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1. [bookmark: _Toc71039581][bookmark: _Toc99528777]Introduction
In recent years, as technology has improved, the trend in robotics has gradually moved from robots that simply accept instructions to intelligent robots that allow for human-robot interaction. Human-machine interaction systems that can be used for human body wear can combine human intelligence with the mechanical energy of a robot. Exoskeleton robots are a new type of wearable, intelligent robot that has emerged in recent years. The wearer and the exoskeleton robot need to be integrated to assist in their work, and ideally the exoskeleton robot acts like a skeleton inside our body to provide support and strength. Wearing a suitable exoskeleton robot can help the wearer to stand and walk normally or improve the motor performance of the limbs, greatly improving the wearer's physical strength or saving some of the strength to perform some of their daily tasks. This can greatly improve the physical function of the patient as well as the psychological state of the patient, alleviating depression, etc., giving them back their confidence in life and greatly improving the quality of life of patients and the elderly. As the exoskeleton robot and the wearer are highly coupled, the two are not independent from a system control point of view, as the exoskeleton robot and the wearer have a close relationship, and ideally the exoskeleton robot needs to read various signals and accurately determine the wearer's true movement intentions in a very short time, and then make decisions based on a priori information and intention estimation. 
The aim of this project is to design a lower limbs gait detection system that determines human movement patterns and detects the relative weight bearing of the human body at this point in time. The system can be used as part of a robotic application to provide a reference for drive force magnitude, drive pattern etc. for an exoskeleton robot or a drive assist unit of a sports rehabilitation machine.

