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1. Abstract 

The artificial neural network is a form of machine learning that is highly effective at 

recognizing patterns in large, noise-filled datasets. Possessing these attributes uniquely 

qualifies the neural network as a mathematical basis for adaptability in personal 

biomedical devices. The purpose of this study was to determine the viability of neural 

networks in predicting Freezing of Gait (FoG), a symptom of Parkinson’s disease in 

which the patient’s legs are suddenly rendered unable to move. More specifically, a class 

of neural networks known as layered recurrent networks (LRNs) was applied to an open-

source FoG experimental dataset donated to the Machine Learning Repository of the 

University of California at Irvine. The independent variables in this experiment – the 

subject being tested, neural network architecture, and sampling of the majority classes – 

were each varied and compared against the performance of the neural network in 

predicting future FoG events. It was determined that single-layered recurrent networks 

are a viable method of predicting FoG events given the volume of the training data 

available, though results varied significantly between different patients. For the three 

patients tested, shank acceleration data was used to train networks with peak 

precision/recall values of 41.88%/47.12%, 89.05%/29.60%, and 57.19%/27.39% 

respectively. These values were obtained for networks optimized using detection theory 

rather than optimized for desired values of precision and recall. Furthermore, due to the 

nature of the experiments performed in this study, these values are representative of the 

lower-bound performance of layered recurrent networks trained to detect gait freezing. 

As such, these values may be improved through a variety of measures. 
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2. Introduction 

Parkinson’s disease is a neurodegenerative illness that affects approximately seven to 

ten million people across the world, with about 60,000 new cases being diagnosed in the 

United States each year [1]. Though the symptoms of Parkinson’s are many, the four 

primary symptoms are all movement related: tremors, rigidity, bradykinesia, and postural 

instability. Combined, these lead to what is called “Parkinsonian Gait”, a term that 

characterizes the unique movement patterns developed by patients afflicted with the 

disease. One common result of Parkinsonian Gait is known as “Freezing of Gait (FoG)”, 

which refers to the patient having difficulty initiating movement or continuing it once it 

has begun [2]. Affecting approximately 50% of Parkinson’s patients, FoG is often a 

dangerous symptom which leads to loss of balance and falls [3]. Though there are several 

methods of mitigating the severity of a FoG episode once it has begun, the lack of a 

viable method of prediction means that patients and caregivers do not have the adequate 

time to prepare for the onset of such an episode [4][5][6]. To begin overcoming this 

challenge, this study proposes a possible method of predicting FoG before its onset in 

order to improve the effectiveness of such therapeutic techniques. 

 The most viable tools for addressing this problem, it seems, have already found 

their way into the consumer marketplace through the burgeoning wearable biomedical 

device industry, with applications ranging from telemetry devices in hospitals to personal 

health and fitness technologies such as Fitbit® [7]. With the potential to track and 

analyze a patient’s movements nearly constantly throughout the day, it may be possible to 

use this data – in conjunction with the proper mathematical models – to predict gait 

abnormalities such as FoG. 
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 One possible way that FoG could be predicted by analyzing the data from 

wearable devices is through an artificial neural network (ANN). In past research, ANNs 

have been successfully used to detect FoG events after their onset [8][9], however little 

work has been performed assessing their viability to predict these events before their 

onset. A neural network is a mathematical system that can be used to recognize patterns 

in large sets of data. In neural networks, groups of numerical units are interconnected 

with one another in a weighted fashion to pass data along from the input units to the 

output units. By modifying the weights of the network over time, the characteristics and 

patterns of the input functions are gradually codified by the network weights. In recurrent 

neural networks (RNNs), a special case of ANN, some connections within the network 

can form feedback loops that function to add memory to the network, thus providing the 

ability for the network to analyze time-series data. The neural network architecture used 

in this study is known as Layer-Recurrent Network (LRN) and is illustrated in Figure 1. 

