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Abstract  

Objective. Providing accurate and robust estimates of limb kinematics from recorded neural activities is 

prominent in closed-loop control of functional electrical stimulation (FES). A major issue in providing 

accurate decoding the limb kinematics is the decoding model. The primary goal of this study is to develop 

a decoding approach to model the dynamic interactions of neural systems for accurate decoding. Another 

critical issue is to find reliable recording sites. Up to now, neural recordings from spinal neural activities 

were investigated. In this paper, the neural recordings from different vertebrae in decoding limb kinematics 

are investigated. Approach. In the current study, a new generative probabilistic model with explicit 

considering the joint density is developed. Then, an adaptive discriminative learning algorithm is proposed 

for learning the model. It will be shown that the proposed generative process can be implemented by a 

Recurrent Neural network (RNN) with specific structure. We record the neural activities from dorsal horn 

neurons by using three electrodes placed in the L4, L5, and L6 vertebrae in anesthetized cats. Main results. 

Information theoretic analysis on single-joint movement and multi-segment recordings implies the 

rostrocaudal distribution of kinematic information. It is demonstrated that during hip movement, best 

decoding performance is achieved by L4 recordings. For knee and ankle movements, best decoding are 

achieved by L5, and L6 recordings respectively. It is also shown that the decoding accuracy using multi-

segment recordings outperform decoding accuracy obtained by single-segment recording in multi-joint 

movement. The results also confirm the superiority of proposed probabilistic recurrent neural network 

(PRNN) over the conventional recurrent neural network and Kalman filter (𝑝 < 0.05). Significance. Multi-

segment recordings from dorsal horn neurons as well as the proposed probabilistic recurrent network model 

provide a promising approach for robust and accurate decoding limb kinematics. 

 

Keywords: probabilistic model, recurrent neural networks, decoding, dorsal root ganglia, dorsal horn. 
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1.  Introduction 

Decoding movement kinematics from neural signals can be utilized as the feedback information in closed-

loop control of limb function through functional electrical stimulation (FES). This feedback is necessary to 

keep stability and respond to perturbations during a complex movement such as walking or reaching.  

 The feasibility of estimating kinematics information from nerve cuff recordings of muscles afferent 

and utilizing this information in closed-loop control of FES has been already evaluated in [1-6]. However, 

recordings with cuff electrodes provide information from different afferent and efferent signals and 

discriminating the signals arising from different nerve fibers is a challenge. Moreover, multiple nerve cuff 

electrode recordings are required to acquire the information from entire limb during a complex movement 

such as locomotion [7].  

 The intracortical neuronal activities [8, 9] and Electrocorticography (ECoG) signals [10-12] have been 

proposed as alternative sources for decoding the kinematic information. However, brain signals contain 

more information about the high-level locomotor states and continuous decoding of limb kinematics 

requires a large number of electrodes to be implanted. 

 Dorsal root ganglia (DRG) is also considered as an alternate source for obtaining sensory information. 

A wide variety of proprioceptive information converges into the central nervous system at dorsal root 

ganglia. The dorsal root ganglion is a collection of the cell bodies of sensory neurons that carry information 

from the periphery to the spinal cord. Multichannel recordings from DRG were used to decode hind limb 

kinematics (i.e., hip, knee, ankle joints and endpoint kinematics) [7, 13-19] and to detect sensory event [20]. 

However, it should be noted that the long-term chronic recordings from DRGs do not last for more than 

three weeks [16]. This is mostly because of the suspended structure of dorsal root ganglia, and the fact that 

attaching an array to it would increase the risk of tearing the roots. In contrast, the natural blood-brain 

barrier of the spinal cord (which the DRG and peripheral nerves lack) may provide a healthier tissue 

interface and prolong the quality of chronic recordings [21]. 

 To overcome the limitation of DRG recordings, spinal cord recordings have been proposed for 

decoding the limb kinematics. The modulation of dorsal spinocerebellar neurons responses to the limb 

movement has been investigated [22-25]. The spinocerebellar system is one of the main central projections 

of the muscle receptors. It was reported that the activities of dorsal spinocerebellar neurons encode the 

global parameters of limb movement and posture rather than the specific muscle or joint parameters. Dorsal 

horn is an alternate location for extracting sensory information. The central branch of the sensory axon 

enters the dorsal horn of the spinal cord [26]. The signals recorded by a 16-channel microelectrode array 

implanted in the left dorsal horn of the spinal cord between the seventh and eighth cervical root, have been 

already used for detecting the sensory events generated by electrical stimulation in rat [21]. Eight channel 

dorsal horn recording was also applied to decode intravesical pressure in rat [27]. Recently, decoding the 
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hind limb kinematics using single electrode recording from the dorsal horn cells in one segment of the 

spinal cord has been investigated in [28]. 

 A critical issue in decoding kinematic information from neural signals is the decoding model.  Methods 

for decoding limb positions from the populations of sensory neurons are needed to provide accurate 

feedback signals during a wide range of movement conditions for closed-loop control of functional 

electrical stimulation [7, 13].  In early studies [14-16], linear regression methods were used to predict the 

hind limb kinematics (i.e. foot position, hip, knee, ankle angles) from populations of neurons in DRG [14-

16]. To improve the performance of decoding the limb kinematics using neural recordings, nonlinear 

methods have also been employed in [17-19, 29]. In [17], particle filtering was used for decoding the hind 

limb kinematics using DRG recordings. However, particle filter is computationally inappropriate for real-

time applications [7, 30]. In [18], it was demonstrated that fuzzy neural network (FNN) model provided 

more accurate estimates of limb state and generalized better than multiple linear regression methods. 

However, the FNN is a static neural network, in which there is no feedback, and the outputs are calculated 

directly based on their connection with feed-forward inputs. The static structure of the decoding method is 

not an efficient method for representation the nonlinear dynamic relationships between the neural signals 

and the limb states. Recently, a recurrent neural network (RNN) was used as a nonlinear and dynamic model 

to decode the ankle and knee angles from DRG 16-channel recordings [19] and demonstrated that the 

nonlinear model provided better decoding accuracy than multiple linear regression and Kalman filter 

estimators. The architecture of the RNN used in [19] takes the form of an input-output recurrent model. In 

this model, the delayed values of the network output were used as the input of the network for modeling 

the dynamics [31]. 