2. [bookmark: _Toc71039582][bookmark: _Toc99528778]Background to the Proposed Research
Gait recognition is a prerequisite for the prediction of human intent and is crucial for both rehabilitation training and motor assistance of the exoskeleton. By accurately identifying the human motion phase and determining the motion control strategy corresponding to the current motion state, the exoskeleton can be made to perform the corresponding tasks in the corresponding motion phase, ensuring that the exoskeleton system works with safety and stability, thus helping the exoskeleton to follow the human motion with higher tracking accuracy. In recent years, as the research on exoskeleton technology and medical rehabilitation intelligence gradually increases, gait recognition as an important part of the research is developing rapidly. Depending on the application scenario, the data sources for gait recognition are mainly video images and wearable sensors. According to these two conditions, the research directions are divided into two main categories of video image analysis-based and wearable sensor-based gait recognition methods. 
[bookmark: _Toc99528779]2.1 Gait recognition method based on video image analysis
The gait recognition method based on video images is mainly based on taking images of human walking by a remote camera, extracting the information of human movement features in the images, and effectively classifying them through differential features, so as to identify human gait types. 
(1) Model-based recognition methods
This method finds the kinematic parameters corresponding to the modelling of the human body by modelling or tracking key nodes of the human body such as upper limbs, lower limbs and joints, and then extracts hidden gait features from these parameters for gait recognition. The gait features obtained from these model parameters are used for recognition. Lee et al. proposed an ellipse modelling method, using the long axis, short axis and eccentricity of the ellipse as features to characterise the whole gait image. seven ellipses were used to represent seven parts of the human body. nine coordinates were extracted from the human silhouette based on knowledge of human anatomy to construct a stick figure for gait analysis. Deng and Wang et al. proposed a gait recognition algorithm that combines spatio-temporal and kinematic gait features, using three lower limb contour widths and an overall width as spatio-temporal parameters in the walking sequence, and a deterministic learning method to reflect the contour shape changes over time. objects share a common view surface in apparently different perspectives, and use 2D gait contours as a reference to deform the 3D parametric mannequin by deforming the pose and shape of the template model.
The model-based gait recognition method can, to a certain extent, avoid inaccurate recognition due to environment, distance, occlusion or perspective problems and has high practical application value, but it is difficult to find human joints and build complex acquisition scenes when building 2D or 3D human motion models. It takes longer time and is difficult to achieve real-time computing.
(2) Non-model based recognition method 
Han and Bhanu proposed the Gait Energy Image (GEI) to characterise human gait features, which can be calculated by converting the original gait contour image and Jeevan et al. proposed a new temporal gait characterisation method, GPPE (Gait Pal and Pal Entropy), using principal component analysis to extract features to create a feature matrix, and a support vector machine to train and test individuals with the proposed method. Wolf and Babaee et al. propose a 3D deep convolutional neural network that captures spatio-temporal features from multiple perspectives, with seven convolutional layers, seven pooling layers and two fully connected layers. The final classification is performed by the sofmax output.
This method has lower requirements for the image or video and lower arithmetic power requirements, so it is easier to achieve real-time computing. However, the method is less stable in the face of interference and its effectiveness is greatly affected.
[bookmark: _Toc99528780]2.2 Gait recognition method based on wearable sensors
This recognition method is based on the acquisition of motion data directly from sensors attached to specific locations on the surface of the human limb to extract effective feature information and establish a correlation model between the wearer's gait characteristics and gait, which provides a solid foundation for gait classification. Common wearable sensors are mainly divided into mechanical and biological sensors, where mechanical sensors include gyroscopes, plantar pressure sensors and joint angle sensors, while biological sensors include electromyographic sensors (EMG) and electroencephalographic sensors (EEG), which are generally arranged on the wearer's body and have a high degree of integration. The signal acquisition system consists of various types of sensors such as gyroscopes, plantar pressure sensors and inclinometers, where the gyroscope detects the tilt angle between the body's centre of gravity and the upper body, the plantar pressure sensor detects the plantar pressure distribution under walking conditions, and the inclinometer detects the inclination of the exoskeleton limb movement, classifying the human gait into single-leg support, double-leg support and redundant double-leg support; Papas and Popovic et al. Popovic et al. developed a reliable gait phase detection system, which measured the angular velocity of the foot by gyroscope and used three force-sensitive resistors to measure the force exerted by the foot on the sole of the shoe during human walking, and divided one cycle of gait into four phases; Taborri et al. collected information on the angular acceleration of human thighs, calves and feet by gyroscope, and collected data from a total of ten people on a treadmill Jung et al. used the data as input for gait recognition and used it for hierarchical weighted decision making based on Hidden Markov Models (HMM) to recognize gait; Jung et al. used the sensors on the exoskeleton to recognize gait, i.e., to determine the current gait phase based on the swing direction and joint angular velocity of the lower limbs of the exoskeleton, and proposed a nonlinear autoregressive (NARX) with external input as a classifier with Mohammed et al. proposed a segmental recognition of human gait by means of an in-shoe pressure acquisition system, which included a regression model to model each phase and a logic function to model each phase transition, and this flexible modelling approach helped to detect abrupt and smooth transitions between phases; Joshi et al. classified eight different gait phases by collecting electromyographic signals (EMG) from human lower limbs. The gait recognition accuracy was improved by using a segmentation algorithm based on Bayesian information criterion (BIC) to find out the gait phase boundary positions in the feature vector set of 10 gait cycles, and then classifying the eight gait phases by using linear discriminant analysis (LDA) method. 
Compared to image data, wearable sensor-based data is more direct and accurate. Mechanical sensors that acquire physical acceleration angular velocity are widely used because they are cheaper, more resistant to interference, simpler and more straightforward in principle and more accurate than bioelectrical sensors. At the same time, the use of deep learning for feature extraction and classification of data collected by sensors has become a mainstream research direction. Therefore, it is expected that mechanical sensors will be used to build a sensing system, and It is therefore expected that mechanical sensors will be used to construct the sensing system and deep learning algorithms will be used for gait recognition.

