoe-mounted IMU sensors. Although signal processing techniques can infer missing sensor signals, these techniques 

may not be able to represent gait characteristics in complex walking scenarios such as slope, stair climbing, etc5-7. In 

addition to this, these techniques may not be suitable for real-time gait monitoring as it requires post-processing. In this 

case, a data-driven method such as machine learning can be used to replace those signal processing techniques. 

 



 

 
 

 

 

Figure 1. Proposed Kinematics-Net consisting of three subnetwork: Bi-GRU-Net, Bi-GRU-Conv2D-Net, Bi-GRU-Conv1D-Net 

 

This paper estimates sagittal plane hip, knee, and ankle joint angles using two shoe-mounted IMU sensors (one per shoe) 

in different walking conditions (overground, treadmill, slope, and stair) via deep learning. We have used multiple 

fundamental layers (GRU, 1D, and 2D convolutional layer) to create an end-to-end deep learning model, which utilizes 

the concept of ensemble learning. More specifically, we design three deep learning models using the stated fundamental 

layers, then use the average of the three models to get an end-to-end model --Kinematics-Net. We then show the 

feasibility of using data augmentation techniques and a new joint loss function combining RMSE and Pearson 

Correlation coefficient (PCC) to get the improved prediction. Our proposed method reduces RMSE of joint angle 

prediction up to 32.96% and PCC up to 3.87%. 

The rest of the paper is organized in the following manner: Section 2 discusses recent work on machine learning for 

kinematics estimation using a large and limited number of IMU sensors. In Section 3, we demonstrate the architecture of 

the algorithm, augmentation, and joint loss strategy. In Section 4, we provide experimental details of both the data 

collection and algorithm. Section 5 discusses the results. In Section 6, we explain the results and relative advantages and 

disadvantages of our work. Section 7 concludes the paper. 

2. RELATED WORK 

This section discusses the current state-of-the-art machine learning-based research for joint angle estimation using IMU 

sensors.  
 

Mundt et al.8 estimated gait cycle normalized 3D joint kinematics using feedforward neural network by placing five 

IMU sensors on the participant's body. In9,10, author also leveraged simulated IMU data for joint angle prediction. 

Dorschky et al.11 used the musculoskeletal model to augment the data set and showed the performance of the augmented 

data on a convolutional layer-based model. Some studies employed a reduced number of sensors for kinematics 

estimation to combat impracticality and user discomfort. Lim et al.12 used sacrum mounted IMU to estimate sagittal 

plane hip, knee, and ankle angle using extracted features and an artificial neural network. Their extracted features are 

prone to error and limit the applicability of real-time gait monitoring. A single accelerometer13 was used to calculate 

running kinematics in the treadmill.  

 



 

 
 

 

All these studies are employed on overground or treadmills, limiting the method's applicability in daily living. They only 

used the traditional deep learning model to get the estimation, which may limit the performance of the joint angle 

estimation. In this study, we estimate kinematics in overground, treadmill, slope, and stair walking conditions, which 

represent gait during daily living. We also propose an end-to-end deep learning model, which significantly outperforms 

the traditional machine learning model. We previously used our proposed framework DeepBBWAE-Net14 to estimate 

kinematics on the same dataset. In this paper, we have reduced the framework's complexity further and have made the 

model end-to-end trained. 

3. PROPOSED APPROACH 

The purpose of this study is to develop an end-to-end deep learning algorithm that can outperform the traditional 

machine learning method for predicting joint angle of the lower extremity in different walking scenarios such as 

treadmill, overground, stair, and slope. In the following subsections, we will discuss the basic architecture of our 

proposed algorithm. 

3.1  Kinematics-Net 

In Figure 1, we show the architecture of Kinematics-Net, which consists of three subnetworks, i.e., Bi-GRU-Net, Bi-

GRU-Conv2D-Net, and Bi-GRU-Conv1D-Net. We use the prediction of these three subnetworks and take the average to 

get the final prediction making end-to-end trained Kinematics-Net. During training, we optimize the model minimizing 

the error generated on both four outputs (Output-1, Output-2, Output-3, Output). 