 

Fig 1. Modifiable Elman Network for FoG Prediction 
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Let us now consider how the neural network illustrated in Figure 1 may be 

applied to Freezing of Gait detection. Suppose that the patient wears motion-tracking 

sensors that collect a total of L channels of time-series data. At the same time, an 

independent observer notes whether an FoG event is occurring at each time sample, 

recording a 1 when it is occurring and 0 when it is not. For each time sample, the L data 

values recorded during that interval are fed to the input units of the network, labeled “X” 

in Figure 1. The data then propagates through N rows of M hidden units – labeled “Y” – 

along weighted paths (represented by arrows in Figure 1) until it reaches the output unit 

“Z”. The output of each row of hidden units is then transferred to a row of context units – 

labeled “C” – which is subsequently fed back into the same row of hidden units during 

the the following time sample. In this manner, the neural network retains some memory 

of previous input patterns and allows it to recognize occurrences and common trends.  

In order for the network to learn these patterns, it must first undergo a training 

phase. In this phase, the value at the output of the unit “Z” is compared with the desired 

value recorded by the independent observer. For each time sample, the weights of the 

network are then modified so that the output of “Z” approaches the value recorded by the 

observer. In such a manner, over the course of thousands of samples, the output of the 

neural network will grow progressively closer to the observer’s values, with the network 

output indicating the probability – between 0 and 1 – that FoG is occurring in each time 

sample. Alternatively, if we instead suppose that the independent observer recorded a 1 

whenever FoG occurred within T seconds of the time sample and 0 when it did not occur 

within the same timeframe, the function of the neural network could then be modified to 

predict the occurrence of FoG events rather than simply detect them. 
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Fortunately, an experiment similar to the one detailed above was performed to 

compile a Freezing of Gait dataset in a collaboration between the University of 

Newcastle, Sheba Medical Center, and Tel Aviv Sourasky Medical Center and was then 

donated to the UC Irvine Machine Learning Repository in March of 2013 [10]. In the 

experiments that follow, this data set will be analyzed using the neural network in Figure 

1 to examine the effectiveness of LRNs in predicting FoG events. 

 

3. Methods 

3.1 Neural Network Architecture and Computational Design 

The neural network architecture shown in Figure 1 was implemented using the 

MATLAB® program (See Appendix). In this design, the number of hidden layers as well 

as hidden units per layer are user-defined parameters along with the learning rate, 

threshold steepness, iterations per training sample and frame length (to be detailed below). 

Each unit, “Y”, “C”, and “Z” is a weighted combination of the units in the previous layer 

that is then modified using the following transfer function: 

! " =
1

1 + &'(∙*
 

where k is the threshold steepness. This transfer function maps the output of the unit to a 

value between 0 and 1 in order to ensure reasonable network values. In this study, a 

weight originating from a hidden unit “Y” is called a hidden weight “w” and a weight 

originating from a context unit “C” is called a context weight “h”. This is shown in 

Figure 2. Figure 2(i) represents any network unit U while Figure 2(ii) gives a more 

detailed representation of how this unit behaves mathematically. 
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Fig 2. Network Unit Breakdown 

As aforementioned, the key to training any neural network is to correctly modify 

its weights. Thus, it is important to note that the method used to train the neural network 

weights is backpropagation through time (BPTT), the concept of which is illustrated in 

Figure 3: 

Fig 3. Unfolding an RNN Through Time 
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In the RNN of Figure 1, the weighted output of each hidden layer is fed back to 

the input of the same layer at the subsequent time sample. As a result of this feedback 

loop, the output of each hidden unit is dependent upon the outputs of its respective hidden 

layer at all previous time samples. In order to represent this graphically, the neural 

network can be “unfolded” as shown in Figure 3, which illustrates the feedback loop as a 

linear chain of dependent network states. While this dependence is essential in adding 

memory to the network, the consequence is that correctly modifying the weights for each 

training sample would require considering the affect of this change on all previous 

samples as well. In order to address this problem, the user-defined parameter “frame 

length” (f0) functions to limit the number of time samples (frames) for which 

backpropagation is performed, acting as a limit to the neural network’s memory capacity. 