 In this paper, a new method which is based on a generative model with adaptive discriminative learning 

algorithm is proposed for decoding hind limb kinematics from the dorsal horn neurons of the spinal cord 

during hind limb passive movement. In the usual approach of the generative learning, first, the joint 

distribution 𝑝(𝑦, 𝑥) is learned and then subsequently the output variable is predicted using the Bayes rules 

[32, 33]. In [34], an RNN was used as a black-box generative model and it was interpreted that the RNN 

can be considered as a recursive Bayesian estimation. The RNN was discriminatively trained by optimizing 

the log-likelihood function of the true state and it directly computed the probability of an output given an 

input. In [35], Kalman filter was used as a generative model with the discriminative learning for a visual 

state estimation task without having to explicitly create a generative model. Moreover, a linear dynamic 

model was considered for modeling the generating process (i.e., KF) which may not be suitable for 

nonlinear systems. 

 In the current study, a new generative probabilistic model with explicit considering the joint density is 

developed. Then, an adaptive discriminative learning algorithm is used for learning the generative model. 
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It will be shown that the proposed generative process can be implemented by an RNN with specific structure 

which is different from the conventional RNN and its structure is automatically determined by the model 

itself.   

  In previous work, the feasibility of decoding the hind limb kinematics using single electrode recording 

from the dorsal horn cells in one segment of the spinal cord has been investigated [28]. Due to the fact that 

sensory afferents of hind limb muscles are terminated rostrocaudally at different segments of spinal cord 

[36, 37], this study is also undertaken to examine whether the recordings from dorsal horn of multiple 

segments can provide more information about the limb kinematics than that from single-segment 

recordings.  

2. Method 

2.1. Probabilistic decoding model  

Decoding neural signal to predict the limb positions can be considered as a regression problem. Regression 

analysis is a statistical technique for determining the relationship between a single dependent variable (e.g., 

y) and one or more independent variables (e.g., X). To be specific, consider a general nonlinear regression 

model defined by 

𝑦𝑛 = 𝑓(X𝒏) + 𝜀                                                                   (1) 

where 𝐗𝑛 = [𝐱1, … , 𝐱𝑛], 𝐱𝑛 is the feature vector at time n (i.e., firing rates of multi-unit activities of 

different vertebral segments and their time delayed values of order 10) and  𝜀 is an additive white-noise 

term of zero mean and variance 𝜎2. It can be shown that the optimal solution for unknown function 𝑓(x) is 

equal to the conditional mean of the observable y given the regressor X, as shown by 

𝑦̂𝑛 = 𝑓(𝐗𝒏) = 𝐸(𝑦𝑛|𝐗𝑛) 

 = ∫ 𝑦𝑛𝑝(𝑦𝑛|𝐗𝑛) 𝑑𝑦𝑛                                                       (2) 

where 𝑝(𝑦𝑛|𝐗𝑛) is the conditional probability density function (pdf) of the random variable 𝑦𝑛  given the 

𝐗𝒏. It can be shown that (2) can be written as (see Appendix A)  

𝑦̂𝑛 =
∫ 𝑦𝑛 𝑝(𝐱𝑛|𝑦𝑛) ∫ 𝑝(𝑦𝑛|𝑦𝑛−1)𝑝(𝑦𝑛−1|𝐗𝑛−1) 𝑑𝑦𝑛−1𝑑𝑦𝑛 

∫ 𝑝(𝐱𝑛|𝑦𝑛) ∫ 𝑝(𝑦𝑛|𝑦𝑛−1)𝑝(𝑦𝑛−1|𝐗𝑛−1) 𝑑𝑦𝑛−1  𝑑𝑦𝑛
                              (3) 

 

The denominator of (3) works as a normalization factor and can move under the integral of the numerator. 

Estimating the integrals with Riemann sum, we have 

 𝑦̂𝑛 = ∑ 𝑦𝑛
𝑘𝑎𝑛

𝑘𝐾
𝑘=1                                                                    (4) 

 𝑎𝑛
𝑘 =

𝑝(𝐱𝑛|𝑦𝑛
𝑘

) ∑ 𝑃(𝑦𝑛
𝑘

|𝑦𝑛−1
𝑘1

)𝑃(𝑦𝑛−1
𝑘1

|𝐗𝑛−1)𝐾
𝑘1=1

∑ 𝑝(𝐱𝑛|𝑦𝑛
𝑘2

) ∑ 𝑃(𝑦𝑛
𝑘2

|𝑦𝑛−1
𝑘1

)𝑃(𝑦𝑛−1
𝑘1

|𝐗𝑛−1)𝐾
𝑘1=1

𝐾
𝑘2=1

                                 (5) 

Here, K can be considered as the number of the hidden states and  𝑦𝑛
𝑘 is the hidden state at time n. The 

system state at time n is a weighted sum of hidden states (4). According to hidden Markov model, 
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𝑃(𝑦𝑛
𝑘|𝑦𝑛−1

𝑘1 ) can be interpreted as the probability of transition from state 𝑘1 at time 𝑛 − 1 to state 𝑘 at time 

n, known as the transition probability, and 𝑝(𝐱𝑛|𝑦𝑛
𝑘) is the probability density function of observing neural 

signal x given the state 𝑘 at time n, known as the likelihood or emission density function.  