Bi-GRU-Net mainly consists of two Bi-GRU-Units. At first, we apply Batch Normalization (BN) in the input layer to 

address the heterogeneity of source data15. Then, we add two Bi-GRU units, flatten the layer, and connect it to the 

Output-1 layer. 

Bi-GRU-Conv2D-Net uses Bi-GRU and 2D convolutional layer to create a hybrid model. The reason for using the 

hybrid method is to improve the model's performance. Bi-GRU-Conv2D-Net consists of two branches. We have 

leveraged our previous Bi-GRU-Net up to flatten layer for the first branch. For the second branch, we use two 2D 

convolutional Units followed by two FC units. We flatten the output of the FC Unit. In the next step, we have 

concatenated the flattened output from two branches and connected it to the Output-2 layer. 

Bi-GRU-Conv1D-Net shares the same architecture as Bi-GRU-Conv2D-Net, except the 2D convolutional unit is 

replaced with a 1D convolutional unit. 

The Kinematics-Net consists of multiple fundamental units briefly described below: 

2D Convolutional Unit consists of a Conv2D, batch normalization, and maxpooling2D layer. The batch normalization 

layer after conv2D helps to reduce internal covariance shift16. The max-pooling layer reduces the complexity of 

training17 and also ensures efficient model learning. 

1D Convolutional Unit consists of two Conv1D, batch normalization, and maxpooling1D layers. Two Conv1D layers 

are added consecutively, followed by the batch normalization and max-pooling layer. 

Bi-GRU Unit uses a single bidirectional GRU layer. A dropout layer is added after the Bi-GRU layer to avoid 

overfitting during the training of the deep learning model. 

Fully Connected (FC) Unit consists of a dense layer followed by a dropout to avoid overfitting. 

3.2 Data Augmentation  

In Table 1, we present total length of data collected for each walking condition. From the table, we see an imbalance 

between different datasets as it's easier to do experiments during treadmill than other scenes such as overground, slope, 

and stair. Collecting data in the stair and slope is especially time-consuming and resource intensive. As a result, an 

imbalanced dataset may create less-performing deep learning algorithms. We have used simple data augmentation 

techniques to combat the problem, repeating the walking environment with fewer data to balance all the walking 

environments. We have shown in the result section that this technique helps to improve the joint angle prediction. 

 



 

 
 

 

 

3.3 Joint Loss 

While training the deep learning algorithm on regression problem, Mean Squared Error (MSE) or Root Mean Square 

Error (RMSE) is used as a loss function. We use two metrics (RMSE and Pearson Correlation Coefficient (PCC)) 

separately to evaluate our results. For that reason, we propose to combine RMSE and PCC and build the algorithm using 

the joint loss function: Joint loss=RMSE+Weight×PCC. Moreover, we have shown the performance of the algorithm 

with putting weight on the PCC part of the loss function. 

4. EXPERIMENT 

4.1 Data Collection and Pre-processing 

Ten healthy participants (6 male, 4 female, age: 25±4 years, weight: 62±7 kg, height: 1.65±0.06 m) participated in the 

study. All the participants provided written consent before participating in the study. Participants walked on the treadmill 

and overground at four different speeds, i.e., slow, normal, fast, and very fast. They walked for two trials for stair and 

slope on the self-selected speed. In Table 1, we have shown the total trial time for each case of walking. During the 

experiment, thirty-four reflective marker trajectories were recorded with 12 infrared motion capture cameras (Vero, 

Vicon, UK) with a sampling frequency of 100 Hz (Figure 3). Three axes of accelerations and angles data of two shoe-

mounted IMU sensors were collected using EMG embedded IMU sensors (Avanti, Delsys, MA) with a sampling 

frequency of ~148 Hz. Marker trajectories data were used to calculate kinematics of the subject with the subject-specific 

scaled musculoskeletal model using OpenSim18 and used as the ground truth for training deep learning model.  As IMU 

data has a different sampling rate, to synchronize it with the motion capture, it was downsampled to 100 Hz. We have 

taken 100 samples (1s) as the window to prepare the training data with a shift of 50 samples (0.5s). As we have six joint 

angles (left and right of hip, knee, and ankle joint), we have an output of 600 samples for a 1s time window.  