3. [bookmark: _Toc71039583][bookmark: _Toc99528781]Aims & Objectives
The aim of this project is to design a lower limb gait detection system to detect the relative weight bearing of the human body.
In order to achieve this, several steps need to be completed. The first step is data collection, finding suitable sensors to form a motion information acquisition system. This system is used to collect data on the movements of multiple subjects under different weight-bearing conditions. The second step is the pre-processing of the collected data, such as cropping, smoothing, normalisation, etc., and labelling of the different data. The third step is to perform feature extraction on the pre-processed data, perform multi-source sensor data fusion, and implement weight-bearing analysis recognition using various pattern recognition algorithms. Finally, a lower limb gait detection system is used to perform real-time detection of wear and verify the effect.
4. [bookmark: _Toc71039584][bookmark: _Toc99528782]Research Methods
[bookmark: _Toc99528783]4.1 Data acquisition
According to the application scenarios of the lower limb exoskeleton and the sports rehabilitation machinery and the form of implementation, this paper will choose to adopt a gait recognition method based on wearable sensors, i.e. sensors placed on the surface of the human body will be chosen to acquire gait pattern information. Considering that a good gait pattern recognition method should meet the requirements of high recognition accuracy and a small number of sensors embedded in the mechanical structure, and according to the aforementioned sensor network layout of the lower limb exoskeleton developed in this paper, the sensor placement schematic of the motion sensing system is shown in the figure, with the main control board located on the back responsible for the processing, analysis and motion pattern recognition and visualisation functions of the motion data, and the IMU sensors located on the thigh anterior side of the thigh, anterior side of the calf and medial side of the ankle.


Diagram of sensor placement
The IMU was linked to the STM32 control board and transmitted wirelessly via WIFI to the PC for data recording, reducing the impact of the wired link on the experimenter's actions and ensuring that the collected movement data was sufficiently natural.
Considering that most human activity is below 20 Hz, the signals were sampled at 100 Hz in order to capture as much gait information as possible [1].
The main role of the lower limb exoskeleton is to assist the wearer in their daily movements. Considering that the daily gait patterns of the human body include standing (S), walking on flat ground (W), walking upstairs (US) and going downstairs (DS), the work in this section will identify the four different gait patterns in which the human body wears the data acquisition device and can take actions corresponding to the movement patterns in real time, laying the foundation for subsequent studies.
Five physically fit males between 160cm-180cm in height and 60-75kg in weight will be organised to wear the data collection equipment for the data collection exercise. The experimenters were asked to take different weights and perform movements such as standing, walking on a flat surface, walking up and down stairs to collect a large amount of movement data and to classify and label the saved data. The movement patterns were then identified and analysed using a variety of different pattern recognition algorithms.
[bookmark: _Toc99528784]4.2 Pre-processing
The IMU is very sensitive and the instantaneous value of the acceleration information fluctuates greatly, so if the collected data is directly calculated to resolve the angle there will be a large error. The gyroscope is more stable using integral calculations, but the error increases gradually due to integral drift and temperature drift. Combining the two types of data can be used to obtain more stable angular information.
The acquired raw signal has a lot of noise, which brings interference to the feature extraction, so signal denoising is important in the signal pre-processing. The wavelet packet transform is based on the wavelet transform, but also performs wavelet decomposition on the high frequency part, which is more refined than wavelet analysis. Wavelet packet denoising is characterised by low entropy, multi-resolution and de-correlation. By decomposing and reconstructing the signal at multiple levels and extracting the time-frequency characteristics of the signal, denoising can be effectively achieved.
Common algorithms such as complementary filtering algorithms and Kalman filtering algorithms can also be used to fuse the solved pose angles to effectively suppress noise. Complementary filtering means that the angle obtained from the gyroscope is used as the optimum for a short period of time, and the angle sampled from the acceleration is averaged at regular intervals to correct the angle obtained from the gyroscope. Complementary filtering has low dynamic fusion accuracy and is not as responsive as Kalman filtering. 
1) Linear interpolation
Considering that there is packet loss during the actual transmission of the data, some of the collected data will be lost and
Therefore, we will first perform linear interpolation on the collected data to fill in the missing
Figure 3-2 shows the IMU data collected for the right side of the exoskeleton in walking gait.
The linear interpolation formula is shown below. The linear interpolation equation is shown below.