2.2. Probabilistic recurrent neural network (PRNN) 

To estimate 𝑦𝑛, both 𝑎𝑛
𝑘 and 𝑦𝑛

𝑘 should be estimated. To estimate the posterior probability of the system 

state given the input data (i.e., 𝑎𝑛
𝑘), we have to estimate the likelihood and transition probabilities. The 

likelihood density function is approximated with a Gaussian mixture model (GMM). In the GMM, an 

unknown distribution can be approximated by a weighted sum of a finite number of components with 

Gaussian densities [38] as follows: 

𝑝(x𝑛|𝑦𝑛
𝑘) = ∑ 𝑟𝑘,𝑚𝑔(x𝑛; 𝑘, 𝑚)𝑀

𝑚=1                                             (6) 

where, M is the total component of the mixture, 𝑟𝑘,𝑚 is the mixture coefficient for each component {𝑘, 𝑚}, 

and 𝑔(x𝑛; 𝑘, 𝑚) is a Gaussian distribution defined as follows: 

𝑔(𝐱𝑛; 𝑘, 𝑚) = (2𝜋)−
𝐷

2 |𝚺𝑘,𝑚|
−

1

2 exp[𝜓𝑛
𝑘,𝑚]                                              (7) 

𝜓𝑛
𝑘,𝑚 = −

1

2
(𝐱𝑛 − μ𝑘,𝑚)

𝑇
(𝚺𝑘,𝑚)

−1
(𝐱𝑛 − μ𝑘,𝑚)                                      (8) 

where 𝚺𝑘,𝑚 is covariance matrix that could be learned from the input data. Substituting (6) into (5), we get 

𝑎𝑛
𝑘 =

𝑎̃𝑛
𝑘

∑ 𝑎̃𝑛
𝑘2𝐾

𝑘2

=
∑ ∑ 𝑟𝑘,𝑚𝛾𝑘1,𝑘𝑔(x𝑛;𝑘,𝑚)𝑀

𝑚=1
𝐾
𝑘1=1 𝑎𝑛−1

𝑘1

∑ ∑ ∑ 𝑟𝑘2,𝑚𝛾𝑘1,𝑘2𝑔(x𝑛;𝑘2,𝑚)𝑀
𝑚=1

𝐾
𝑘1=1 𝑎𝑛−1

𝑘1𝐾
𝑘2=1

                              (9) 

where 𝛾𝑘1,𝑘 = 𝑃(𝑦𝑛
𝑘|𝑦𝑛−1

𝑘1 ). The model (5) can be incorporated into a three-layer recurrent neural network 

as shown in figure 1. Let  

                                              𝜉𝑛
𝑘1,𝑘,𝑚

= 𝑟𝑘,𝑚𝛾𝑘1,𝑘𝑔(x𝑛; 𝑘, 𝑚)                                                        (10)  

We linearize (10) by taking its logarithm as follows: 

𝑙𝑜𝑔 𝜉𝑛
𝑘1,𝑘,𝑚

≜ 𝐰𝑘1,𝑘,𝑚𝑇
𝐱̃𝑛                                                            (11) 

where w and x̃ are defined as  

𝐱̃𝑛 = [1, 𝐱𝑛
𝑇 , (𝑥𝑛

1)2, 𝑥𝑛
1𝑥𝑛

2, … , 𝑥𝑛
1𝑥𝑛

𝐷, (𝑥𝑛
2)2, 𝑥𝑛

2𝑥𝑛
3, … , 𝑥𝑛

2𝑥𝑛
𝐷 , … , (𝑥𝑛

𝐷)2] T                    (12) 

𝐰𝑘1,𝑘,𝑚  = [𝑤0
𝑘1,𝑘,𝑚

, ∑ 𝑠𝑗1
𝑘,𝑚

𝐷

𝑗=1

𝜇𝑗
𝑘,𝑚, … , ∑ 𝑠𝑗𝐷

𝑘,𝑚

𝐷

𝑗=1

𝜇𝑗
𝑘,𝑚, −

1

2
𝑠11

𝑘,𝑚, 

−𝑠12
𝑘,𝑚, … , −

1

2
(2 − 𝛿𝑗𝑙)𝑠𝑗𝑙

𝑘,𝑚, … , −
1

2
𝑠𝐷𝐷

𝑘,𝑚]                                                    (13) 

𝑤0
𝑘1,𝑘,𝑚

= 𝑙𝑜𝑔 𝛾𝑘1,𝑘 + 𝑙𝑜𝑔 𝑟𝑘,𝑚 −
𝐷

2
𝑙𝑜𝑔 2𝜋 −

1

2
𝑙𝑜𝑔|𝚺𝑘,𝑚| 

−
1

2
 ∑ ∑ 𝑠𝑗𝑙

𝑘,𝑚𝐷
𝑙=1

𝐷
𝑗=1 𝜇𝑗

𝑘,𝑚𝜇𝑙
𝑘,𝑚                                                             (14) 

where 𝑠𝑗𝑙
𝑘,𝑚

 are the elements of the inverse covariance matrix (𝚺𝑘,𝑚)−1. 𝛿𝑗𝑙 is 1 if j=l and otherwise 0. 
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The overall process is incorporated into a recurrent neural network demonstrated in figure 1. The input 

vector x (x𝜖ℜ𝐷) is converted into the vector 𝐱̃ (𝐱̃𝜖ℜ𝐷̃), according to nonlinear transformation (12), in 

which constitutes the input  of the RNN. In the first layer, each unit receives the input from the input layer 

weighted by the coefficient 𝑤
𝑑̃

𝑘1,𝑘,𝑚
and outputs the a posteriori probability of each component, 𝜉𝑛

𝑘1,𝑘,𝑚
. 

Each unit in the second layer outputs multiplication of the transition probability by the emission density 

function for each component. The outputs from the second layer weighted by the coefficient 𝑎𝑛−1
𝑘  are added 

up and input into the third layer. At last, the outputs from the third layer weighted by the coefficient 𝑦𝑛
𝑘 𝒩⁄  

is added up and generate the prediction of the target. The 𝒩 is generated by adding up the output of the 

units in the third layer. 

 
Figure 1. Structure of proposed probabilistic recurrent neural network (PRNN). The network contains three main 

layers. The weights in the input layer, 𝑤
𝑑̃

𝑘1,𝑘,𝑚
, correspond to probabilistic parameters of the model. The weights in 

the output layer, 𝑦𝑛
𝑘, correspond to hidden states of the model (possible outputs). 𝑎𝑛−1

𝑘  is the feedback connection from 

the hidden layer (second layer) to itself. 