 

 
Figure 3. Placement of Markers and IMU sensors. 

Musculoskeletal model was created using OpenSim 

scale and Inverse Kinematics (IK) tool 

Table 2. Hyperparameters of different parts of the Kinematics-Net 

Unit  

  

Bi-GRU  Bi-GRU-  Bi-GRU 

  Conv2D  Conv1D 

Bi-GRU-1  Unit: 128  Unit: 128  Unit: 128 

  Dropout: 0.5  Dropout: 0.5  Dropout: 0.5 

Bi-GRU-2  Unit: 64  Unit: 64  Unit: 64 

  Dropout: 0.5  Dropout: 0.5  Dropout: 0.5 

Conv.-1  NA  Filter: 64  Filter: 64, 64 

    Kernel: 3X3  Kernel: 3 

    Pool: 2X2  Pool: 2 

Conv.-2  NA  Filter: 128  Filter: 128, 128 

    Kernel: 3X3  Kernel: 3 

    Pool: 2X2  Pool: 2 

FC-1  NA  Units: 128  Units: 128 

    Dropout: 0.5  Dropout: 0.5 

FC-2  NA  Units: 64  Units: 64 

    Dropout: 0.5  Dropout: 0.5 
 

 

Figure 2. Different fundamental unit for building Kinematics-Net 

Walking 

Environment 

Trial Time 

(min) 

Treadmill 86.54 

Overground 28.06 

Slope Ascent 12.79 

Slope Descent 13.00 

Stair Ascent 12.52 

Stair Descent 11.04 

Table 1. Total time (in minutes) for different walking 



 

 
 

 

Table 3. Results from different sub-part of Kinematics-Net, Augmentation, and joint loss strategy 
 