where, (x0 ,y0), (x1 ,y1) - information at known sampling points.
(x ,y) - information at the x sampling points that lie between the known sampling point intervals.
2) Normalisation 
Due to the subtle differences in each data acquisition and the subtlety of the feature information we need to extract, using the data acquired from the IMU species directly for neural network model training can lead to poor results, generating large errors or even failure to identify. It is necessary to normalise the input data as a whole to a range from -1 to 1, with the following arithmetic formula

where
yi - the i-th element of the sampled information. 
y'i - the normalised data information. 
ymax - the upper limit of the sampled sequence vector 
ymin - the lower limit of the sampled sequence vector.
In the normalisation process, we use 1 and -1 as the maximum and minimum values of the entire set of sampled vectors, where ymax and ymin are the sampling points corresponding to the maximum and minimum values

[bookmark: _Toc99528785]4.3 Data segmentation 
For data segmentation, this paper uses matlab script batch processing with manual manual correction to segment the long data by gait period for a single acquisition. The data is segmented into individual cycles of variable length, which is not conducive to subsequent processing. It is necessary to resample the data to obtain a fixed length of gait cycle data.
Most of our movements, especially walking on flat roads, have inherent characteristics such as periodicity and symmetry, so when analysing data or doing gait planning, we usually use a single cycle of signal data as the target, and generally consider a gait cycle to be the time when the right heel hits the ground twice, as our acquisition system uses inertial sensors, which are particularly distinctive because of their periodicity, and the boundaries between striding The leg strike and leg retraction are clearly defined. The peak of the stride amplitude can be taken and the signal is obvious, using the moment of change from positive to negative as the data time cut-off point for a single gait. The method is simple and effective in automatically dividing the gait sequence into multiple gait cycles.
By data segmentation, each acquisition can be cut into many individual data for a single leg and single cycle, expanding the overall data content and allowing for an appropriate reduction in the number of data acquisitions and the difficulty of acquisition.
In addition, for other movements, such as walking up and down stairs, the gait is also cyclical, but the difference is that the human centre of gravity is accompanied by a rise and fall in the horizontal height of the body, so we still need to extract each relative gait cycle when doing gait analysis. The gait cycles obtained in the above method are differentiated by using the foot leaving the ground as a reference for the cycle. As the movement patterns are more similar between walks, it is still possible to use the point of maximum joint angle or sudden change in leg acceleration as the basis for cutting. Therefore, in this paper we use the same method as that used in the normal walking cycle, but because the general width of the stairs is not wide enough, usually the heel of the foot is in a certain state of suspension when going up the stairs and the forefoot part is in a certain state of suspension when going down the stairs, resulting in less stable data from the ankle and lower leg sensors, so in this paper the thigh sensor is chosen as the main basis for the division between the up and down stairs, the According to the angle special change point as the cutting basis.
4.3 Gait physical load recognition
Human movements and gait have more features [13], based on the signal acquisition system we designed to get is a time series of signals, in order to continuously improve the accuracy and feature extraction ability of gait recognition algorithms, gait pattern classification algorithms are classical k-Nearest Neighbor, KNN, Hidden Markov Model ,  SVM algorithm, now also have turned to Convolutional Neural Networks, Recurrent Neural Networks, Deep Neural Networks and other algorithms. The core problem solved by these gait recognition algorithms is how to extract and classify the sensor information features.

The human walking gait is characterised by periodicity, left-right symmetry and coordination, and the walking motion is mainly expressed in the sagittal plane[14] . The process of the same heel touching the ground twice in a row is called the complete gait cycle during walking. Due to the symmetry of the human gait, only the right leg is used as an example for the following analysis, as there is usually only a phase difference between the normal gait of the left and right legs of the same person. The circulation pattern of the lower limbs during stair ascent and descent is very similar to that observed during walking on level ground[15] .
  . For both movement categories it is also possible to define them according to the duration of the support phase and the swing phase. Normal individuals spend approximately 60% of their time in the support phase and 40% in the oscillation phase to complete a gait movement down stairs. In contrast, it was observed that 66% of the gait cycle of a normal person going up stairs was in the support phase and 34% of the remaining gait cycle was in the oscillation phase [16].
1) KNN
For the classification of gait phase signals and action features of whole-body assisted exoskeleton robots, the idea behind the KNN-based approach is that if the majority of the k most similar (i.e., most adjacent) samples of a gait phase in the feature space belong to a particular gait phase or action class, then the gait or action samples also belong to that class. A classifier based on this approach does not need to be trained using the training set, so the training time complexity is 0. The computational complexity of classification based on the KNN algorithm is proportional to the length of the gait data in the training set, i.e., if the length of the obtained gait or training set is N, then the time complexity of classification based on the KNN approach is O(N) [17].