The parameters of the recurrent network structure are 𝐰 and 𝑦𝑛
𝑘 and Levenberg-Marquardt (LM) 

adaptation rule is employed to train the proposed recurrent network [39, 40]. To reduce the computational 

complexities, we consider a diagonal covariance matrix rather than a full covariance matrix. In this case, 

the parameters w and x̃ are defined as follows: 

𝐱̃𝑛 = [1, 𝐱𝑛
𝑇 , (𝑥𝑛

1)2, (𝑥𝑛
2)2, … ,  (𝑥𝑛

𝐷)2]T                                                                        (15) 
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𝐰𝑘1,𝑘,𝑚  = [𝑤0
𝑘1,𝑘,𝑚

, 𝜇1
𝑘,𝑚𝑠11

𝑘,𝑚, … , 𝜇𝐷
𝑘,𝑚𝑠𝐷𝐷

𝑘,𝑚, −
1

2
𝑠11

𝑘,𝑚, … , −
1

2
𝑠𝑑𝑑

𝑘,𝑚, … , −
1

2
𝑠𝐷𝐷

𝑘,𝑚]        (16) 

𝑤0
𝑘1,𝑘,𝑚

= 𝑙𝑜𝑔 𝛾𝑘1,𝑘 + 𝑙𝑜𝑔 𝑟𝑘,𝑚 −
𝐷

2
𝑙𝑜𝑔 2𝜋 −

1

2
𝑙𝑜𝑔|𝚺𝑘,𝑚| −

1

2
 ∑ 𝑠𝑗𝑗

𝑘,𝑚(𝜇𝑗
𝑘,𝑚)2𝐷

𝑗=1      (17) 

For diagonal covariance matrix, the dimension of the 𝐱̃𝑛 is  𝐷̃𝑑𝑖𝑎𝑔 = 1 + 2𝐷, while it is 𝐷̃𝑓𝑢𝑙𝑙 = 1 +
𝐷(𝐷+3)

2
  

for full covariance matrix. Hence, the number of parameters that should be learned is significantly decreased 

and the computational complexities are reduced. 

3. Simulation study 

3.1 Generating synthetic data 

To provide an insight into the capability of PRNN, we performed simulation analysis on synthetic data. The 

process of generating synthetic data used in this section is similar to [41, 42]. In summary, two-dimensional 

movement of the hand was considered to be 𝑝𝑥(𝑛) = 3𝑐𝑜𝑠 (𝜋𝑛/3), 𝑝𝑦(𝑛) = 2𝑠𝑖𝑛 (𝜋𝑛/2), where 𝑝𝑥(𝑛) 

and 𝑝𝑦(𝑛) are hand position in x and y directions, respectively. The derivative of hand position in two 

dimensions is defined by the vector, 𝐯(𝑛), indicating the velocity of hand movement. The tuning function 

that specifies the average of firing rate for each neuron, is defined as 𝜆𝑖(𝐯(𝑛)) = max (𝑏𝑖 +  𝑠𝑖𝐯(𝑛). 𝐫𝑖  , 0). 

The term 𝐫𝑖 indicates the preferred direction of the 𝑖𝑡ℎ neuron, 𝑏𝑖 and 𝑠𝑖  are the base firing rate and 

directional sensitivity, respectively. Parameters for each neuron are chosen randomly. Finally, the firing 

rate of each neuron (𝑓𝑖) was obtained based on Poisson distribution as follows: 

𝑝(𝑓𝑖(𝑛)|𝐯(𝑛))~𝑃𝑜𝑖𝑠𝑠𝑜𝑛(𝜆𝑖(𝐯(𝑛))) 

3.2 Simulation results 

The simulation was performed with 10 neurons. The firing rate was generated for a period of 20 s. The 

firing rates were sampled with different sampling rates including 2.5 Hz, 5 Hz, 10 Hz, 20 Hz, and 40 Hz to 

evaluate the performance of the different decoding models. We used three-fold cross-validation for training 

and testing the decoding models. Half of the data were assigned for training the model (50%), 17% for 

validation, and the remaining 33% of the data for testing. The parameters K in (4) and M in (6) were 

empirically set to values  𝐾 = 3  and  𝑀 = 2   to achieve the best decoding performance.  

 Figures 2(a)-(d) show the average of decoding performance using the proposed PRNN model, Kalman 

filter [43], and conventional recurrent neural network which is based on the state-space model [31]. In this 

architecture, the output of the hidden layer is fed back to the input layer via a bank of unit-time delays. The 

hidden layer of the RNN used in this simulation consists of five neurons. The results show that Kalman 

filter reaches faster to its asymptotic error but it has a greater asymptotic error than other two approaches 

[32]. This might be due to the misspecification problem of the generative models [33]. The RNN performs 

well when enough number of training samples are available (high sampling rate), but its performance 

deteriorates for a small number of training samples (low sampling rate). The results show that the proposed 
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model (PRNN) outperforms both Kalman filter and RNN for any sampling rate. PRNN benefits 

discriminative learning, which avoids misspecification, especially for high sampling rate. For a small 

number of training samples, it prevents overfitting by putting bounds on the network structure. An example 

of decoding for each method is also shown in figures 2(e)-(g).  

   
                                                (a)                                                                   (b) 

 
                                                (c)                                                                   (d) 

 
                            (e)                                                 (f)                                                    (g) 

Figure 2. Decoding performance for different sampling rates using Kalman filter, RNN and PRNN methods 

in x-direction (a), (c) and y-direction (b), (d). Examples of decoded velocity trajectories using Kalman (e), 

RNN (f), and PRNN (g).  
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 4. Experimental procedure 

The experiments were conducted in the Neural Engineering laboratory at Iran University of Science and 

Technology. All surgical procedures and experimental protocols involving animal models described in this 

paper were approved by the Animal Care and Ethics Committee of Iran Neural Technology Research 

Centre, Iran University of Science and Technology. The experimental protocol was performed in 

accordance with the recommendations for the care and use of laboratory animals. Two sets of experiments 

were performed. In the first set, only one joint was flexed or extended passively while other two joints were 

held fixed as much as possible (see supplementary video). The aim of the single-joint experiments was 

specifically to highlight the rostrocaudal distribution of kinematic information along the spinal segments. 