The backpropagation method used in this study is detailed in the book Machine 

Learning by Tom M. Mitchell [11]. When a neural network is created, it is initialized 

with small, randomly-seeded weights. Subsequently, the first set of inputs is fed into the 

network, resulting in a particular output value. The method of backpropagation is then 

used to calculate the error of each unit of the network, starting with the output unit and 

working backwards toward the first hidden layer. Once the error for each unit is 

calculated, the weights emanating from each unit toward the next layer can be modified 

accordingly. This process is repeated several times (set by the number of iterations per 

sample, T) for each set of input values until the network output begins to reflect the 

desired output, and the same set of steps is performed for the next set of input values and 

so on. The equation used to calculate the error for the output unit is as follows: 

+,,. = /,,. 1 − /,,. 1,,. − /,,.  
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where oj,f is the value of the output unit j for frame f and tj,f is the desired value of the 

output j for frame f. Similarly, the equation used to calculate the error for each hidden 

unit is as follows: 

+2,. = /2,. 1 − /2,. 32,,+,,.

4

,56

 

where i represents the hidden unit of origination, j represents the unit of termination, and 

M is the number of units in the next layer of the network. In BPTT, error terms for 

context layers can be calculated the same way as hidden layers because, as shown in 

Figure 3, they behave as such once unfolded. It should be noted that the error term for 

hidden units is only an estimation, as it cannot be calculated explicitly. 

 Finally, once the error terms are calculated, the weights can be updated using the 

following equation: 

32,, = 32,, + 7 +2,./2,.

4

256

.8

.56

 

where f0 is the frame length, n is the learning rate of the network, and M is the number of 

units in the layer containing the unit i. The only difference between the equation for 

BPTT and traditional backpropagation is that, in BPTT, the error terms are accumulated 

over all time samples, or frames, being considered in the calculation. The above equation 

holds true for all weights in the network.  

 The backpropagation algorithm detailed above is performed repeatedly for each 

time sample. As a result, patterns in the data input to the neural network will be codified 

in the network weights over time. See the Appendix for a comprehensive documentation 

of the code developed for this experiment.  
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 The final aspect of the neural network’s implementation that should be mentioned 

is how data flows through the network and how the aforementioned concepts come 

together to form a network that can predict FoG events. When the network is created, 

three arrays are initialized to small, randomly-seeded values – one for hidden weights W, 

one for context weights H, and a separate array for hidden weights terminating on the 

output unit, W0. 

9 =
36,6

⋱
34,4;6 <56

⋯					
36,6

⋱
34,4;6 <5?

 

@ =
ℎ6,6

⋱
ℎ4,4 <56

⋯					
ℎ6,6

⋱
ℎ4,4 <5?

 

9B =
36
⋮
34

 

As always, the first subscript indicates the unit of origination while the second subscript 

indicates the unit of termination in the following layer. The W and H arrays are 3D arrays 

where each layer along the n-dimension represents the analogous set of units at different 

levels in the network. Upon network creation, the matrices of input units, hidden units 

and the output unit, X and Y respectively, are all initialized to zeros matrices: 

D =
"6(1) ⋯ "6(1 − G!B)
⋮ ⋮

"H(1) ⋯ "H(1 − G!B)
=

0
⋱

0
 

J =
J6,6

⋱
J?,4 .56

⋯					
J6,6

⋱
J?,4 .5.8

=
0

⋱
0 .56

⋯					
0

⋱
0 .5.8
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K = /(1) ⋯ / 1 − G!B = 0 ⋯ 0  

where p is the sampling period of the wearable sensor, L is the number of input data 

channels, M is the number of hidden units per layer, N is the number of layers, and the 

values x1(t) through xL(t), represent the sensor values at time t for each channel. Once the 

neural network is initialized, the training data can then be prepared. 

The data of the UC Irvine FoG dataset is formatted as follows. The study contains 

data for ten subjects with between one and three trials per subject. For each trial, the data 

is formatted in eleven columns: the first column contains the time in milliseconds. The 

next nine columns are arranged in groups of three, with each group of three containing 

the x-, y-, and z-acceleration for accelerometers located on the shank, upper leg, and 

trunk respectively in milligals. The final column contains the annotation for each time 

sample, with a 0 indicating that the data is not part of the experiment (this was omitted 

for the purpose of this study), 1 indicated that the data was part of the experiment but that 

there was no FoG event, and 2 indicating an FoG event. The formatting of this data is 

illustrated in Figure 4. 

 

Fig 4. UC Irvine FoG Dataset Format 

At the time of neural network training, the data sets with the format in Figure 4 were 

modified such that the nine data channels were transposed into row vectors in the “tInputs” 

matrix. The annotation row was also transposed to a row vector of training values 
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“tOutputs” of either 0 (non-FoG) or 1 (FoG). The vector tOutputs was then shifted in 

time in order to train the network as a predictor. These matrices are illustrated below. 