No Model RMSE PCC 

Hip Knee  Ankle  Mean  Hip  Knee  Ankle  Mean 

1 Bi-GRU-Net 4.772 5.429 3.845 4.682 0.973 0.979 0.950 0.967 

2 Conv1D-Net 5.430 6.765 4.236 5.477 0.965 0.969 0.931 0.955 

3 Conv2D-Net 6.081 8.329 4.819 6.410 0.953 0.952 0.904 0.937 

4 Bi-GRU-Conv1D-Net 4.697 5.443 3.857 4.666 0.973 0.979 0.951 0.968 

5 Bi-GRU-Conv2D-Net 4.785 5.457 3.860 4.700 0.972 0.978 0.949 0.966 

6 Conv1D-Conv2D-Net 5.369 6.707 4.173 5.416 0.966 0.969 0.936 0.957 

7 Kinematics-Sub-Net-1 4.606 5.318 3.832 4.585 0.974 0.980 0.952 0.969 

8 Kinematics-Sub-Net-2 4.716 5.306 3.770 4.597 0.974 0.980 0.953 0.969 

9 Kinematics-Sub-Net-3 4.670 5.347 3.763 4.593 0.974 0.979 0.952 0.968 

10 Kinematics-Net 4.646 5.258 3.754 4.553 0.974 0.980 0.954 0.969 

11 Kinematics-A-Net 4.414 4.962 3.534 4.303 0.977 0.983 0.958 0.972 

12 Kinematics-JL-Net 4.689 5.233 3.778 4.567 0.974 0.980 0.954 0.969 

13 Kinematics-JL-A-Net 4.437 4.889 3.565 4.297 0.977 0.983 0.959 0.973 

14 Kinematics-JL-2W-A-Net 4.472 4.965 3.599 4.345 0.977 0.983 0.959 0.973 

15 Kinematics-JL-4W-A-Net 4.470 4.918 3.548 4.312 0.977 0.983 0.958 0.973 

16 Kinematics-JL-6W-A-Net 4.446 4.923 3.591 4.320 0.977 0.983 0.958 0.973 

17 Kinematics-JL-8W-A-Net 4.464 4.955 3.572 4.331 0.977 0.983 0.958 0.973 

18 Kinematics-JL-10W-A-Net 4.477 4.914 3.622 4.338 0.977 0.983 0.958 0.973 

 

For the Input1D layer, we have a tensor shape of (Batch Size, window length, Features×No of sensors). For the Input2D 

layer, we have reshaped the Input1D layer to (Batch Size, window length, Features, No of sensors). 

 

4.2 Implementation Details 

In Table 2, we have shown the parameters used in our algorithm. We have used Adam19 optimizer to optimize the 

parameters of the model. The batch size was selected as 64, and the model was run for 30 iterations. We have split 20% 

data from the initial training set and used it to validate the model during training. 
 

4.3 Evaluation Method 

Evaluation Metrics: For the evaluation of the algorithm, we use leave out one subject cross-validation. Excluding test 

subject data during training will ensure the model's actual generalization capacity and avoid overfitting. To compare the 

model's prediction with ground truth, we will use two metrics--Root Mean Square Error (RMSE) and Pearson 

Correlation Coefficient (PCC). In the result, we will average the left and right leg angles and show them as a single value 

for a specific joint.  
 

Model Ablation: To show the reason for adding different layers in our model, we have conducted the ablation study of 

the model's component. At first, we evaluate with a simple model, i.e., Bi-GRU-Net, Conv1D-Net, Conv2D-Net. Then, 

we gradually add different layers to build a hybrid model. We consider GRU-Net, Conv1D-Net, Conv2D-Net as a 

baseline model. Then, we add the features of Bi-GRU-Net from the flatten layer and concatenate them with the flatten 

layer of Conv1D-Net and Conv2D-Net to get Bi-GRU-Conv1D-Net, Bi-GRU-Conv2D-Net. We also add flatten layer 

features from Conv1D-Net and Conv2D-Net to create Conv1D-Conv2D-Net. 
 

We have shown the model's performance on a subpart of Kinematics-Net in the next step. More specifically, we have 

used the combination of two from Bi-GRU-Net, Bi-GRU-Conv2D-Net, Bi-GRU-Conv1D-Net and created three Sub-

Nets of the Kinematics-Net. Kinematics-Sub-Net-1 is created using Bi-GRU-Net and Bi-GRU-Conv1D-Net, while 

Kinematics-Sub-Net-2 consists of Bi-GRU-Net and Bi-GRU-Conv2D-Net. The last Sub-Net is created using Bi-GRU-

Conv1D-Net and Bi-GRU-Conv2D-Net. 

As mentioned earlier, we will use the augmentation technique to improve the model's performance. We apply the 

augmentation on Kinematics-Net, which creates Kinematics-A-Net. 
 

Performance of different Joint loss: We evaluate the joint loss on the augmented dataset. In our joint loss, RMSE is a 

large number compared to PCC. For this reason, we increase the weight on PCC gradually during training the model and 



 

 
 

 

evaluate performance on changing the weight. At first, we give equal weight to two loss functions, which creates 

Kinematics-JL-A-Net. Then, we gradually increase the weight on PCC by a factor of two up to ten, making Kinematics-

JL-2W-A-Net, Kinematics-JL-4W-A-Net, Kinematics-JL-6W-A-Net, Kinematics-JL-8W-A-Net, Kinematics-JL-10W-

A-Net, respectively. 