During each session of experiment, 10 1-min trials of experiment were conducted for each joint angle. The 

second set of experiments consisted of simultaneously passive movement of three joints. Each trial of the 

multi-joint movement lasted 10 minutes.  

4.1. Animal preparation and surgical procedure 

Experiments were conducted on eight adult cats (2.8-3.5 kg). Initial anesthesia was induced with 

intramuscular injection of ketamine (20 mg/kg) into the cranial thigh muscle. Then, the animals were 

maintained at a surgical level of anesthesia under isoflurane inhalation (1.0%–3.0% in O2). A partial 

laminectomy was performed over L4-L6 vertebrae to expose multiple spinal segments (L3-S1). It should 

be noted that L3-L4 spinal segments correspond to the spinal region under L4 vertebra, L5-L6 spinal 

segments correspond to L5 vertebral segment, and L7-S1spinal segments to L6 vertebra [44]. After 

laminectomy, an incision was made in the dura mater at the midline with iridectomy scissors. The animals 

were then mounted in a modified stereotaxic (SN-1N, NARISHIGE Group Product) setup which allows the 

hind limbs to hang freely in space and the spinal vertebrae L3 and L7 were clamped tightly to the frame 

(figure 3).  

4.2 .  Joint angle measurements 

The hind limb kinematics were captured by the high-speed (250 fps at 1 megapixel resolution) motion 

capture system (Vicon Motion Systems Ltd., UK) at 100 fps with 3 cameras placed perpendicular to the 

sagittal plane on the right at a distance of approximately 2 m from the animal. The reflective markers were 

attached to the iliac crest, greater trochanter (hip joint), lateral condyle of the femur (knee joint), lateral 

malleolus (ankle joint), and the distal end of the fifth metatarsophalangeal (MTP) joint of the cats. Motion 

capture software (Tracker 2.2, Vicon, UK) was used to acquire the coordinates of the markers. Using five 

marker positions, three joint angles (ankle, knee, hip) were calculated using a custom Matlab program. 

Motion data were then downsampled to 10 Hz. 
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Figure 3. Experimental setup for recording neural and kinematic signals during passive movement in anesthetized cat 

and dorsal view of the surface of hind limb spinal cord in a representative cat. Electrode positions relative to spinal 

vertebra over all sessions are shown by small circles. 

4.3 Neural signal recording and preprocessing 

Three single-wire stainless steel electrodes with Epoxylite-insulated with 10o-5o tapered tip of 120 µm 

exposed length, 75 μm shank diameter, and 300-500 𝑘𝛺 resistance (FHC Inc., Bowdoin, ME USA) were 

positioned in the right dorsal horn of spinal cord at L4, L5, and L6 vertebrae. Electrodes were mounted on 

a micromanipulator (SM-25A, NARISHIGE Group Product) which enables three-dimensional controlling 

and positioning of the electrodes with the minimum graduation of 10 μm. The electrode placed in the L4 

vertebra, approximately 1.0-1.7 mm lateral from the midline and 1.0-1.4 mm in depth from the dorsal 

surface, in the L5 vertebra approximately 1.1-2.1 mm lateral from the midline and 1.2-1.8 mm deep in the 

L6 vertebra, approximately 1.0-1.8 mm lateral from the midline and 0.9-1.6 mm deep.  To determine the 

best electrode position within a segment in the dorsal horn, during each session of experiment, the electrode 

was vertically advanced through the spinal cord dorsoventrally. Then, the electrode was removed and 

reinserted in 100 μm increments in three-dimensional rostrocaudally and/or mediolaterally to an adjacent 

location. For each position, the neural signals were recorded, graphed, and visualized online using 

MC_Rack software (Multichannel Systems Reutlingen, Germany) while the limb was passively moved and 

the correlation of neural activity with the passive movement of the limb was visually inspected. The 

positions that produced relatively highest correlation were selected. 
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Neural signals were amplified (programmable gain, 1000×) and recorded at 20 kHz sampling rate using 

a data acquisition system (USB-ME64 system, Multichannel Systems Reutlingen, Germany). The recorded 

raw signals were band-pass filtered between 300 and 3000 Hz. The threshold for spike detection was set to 

3.5 times the estimated standard deviation of the noise of filtered signal. Spike trains of the multi-unit 

activities were converted to firing rates (FRs) in 100 ms bins using a sliding Gaussian window of length 

250 ms overlapped by 150 ms. The resulting dataset consisted of 8 10-minute recordings (data files) from 

5 cats (cat 1 - cat 5) for multi-joint movement and 70 1-min trials for each joint in the single-joint movement 

from three cats (cat 6 – cat 8) (Table 1). Note that during each session of experiment, the electrodes were 

implanted according to electrode implantation procedure and removed at the end of experiment. 

Table 1. Summary of data collected from each cat. 