1L7GM1N =
"6(1) ⋯ "6(1 + GO)
⋮ ⋮

"H(1) ⋯ "H(1 + GO)
 

1PM1GM1N = P(1) ⋯ P 1 + GO  

In the above matrices, p is again the sampling frequency of the wearable sensor and tau is 

the total number of samples in the training data set. 

 Once all of these matrices are initialized, the first column of tInputs is pushed to 

the first column of matrix X, which behaves as a stack as does Y and Z: 

D =
"6(1)
⋮

"H(1)

0
⋱

0
 

Similarly, a matrix R is created which functions as a stack that functions to hold values 

from tOutputs. The first value in tOutputs is input into the first element in matrix R: 

Q = P(1) 0 ⋯ 0  

Though most of the values in the matrix X are 0, all of the values in X are then 

used to populate the matrix Y by performing the proper linear operations with the W and 

H matrices in a process called forward propagation (the context units are not explicitly 

defined in the code, but rather the context layer for any layer of Y in the frame f is the 

corresponding layer of Y in the subsequent frame f + 1). Once the matrix Y is populated, 

these values can then be used to calculate the network output values in the Z matrix by 

the same method. As the network outputs, training (desired) outputs, and the outputs of 

each hidden and context unit are now known, the BPTT algorithm described above is 

applied to update the weight matrices W and H. For this set of inputs, forward 
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propagation and backpropagation are repeated T times. At this point, the Y and Z 

matrices are cleared, the columns in X push down the stack and the process is repeated: 

D =
"6(1 + G)

⋮
"H(1 + G)

"6(1) 0
⋮ ⋱

"H(1) 0
 

Q = P(1 + G) P(1) 0 ⋯ 0  

As the values of Y must be recalculated each time the weights are updated, the matrices 

Y and Z are simply overwritten with each round of forward propagation. Once the stack 

is full, the oldest value is removed from the stack. The flow of data through this network 

is illustrated in Figure 5. The architecture shown below is analogous to that in Figure 1. 

 

 

Fig 5. Network Flow Diagram 
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3.2 Addressing Class Imbalance 

One major factor that was addressed in the following experiment is the effect of a 

phenomenon known as class imbalance. In applications where neural networks are 

trained to detect anomalies – events that make up less than 1% of the combined data set – 

the performance of neural networks tends to sharply decline. The rarity of the target 

pattern in the dataset means that the neural network may not have the quantity of data 

necessary to learn the characteristics of the pattern in question. Because of this, the 

network may treat the anomaly as noise in the signal rather than the target pattern. 

Since FoG is an infrequent phenomenon, the problem of class imbalance is expected 

to arise when applying neural networks to its detection. Several solutions have been 

proposed to minimize the effect of class imbalance, the two most common of which are 

to under-sample the “majority class” (the portion of the signal without the desired pattern) 

and to over-sample the “minority class” [12]. How this problem was addressed in the 

experiment is detailed in the following section.  

 

3.3 Experimental Procedure 

Two separate experiments were run in this study in order to examine different ways 

of mitigating the effect of class imbalance in the dataset. For both experiments, the neural 

network detailed in the sections above was implemented using the MATLAB® program 

(see Appendix). The user-defined parameters of the program are number of layers (N), 

hidden units per layer (M), frame length (f0), threshold steepness (k), learning rate (n), 

iterations per training sample (T), and down-sampling of majority class (D). For all trials, 

the threshold steepness was fixed to 1 and the learning rate was fixed to 0.01. 



Zia,	J.			|			Undergraduate	Honors	Thesis	 	 Arizona	State	University	15	
Furthermore, the tOutputs vector was shifted in time by a fixed 1000 samples in order to 

train the network as a predictor. As the relationship between the neural network’s 

architecture and its effectiveness in predicting FoG was unknown, several trials were run 

in the first experiment, each varying in the value of one user-defined parameter. The 

different values used for the user-defined parameters is shown in Table 1 below: 

Subject Accelerometer 
Channels Used T f0 D N M 

Subject 1 

Shank (Ch. 1-3) 10 

100 1 1 3 

Subject 2 

1000 3 3 5 Subject 3 

Table 1. Experimental Table 1 

 The parameter D was utilized in the first experiment to examine the effect of 

under-sampling the majority class (data labeled as non-FoG) on neural network accuracy. 