1) SVM
Compared to statistical pattern recognition-based classification methods such as plain Bayes, K-nearest neighbours and decision trees, SVM has obvious advantages in solving small sample, non-linear and high-dimensional recognition problems, and also has the advantages of strong generalization ability, easy generalization and less artificially set parameters [2].
The principle of SVM is to find an optimal classification hyperplane that satisfies the classification requirements. It is based on the theoretical principle of structural risk minimisation and its learning strategy is interval maximisation, which ultimately translates into the solution of a quadratic programming problem. For linearly indistinguishable data, the kernel function needs to be determined first, and then the non-linear mapping algorithm is used to transform the indistinguishable samples with low-dimensional input space features into high-dimensional features to make them linearly distinguishable. Let there exist linearly indistinguishable gait data sets (Xi,Yi),X∈Rd,Y∈{-1,1},i=1,2,...,n,where Xi is the feature vector of the training sample data set and Yi is the positive and negative labels of the samples.The general expression of the linear discriminant function is:f(x)=ωx+b. where ω is the hyperplane normal and b is the bias vector. At this point the classification surface is ωx+b=0. By choosing a suitable kernel function K(xi,x) and parameter C, the non-linear support vector machine can be described by constructing a Lagrangian pairwise function, i.e.

where: C is the penalty factor and α is the Lagrange multiplier; after obtaining the optimal solution for each coefficient and determining the kernel function, the optimal classification function is


2) LSTM model	
[image: ]
Recurrent Neural Networks (RNNs) have unique advantages for the analysis and prediction of time-series data. Unlike existing deep neural networks (DNNs) and convolutional neural networks (CNNs) in which parameters are independent for each layer, RNNs can learn, classify or predict sequential data by sharing hidden layers so that the information from the computed hidden layers can be fed back into the input data for learning, classification or prediction, so that the model can more easily exploit data from previous moments.
However, RNNs have a long-term dependency problem when the data needed to compute the hidden layer is farther apart. The long-term dependency problem is that when data with the key information required for the current computation occurs a long interval ago, the long-term dependency problem is that when data with the key information required for the current computation occurs a long interval ago, it is difficult for a simple RNN to merge that data into the computation, thus losing the ability to learn information from moments far away. the LSTM is designed with input gates, forget gates and The first stage of the LSTM architecture is the 'forget gate', whose basic function is to specify which information is not required and can be thrown out of the unit state.

The next stage is the input gate, where the main function of this layer is to determine which information must be stored or added to the cell state. This gate consists of a sigmoid layer and a tanh layer which creates vectors over the new candidate values that can be added to the cell state. Its computation is shown below.

The next stage of the LSTM is the 'memory update', where the old cell is updated to a new one, and the final stage of the LSTM is the output gate, where the main function of this layer is to determine what must be output from the cell state. The output gate processes part of the output information via the sigmoid function and part of the updated cell state information via the tanh function, as shown below.


3) CNN model 
Convolutional neural networks (CNNs) are deep neural networks that can effectively extract data features and have been used with great success in image recognition and detection. Among the various deep neural networks, CNN is one of the most widely used, which can automatically learn complex models. Using a series of convolution kernels, activation functions and pooling, good data features are automatically extracted and classified, which can be used for gait pattern classification [3]. The core of a CNN network is the convolutional layer. The role of the convolutional layer is to use the convolutional kernel to perform local feature extraction on the input data. The operational formula is as follows.