Protocol Cat 1 Cat 2 Cat 3 Cat 4 Cat 5 Cat 6 Cat 7 Cat 8 

Multi-joint      - - - 

Single-joint - - - - -    

Number of 

sessions 
1 2 2 1 2 3 2 2 

Number of trials 

per session 
1 1 1 1 1 30 30 30 

Trial duration 

(min) 
10  10 10 10 10 1 1 1 

 

 

5.  Results 

To assess the performance of the proposed method in decoding the kinematic information of the limb, the 

normalized root-mean-square (NRMS) of the estimation error and the coefficient of determination, 𝑅2 

value, were used. The NRMS and 𝑅2 were defined as 

NRMS (%) =  (
√

1

𝑁
∑ (𝑦𝑛−𝑦̂𝑛)2𝑁

𝑛=1

𝑚𝑎𝑥(𝐲)−𝑚𝑖𝑛 (𝐲)
) × 100                                            (18) 

R2(%) = (1-
∑ (𝑦𝑛−𝑦̂𝑛)2N
n=1

∑ (𝑦𝑛−𝑦̅)2N
n=1

) × 100                                                 (19) 

where 𝑦  is the measured joint angle and  𝑦̅ is its mean value, 𝑦̂ is the estimated angle, and N is the number 

of data points. Moreover, in order to evaluate the information content of the neural signals recorded from 

different vertebral segments, the mutual information (MI) was calculated between firing rate of each 

vertebral segment and hind limb kinematics. Mutual information was calculated based on an adaptive 

partitioning of the observation space [45]. We used three-fold cross-validation for training and testing the 
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model. Training, validation, and test were performed on each data file obtained during each trial of 

experiment. One round of cross-validation involves partitioning the data into three subsets performing the 

training on one subset with 50% of data, validating on the next subset with 17% of data, and testing on the 

remaining 33% of the data. The two other rounds of cross-validation were performed using different 

partitions with the same data size used in the first round. Then, the average of decoding performance over 

the 3-fold cross-validation and all trials of experiment were reported. 

The parameters K in (4) and M in (6) were chosen empirically (𝐾 = 3, 𝑀 = 2) to achieve the best 

decoding performance during one trial of experiment and set for all experiment trials. M indicates number 

of mixture component in likelihood distribution (6) and K number of hidden states (4). 

Figure 4 shows the typical recorded joint angles, recorded raw neural signals and their band-pass filtered 

(0.3-3 kHz) signals, unsorted spike trains, and multi-unit spike waveforms during passive movement of the 

limb. It can be seen that the filtered neural signals (as well as the spike trains) are highly correlated with 

the limb movement. The limb movements as stimuli, give rise to a correlated activity in the spinal cord gray 

matter neurons. This suggests that reverse regression can be used to decode the limb kinematics from spinal 

neural signals. 

 

5.1 Single-joint decoding 

Figure 5 shows examples of the recorded joint angles and the firing rates of the multi-unit activities recorded 

from each segment during passive movement of each joint. In this experimental setup, only one joint is 

moved while two other joints were kept fixed as much as possible. It should be noted that although two 

joints were fixed, however, during movement of the free-joint, the fixed joints may have a little movement. 

It can be seen that during passive movement of the hip joint, only the firing rate recorded from the L4 

vertebral segment closely follows the hip joint angle (figure 5(a)). The knee joint movements give rise to a 

correlated neuronal activity recorded from the L5 vertebra (figure 5(b)) and the ankle movement to the 

firing activity from the L6 (figure 5(c)).  It can be seen that during passive movement of the knee joint, the 

recorded signal from L4 shows a rhythmic activity. This may be due to the movement of the hip joint during 

passive movement of the knee. 
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                                     (a) 

 
                                                                      (b) 

 
                                                                      (c) 

 
                                                                     (d) 

Figure 4. Typical measured joint angles and recorded neural signals from the dorsal horn neurons during passive 

movement (Cat 5 session 2): measured joint angles (a), raw and band-pass filtered (0.3-3 kHz) neural signals, unsorted 

spike trains, and spikes waveforms recorded from L4 (b), L5 (c), and L6 (d) vertebrae. 
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                                 (a)                                               (b)                                                (c) 
 

Figure 5. Firing rates of multi-unit activities recorded from L4, L5, and L6 vertebral segments during passive 

movement of the hip (a), knee (b), and ankle (c) joints (cat 6 session 1). During this experiment, only one joint was 

passively flexed or extended while other two joints were held fixed as much as possible. 

 

Figure 6(a) shows the average of mutual information between the firing rate of the neural signal recorded 

from each segment and each joint angle trajectory, over 70 trials of experiment on three cats. The results of 

this analysis indicate that the neural activity recorded from each segment contains information about all 

joints, but the neural signal recorded from the L4 provides the highest information about the kinematics of 

the hip joint, the neural signal from the L5 about the knee joint, and the L6 about the ankle joint. Figures 

6(b) and (c) show the average of decoding performance over 70 trials of experiment on three cats, using the 

recorded firing rates from the L4, L5, and L6 vertebral segments. It is observed that the best performance 
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for the hip joint was obtained using the signal recorded from the L4. For the knee movement, the decoding 

performance obtained using the signal recorded from the L5 was higher than that obtained using signal 

from either L4 or L6. For the ankle joint, the best decoding performance was obtained using the signal 

recorded from the L6.  

   

                 
                          (a)                                                        (b)                                                     (c)  

Figure 6. (a) Average mutual information between firing rates of the neural signals recorded from each vertebral 

segment (i.e., L4, L5, and L6) and joint angle trajectory of each joint.  (b) Average decoding performance of each 

joint angle using the firing rates recorded from each vertebral segment. (c) Average NRMS decoding error of each 

joint angle using the firing rates recorded from each vertebral segment. Results are averaged over 70 trials of 

experiment on three cats for each joint. Error bar on each bar graph represents standard deviation over 70 trials. 

 

5.2 Multi-joint decoding 

Figure 7(a) shows typical recorded joint angles and corresponding continuous FRs during passive 

movement of the three joints for cat 3 (session 1). It is observed that the FR activity recorded from L4 

vertebra closely matched with the hip angle trajectory. The FR increased with increasing the hip extension 

and decreased with decreasing the extension. The FR of the recorded neural signal from the L5 began to 

increase as the knee began to increase and reached the maximum with the full extension of the knee. As the 

knee begun to flex, the FR fell to zero. The peak of the FR of the signal recorded from the L6 corresponded 

to the full flexion of the ankle joint. Figure 7(b) shows another trial of experiment with different movement 

speeds for Cat 5 (session 2). The same phenomena were also observed. 
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(a)                                                                                     (b) 

 

Figure 7. Example of recorded joint angles and continuous firing rate of neural activities recorded from L4, L5, and 

L6 for two cats: (a) cat 3 session 1, (b) cat 5 session 2. 