For instance, a value of three indicates that every third value remained in the time series. 

As each permutation of the table above was run as an independent trial, this led to a total 

of 48 trials (16 trials per subject). The values in Table 1 were not determined based on a 

standardized procedure, rather by the selection of reasonable values that differ 

significantly enough to indicate a trend in accuracy as the parameter was changed. 

Though more trials would be preferred, the number of trials was limited in order to keep 

the total time for the experiment to a reasonable amount. For instance, only the shank 

accelerometer channels were analyzed in this experiment because the duplicative nature 

of the data between the three accelerometers did not merit the extra computation time. 

Likewise, the parameter T was fixed to 10 because the large number of training samples 

reduced the amount of iterations required per training sample. 
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 The second experiment in this study was similar to the first, however a different 

method of under sampling the majority class was used. In this method, the data in the 

majority class was truncated instead of down-sampled such that the number of data points 

in the majority and minority classes were equivalent. This method is illustrated in Figure 

6 below. 

 

Fig 6. Majority Class Truncation 

In the figure, the blue region represents the samples labeled as FoG and the green, red, 

and white regions represent samples labeled non-FoG experimental samples. In this 

method of truncation, the region in green is retained while the region in red is removed 

from the training set. This process was repeated for each FoG event until both the 

majority and minority classes contained the same number of samples. The experimental 

table is shown below. 
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Subject Accelerometer 
Channels Used T f0 N M 

Subject 1 

Shank (Ch. 1-3) 10 

100 1 3 

Subject 2 

1000 3 5 Subject 3 

Table 2. Experimental Table 2 

 Though the computation time for these datasets were much lower, the parameter T 

was unchanged since the size of the training data set was still too large to warrant a large 

number of iterations per training samples. Because the datasets in this experiment 

contained less samples in the majority class, this method was far less computationally-

intensive than the method in the previous section. These two experiments were performed 

using the MATLAB® program and the results are examined in the following section. 

 In both experiments, the neural network was trained with one of the subjects’ data 

files and the trained network was then tested with another data file from the same subject. 

It was on the results from inputting the second data file to the trained network that the 

effectiveness of the neural network was determined. 

 

4. Results and Analysis 

In order to analyze the outputs of the neural networks, the receiver operating 

characteristic (ROC) for each network was first generated. Since the output of the 

network was a series of spikes representing the likelihood of a FoG event, the following 

decision rule was used: 

→ @6 ∶ max K W − O ,… , K(W + O) ≥ 0.1 

→ @B ∶ max K W − O ,… , K(W + O) < 0.1 
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where Z(i) is the output of the neural network for the the ith input sample, O is the ROC 

threshold, H0 is the null hypothesis (non-FoG) and H1 is the positive hypothesis (FoG). 

The decision rule above was chosen in order to act as a smoothing function (low-pass 

filter) such that the results of the network’s spike-train output could be interpreted. Since 

the output of the network was fixed between 0 and 1, the value of 0.1 was chosen as a 

reasonable threshold for detection. Because of the smoothing function used in these 

networks, most outputs fell near 0, 1, or 0.5. With this in mind, the cutoff was chosen to 

be large enough to dismiss most network noise while falling below the critical value 0.5.  

 

4.1 Experiment 1: Under-sampling Majority Class 

The ROC curves generated for the first experiment are shown below: 

 

Fig 7. ROC Curves for Subject 1, Experiment 1, f0 = 100 
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Fig 8. ROC Curves for Subject 1, Experiment 1, f0 = 1000 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 9. ROC Curves for Subject 2, Experiment 1, f0 = 100 

Note: The ROC curves for [D1, N1, M3] and [D1, N1, M5] overlap. 
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Fig 10. ROC Curves for Subject 2, Experiment 1, f0 = 1000 

Note: The ROC curves for [D1, N1, M3] and [D3, N1, M3] overlap. 