5. RESULTS 

Table 3 shows the result of the models' ablation, joint loss, and augmentation strategy. We consider Models 1-3 as our 

baseline method. Among three baseline models, the performance of Bi-GRU-Net is better. We use different baseline 

models' feature combinations to create hybrid Models 4-6. We have seen that adding Bi-GRU layer features with Models 

2 and 3 helps to reduce RMSE of the joint angle prediction. In Model 6, combining features from Models 2 and 3 helps 

to improve the performance. However, those improvements are slightly less than baseline model Bi-GRU-Net. From the 

RMSE of Models 7-9, we have seen improvement over Bi-GRU-Net, which justifies our use of Conv1D and Conv2D 

layer with Bi-GRU-Net. Specifically, we have an RMSE improvement of up to 2.13% over Bi-GRU-Net. For 

Kinematics-Net, we have a mean RMSE of 4.553°, which outperforms all nine previous models. This justifies the use of 

Kinematics-Net over other deep learning models provided in this study. 
 

Then, we have applied augmentation strategy to the Kinematics-Net, which reduces RMSE to 5.49%, and increases PCC 

to 0.31%.  
 

We further introduce joint loss to the Kinematics-Net to see the performance. At first, we apply joint loss to the 

Kinematics-Net, which creates Kinematics-JL-Net. There is slight performance degradation compared to Kinematics-

Net. However, after using augmentation techniques, minor improvements over Kinematics-A-Net are made. Then, we 

gradually increase the weight of PCC on joint loss yet do not notice any performance improvement on this parameter 

sweep. 

6. DISCUSSION 

This paper has introduced a new end-to-end deep learning model Kinematics-Net, which predicts joint angle in different 

walking conditions using two shoe-mounted IMU sensors. We also explore the data augmentation and introduce new 

joint loss for model training. We have shown that our proposed method increases the performance of joint kinematics 

estimation compared to the baseline model. We have demonstrated extensive evaluation on model components, 

augmentation, and joint loss to give the reason for using Kinematics-JL-A-Net as our proposed method for assessing gait 

during multiple walking environments. 
 

Other studies8-11 employed machine learning to estimate joint angle only on the treadmill and overground condition. 

Most of the studies also used multiple numbers of IMU sensors in participants' bodies. All these aspects hinder the 

development of gait monitoring in daily living with the consideration of practicality. For these reasons, we have 

employed the idea of using shoe-mounted IMU sensors and built the algorithm to detect kinematics in different walking 

environments. 
 

Comparing the results of kinematics estimation with other studies is difficult as the dataset is different. In our dataset, we 

have covered comprehensive trials encountered during daily living. As a result, the direct comparison may not be 

helpful. However, we have demonstrated model ablation in our study, which indicates that our developed algorithm 

outperforms the conventional machine learning model, i.e., the model with a single LSTM layer, 2D convolutional 

neural networks, 1D convolutional neural network10,11,13. This ensures our algorithm's superiority over other works. 
 

There are several limitations of our study. Deep learning tends to work better when a larger dataset is available. For our 

problem, the different gait strategies of people make the generalization capacity of the algorithm difficult. So, enlarging 

the dataset with a larger number of participants may help increase the algorithm's performance. Simulated IMU sensor 

data9 can be helpful in this approach. Recently, the attention mechanism helped to improve the model's performance on 

pose estimation20, which is closely related to the problem we are solving. Adding different attention mechanisms in our 

algorithm also may help to increase the generalization of the algorithm. 

7. CONCLUSION 

This study has implemented deep learning-based kinematics estimation using shoe-mounted IMU sensors in daily living. 

We have shown that our proposed algorithm performs better than the model used in other studies through an extensive 



 

 
 

 

evaluation. Another advantage of our work is the implementation of the algorithm in a comprehensive walking 

environment, which paves the way for gait monitoring outside the lab in daily living. 
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