 Table 2 summarizes the results of the decoding hind limb kinematics using the proposed method with 

using single-segment and multi-segment recordings during multi-joint movement.  It is observed that the 

L4 recording provided lower decoding error (9.5%) for the hip joint than that for the knee and ankle joints, 

the L5 recording provided lower decoding error (11.7%) for the knee joint than that for other joints, and the 

L6 recording for the ankle (10.6%). Nevertheless, the multi-segment recordings consist of the L4, L5, and 

L6 recordings achieve the best decoding performance. The decoding errors are 7.8%, 8.2%, and 8.4% for 

the hip, knee, and ankle joints, respectively. To evaluate the statistical significance, Wilcoxon signed rank 

test was performed on NRMS errors and R2 values obtained using single-electrode and multi-electrode 

recordings. This analysis revealed that multi-segment decoding significantly outperformed single segment 

decoding for each joint angle (𝑝 < 0.001).  The results show that the decoding performances obtained by 
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the L4, L5, and L6 vertebral segments are approximately equal for the knee joint angle. The errors are 

11.4%, 11.7%, and 11.3% for L4, L5, and L6, respectively. 

Table 2. Average of decoding performance over eight sessions of experiment on five cats using proposed probabilistic 

recurrent neural network for different joint angles. 

Spinal vertebrae Joint Angle R2 % NRMS % 

L4 

Hip 80.1 ± 3.3 9.5 ± 1.2 

Knee 78.5 ± 3.9 11.4 ± 1.6 

Ankle 79.4 ± 3.7 11.0 ± 1.3 

Average 79.3 ± 4.2 10.6 ± 1.7 

L5 

Hip 68.0 ± 5.0 12.3 ± 1.9 

Knee 75.5 ± 3.3 11.7 ± 1.5 

Ankle 68.2 ± 4.7 13.6 ± 2.0 

Average 70.5 ± 5.1 12.5 ± 2.2 

L6 

Hip 74.5 ± 3.8 11.1 ± 1.4 

Knee 78.5 ± 4.1 11.3 ± 1.8 

Ankle 82.9 ± 3.2 10.6 ± 1.6 

Average 78.6 ± 4.3 11.0 ±  1.7 

All (L4, L5,  L6) 

Hip 86.8 ± 2.2 7.8 ± 0.7 

Knee 87.6 ± 2.0 8.2 ± 0.9 

Ankle 89.0 ± 2.3 8.4 ± 1.0 

Average 87.8 ± 2.4 8.1 ± 1.0 

 

 Figure 8 shows the typical decoding the limb kinematics from the neural signals recorded from L4, L5, 

and L6 vertebrae using the proposed method for two cats. It is observed that accurate decoding of the joint 

angles was achieved. The NRMS errors obtained using the proposed method for cat 3 (session 1) are 5.8%, 

6.6%, and 7.4 for the hip, knee, and ankle joints, respectively. The coefficients of determination obtained 

are 90.0%, 93.3%, and 94.4% for this trial of experiment. For cat 5 (session 2) NRMS errors are 6.2%, 

6.9%, and 7.2% for the hip, knee, and ankle joints respectively. The coefficients of determination obtained 

are 93.4%, 91.9%, and 91.5% for this trial of experiment. 
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(a) 

 
(b) 

Figure 8. Examples of decoding hind limb kinematics using PRNN model with combined FRs recorded from L4, L5, 

and L6 vertebral segments for two cats: (a) cat 3 session 1, (b) cat 5 session 2. 

 

 Table 3 summarizes the performances obtained using the proposed PRNN, Kalman filter [43], and a 

conventional recurrent neural network which is based on the state-space model [31]. In this architecture, 

the output of the hidden layer is fed back to the input layer via a bank of unit-time delays. The hidden layer 

of the RNN used in this experiment consists of ten neurons. An average decoding error of 11.5%, 9.3%, 

and 8.1% was obtained using Kalman, RNN, and PRNN, respectively. The average coefficients of 

determination values obtained are 76.3%, 84.5%, and 87.8%, respectively. The results of the Wilcoxon 

signed rank statistical tests show that PRNN significantly outperformed Kalman filter (𝑝 < 0.001) and 

RNN (𝑝 < 0.05).  
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Table 3. Average of decoding performance using different methods with combined neural signals recorded from L4, 

L5, and L6. Results are averaged over eight sessions of experiment on five cats. 

Method Joint Angle R2 % NRMS % 

Kalman 

Hip 73.7 ± 2.4 11.1 ± 1.1 

Knee 76.6 ± 2.4 11.7 ± 1.9 

Ankle 78.7 ± 1.8 11.9 ± 1.4 

Average 76.3 ± 2.2 11.5 ± 1.9  

RNN 

Hip 82.8 ± 3.8  8.9 ± 1.3  

Knee 84.8 ± 3.6   9.3 ± 1.4 

Ankle 86.1 ± 2.4   9.7 ± 1.0 

Average 84.5 ± 3.3  9.3 ± 1.5 

PRNN 

Hip 86.8 ± 2.2  7.8 ± 0.7 

Knee  87.6 ± 2.0  8.2 ± 0.9 

Ankle  89.0 ± 2.3 8.4 ± 1.0 

Average 87.8 ± 2.4  8.1 ± 1.0 

 

6.  Discussion and conclusion 

In this study, a generative probabilistic model with an adaptive discriminative learning is proposed for 

decoding the limb kinematics from the extracellular recording of dorsal horn gray matter of the spinal cord 

during passive limb movement. The generative model is based on the joint distribution of the input and 

output variables and is learned in a discriminative manner. The model does not require any presumption 

about the joint distribution of the process. It was shown that the model can be represented by an RNN while 

its structure was determined by the model itself. The results show that the proposed method provides an 

accurate decoding the limb kinematics. The average decoding errors are 10.6%, 12.5%, and 11.0% using 

the neural signals recorded from the L4, L5, and L6 vertebral segments, respectively. The neural signals 

recoded from the L4 provide higher decoding accuracy than that from the L5. Compared to the previous 

work [28], an improvement of 1.4% in decoding error and 4.4% in R2 was obtained using the proposed 

method with the neural signal recorded from the L6 vertebra. 