The pooling layer is used to reduce the dimensionality of the data and prevent overfitting of the CNN network by reducing the weight of some of the data to highlight features with key information. There are two general approaches to pooling. The first is maximum pooling, where the maximum point in the region is taken as the feature value for the whole region. The second is average pooling, where the average value within the region is taken as the feature value of the whole region. After pooling, the resulting eigenmatrix is fed into the next layer.
The fully connected layer, where each node is connected to all the nodes in the previous layer, is used to combine the features extracted from the previous side. The fully-connected layer maps the convolutional pooled features to the sample label space and uses the softmax classification judgement to obtain the probabilities. The calculation formula is as follows:

(4) LSTM-CNN model
Unlike image data, motion data captured by a wearable device is a continuous time series similar to audio and is highly regular depending on the motion pattern, but the amount of variation is very small depending on the load. Therefore, a network model using a combination of LSTM and CNN may have more significant results. Where the LSTM can be used to extract features of continuous time series like motion data, the CNN can be used to extract subtle differences in motion data for discrimination in subsequent sections. The LSTM-CNN model should be able to combine the advantages of both models for efficient feature extraction of IMU gait data, thus enabling the negative weight recognition of multiple gait patterns.
The LSTM is good at modelling temporal data, while the CNN is better at data feature extraction. The two models are complementary, so we combine them into a unified framework, the LSTM-CNN model, based on the complementary nature of the LSTM and CNN. The structure of the LSTM-CNN model is a combination of the LSTM and CNN models.
[image: ]
LSTM-CNN for physical load classification
The LSTM-CNN model consists of three main components. The first step is the preprocessing part mentioned above, which converts the original data processing into standardized segmented data input to the next step. In the second part of the LSTM network, Bi-LSTM can also be used. The number of units of this part of LSTM needs to be determined according to the input of the upper layer, taking 64 or 128 as the case may be. The third part is CNN network. The CNN network is mainly composed of multiple convolution layers, pooling and full connection layers. The output layer is accepted with all the outputs of the convolutional layer and the features received are discriminated probabilistically by the softmax function to obtain a multidimensional vector. Each value of this vector represents the probability that this data corresponds to each load size, which also enables the classification of gait patterns and different physical load weights.
5) Evaluation index
In order to evaluate the performance of the gait pattern recognition algorithm proposed in this paper, the accuracy rate and F1 score are used as performance evaluation metrics. The accuracy rate (Acc) is a commonly used metric for evaluating performance, which represents the proportion of correctly classified gait patterns in the total data set, as follows

The F1 score is based on precision and recall, where precision and recall are two mutually influential evaluation metrics, and usually high precision leads to low recall and high recall leads to low accuracy. F1 score takes into account the two performance indicators of accuracy and recall, which can more effectively evaluate the recognition effect of the network on the problem of gait physical load. These three performance metrics can be obtained by the following equation

where TP - the predicted sample labels in the dataset that are consistent with the true labels. 
FP - the predicted sample labels in the dataset that differ from the true labels 
FN - the dataset in which the true labels are incorrectly predicted 
Pre - the precision rate. 
Rec - recall rate.

5. [bookmark: _Toc99528786]Research Plan
2022.4-2022.5 Complete the preparatory work and prepare the appropriate material reports and equipment. On the hardware side, purchase the required IMU, STM32 controller, wifi communication module, etc. On the software side write the appropriate data logging programs and import the data into the database for collation.
2022.5-2022.6 Conduct a large number of experiments and gather about 10 subjects to collect gait data under different weights to prepare enough data as a basis for subsequent work. Also pre-process the data through matlab software.
2022.6-2022.8, after the data were processed various attempts were made to select and compare algorithms, filter algorithm types for optimisation and complete the selection of algorithms and methods. , train the recognition network to optimise the parameters and integrate into a weight recognition system.
The research results will be completed by September 2022.

6. [bookmark: _Toc71039598][bookmark: _Toc99528787]Conclusion
In conclusion, intelligent exoskeleton robots with human-machine interaction have a wide range of applications as a future trend, and the physical load and related gait classification methods have important value in military and medical applications. The research methods implemented above can also be applied to other pattern recognition and machine learning objectives. The method proposed in this paper is highly feasible and risk-free for experiments and follow-up work, and its effectiveness has been demonstrated in preliminary experiments and studies.
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