 The results indicated that the combined signals from multi-segment provided a robust decoding 

performance than single-segment recordings. Compared to single-segment recordings in [28], an 

improvement of 4.3% in NRMS error and 13.6 % in R2 were achieved when the combined signals from the 

L4, L5, and L6 vertebrae were used for decoding. 

 Our results show that the hind limb kinematics information are distributed rostrocaudally through 

different segments of the spinal cord. The results show that the L4 provide more information about the hip 

joint, the L5 vertebra about the knee, and the L6 about the ankle joint. Our results show that the hip, knee, 

and ankle angles can be decoded using single-electrode recording from one vertebral segment (L4, L5, or 
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L6) with acceptable accuracy. This suggests that the hind limb kinematics information are distributed 

rostrocaudally through different segments of the spinal cord. The results obtained are consistent with the 

previous reports [46, 47]. It has been shown that the removal of the sensory inputs to the L3/4 spinal 

segments removes the information concerning the hip position whilst the L5-S1 deafferentation leaves those 

inputs intact but removes all of the load information [47]. In [46], it was shown that the L6 DRG responded 

mainly to extension and flexion of the hip and knee, whereas L7 DRG responded mainly to extension and 

flexion of the toe and ankle. It should be noted that the nerve fibers from L6 and L7 DRGs enter the L5 and 

L6 vertebral segments of the spinal cord, respectively. 

 The proposed decoding strategy in this paper has provided very promising results for developing a 

chronically implanted prosthetic device. Nevertheless, there are still challenges including the fabrication 

and implantation of the intraspinal microwires. Additionally, implanting microwires into the body always 

carries the risk of infection and migration. However, recent progress in microwire fabrication [48] can be 

applied to reduce the risk. Moreover, our results show that all joint kinematic information can be decoded 

using only one implanted electrode while the intracortical and ECoG recordings require a large number of 

electrodes to be implanted into the brain [8-12]. 

 The discretizing process of the proposed generative model is limited to one dimensional dynamics. The 

extension of the current study to higher dimension dynamics will be considered as the object of the future 

study. 
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Appendix A 

Based on the conditional probability definition, (2) can be written as 

                    𝑦̂𝑛 = ∫ 𝑦𝑛𝑝(𝑦𝑛|𝐱𝑛, 𝐗𝑛−1) 𝑑𝑦𝑛 = ∫ 𝑦𝑛  
𝑝(𝑦𝑛,𝐱𝑛,𝐗𝑛−1)

𝑝(𝐱𝑛,𝐗𝑛−1)
𝑑𝑦𝑛                         (A-1)                                            

= ∫ 𝑦𝑛  
𝑝(𝐱𝑛|𝑦𝑛,Xn-1)𝑝(𝑦𝑛,Xn-1)

𝑝(𝐱𝑛|𝐗𝑛−1)𝑝(𝐗𝑛−1)
 𝑑𝑦𝑛                                                    (A-2) 

                                        =
∫ 𝑦𝑛 𝑝(𝐱𝑛|𝑦𝑛,𝐗𝑛−1)𝑝(𝑦𝑛|𝐗𝑛−1)𝑝(𝐗𝑛−1)𝑑𝑦𝑛

𝑝(𝐱𝑛|𝐗𝑛−1)𝑝(𝐗𝑛−1)
                                           (A-3) 

Based on the Chapman-Kolmogorov equation [49] (𝑝(𝐱𝑛|𝐱𝑛−1) = ∫ 𝑝(𝐱𝑛|𝑦𝑛)𝑝(𝑦𝑛|𝐱𝑛−1)  𝑑𝑦𝑛), the 

denominator of (A-3) can be rewritten as 

𝑦̂𝑛 =
∫ 𝑦𝑛 𝑝(𝐱𝑛|𝑦𝑛,𝐗𝑛−1)𝑝(𝑦𝑛|𝐗𝑛−1) 𝑑𝑦𝑛

∫ 𝑝(𝐱𝑛|𝑦𝑛)𝑝(𝑦𝑛|𝐗𝑛−1)𝑑𝑦𝑛
                                                 (A-4)  
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It is assumed that the current measurement 𝐱𝑛 given the current state 𝑦𝑛 is conditionally independent of the 

measurement and state histories: 

                        𝑝(𝐱𝑛|𝑦𝑛, 𝐗𝑛−1)= 𝑝(𝐱𝑛|𝑦𝑛)                                                     (A-5) 

Then, (A-4) can be written as 

                                                      𝑦̂𝑛 =
∫ 𝑦𝑛 𝑝(𝐱𝑛|𝑦𝑛)𝑝(𝑦𝑛|𝐗𝑛−1) 𝑑𝑦𝑛

∫ 𝑝(𝐱𝑛|𝑦𝑛)𝑝(𝑦𝑛|𝐗𝑛−1)𝑑𝑦𝑛
                                                   (A-6) 

 

Applying the Chapman-Kolmogorov equation (𝑝(𝑦𝑛|𝐗𝑛−1) = ∫ 𝑝(𝑦𝑛|𝑦𝑛−1)𝑝(𝑦𝑛−1|𝐗𝑛−1)  𝑑𝑦𝑛−1 ) to (A-

6), we can write 

𝑦̂𝑛 =
∫ 𝑦𝑛 𝑝(𝐱𝑛|𝑦𝑛) ∫ 𝑝(𝑦𝑛|𝑦𝑛−1)𝑝(𝑦𝑛−1|𝐗𝑛−1) 𝑑𝑦𝑛−1𝑑𝑦𝑛 

∫ 𝑝(𝐱𝑛|𝑦𝑛) ∫ 𝑝(𝑦𝑛|𝑦𝑛−1)𝑝(𝑦𝑛−1|𝐗𝑛−1) 𝑑𝑦𝑛−1  𝑑𝑦𝑛
                              (A-7) 
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