 
Fig 11. ROC Curves for Subject 3, Experiment 1, f0 = 100 
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Fig 12. ROC Curves for Subject 3, Experiment 1, f0 = 1000 
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Fig 13. Confusion Matrix [f01000, D3, N1, M3] Network for Subject 1, Experiment 1 

 

Fig 14. Confusion Matrix [f0100, D1, N1, M3] Network for Subject 2, Experiment 1 

 

Fig 15. Confusion Matrix [f0100, D1, N1, M5] Network for Subject 2, Experiment 1 

 

Fig 15. Confusion Matrix [f0100, D3, N1, M3] Network for Subject 2, Experiment 1 
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Fig 17. Confusion Matrix [f0100, D3, N1, M5] Network for Subject 2, Experiment 1 

 

Fig 18. Confusion Matrix [f01000, D1, N1, M3] Network for Subject 2, Experiment 1 

 

Fig 19. Confusion Matrix [f01000, D3, N1, M3] Network for Subject 2, Experiment 1 

 

Fig 20. Confusion Matrix [f01000, D3, N1, M5] Network for Subject 2, Experiment 1 
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Fig 21. Confusion Matrix [f0100, D3, N1, M3] Network for Subject 3, Experiment 1 

 

Fig 21. Confusion Matrix [f0100, D3, N1, M5] Network for Subject 3, Experiment 1 

 

In order to better visualize the network output after training, the figures below show 

the output of the network after training with the subjects’ first data set when presented 

with the subjects’ second data set. In the figure, the network’s output (red) can be 

compared against the desired output of the network (blue) valued between 0 and 1, where 

1 indicates the presence on an impending FoG event. 
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Fig 22. Trained Network Performance, Subject 1, Experiment 1 

 
Fig 23. Trained Network Performance, Subject 2, Experiment 1, f0 = 100 
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Fig 24. Trained Network Performance, Subject 2, Experiment 1, f0 = 1000 

 
Fig 25. Trained Network Performance, Subject 3, Experiment 1, f0 = 100 
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4.2 Experiment 2: Truncating Majority Class 

The ROC curves generated for the second experiment are shown below: 

 

Fig 26. ROC Curves for Subjects 1, 2, and 3, Experiment 2 

As is clear from the plot above all of the ROC curves from the second experiment fall 

directly on the black reference line, suggesting that the networks trained in the second 

experiment did not have the ability to detect FoG events. In order to better visualize 

differences in outputs between the networks of both experiments, Figure 27 below has 

been included. The figure shows the output of four of the networks after training with the 

subjects’ first data set when presented with the subjects’ second data set. In the figure, the 

network’s output (red) can be compared against the desired output of the network (blue) 

valued between 0 and 1, where 1 indicates the presence on an impending FoG event. 
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Fig 27. Trained Network Performance, Experiment 2 

The results presented in 4.1 and 4.2 are discussed further in the following section. 

 

5. Discussion 

5.1 Results 

These results indicate that LRNs may be a viable method of predicting FoG events. 

From the figures above, it is apparent that down-sampling the majority class produced 

several viable neural networks while truncating the majority class did not. Figure 27 

shows that truncating the majority class led to networks that were biased toward the 

minority class instead of the majority class, though this result has several possible causes 

related to network architecture. Among the viable neural networks produced in the first 

experiment, seven were trained using a down-sampled majority class while three were 
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not. This result does not itself imply correlation, however, as there were not enough 

viable networks from which to draw a general conclusion.  

Between the three subjects in the first experiment, only one viable neural network 

was trained for Subject 1 while two were trained for the Subject 3 and seven were trained 

for Subject 2. This disparity in the effectiveness of the neural networks between patients 

has a number of possible causes. Firstly, and most notably, the gait patterns indicating 

likely FoG events may differ between patients, with some patterns being easier to learn 

than others in the training time allotted. A second possible cause is that, since the data 

sets used to train and test the networks varied significantly between subjects with regard 

to the frequency and duration of FoG events, some networks may have had an implicit 

disadvantage. For instance, the differences between the graphs in Figures 22-25 illustrate 

the variation in the datasets between different subjects. 

Of the 10 viable neural networks trained, all of them were single-layered networks 

with either 3 or 5 hidden units per layer. This indicates that, for the datasets provided, 

smaller single-layered networks were adequate to recognize the patterns which precede 

FoG events. Though there were many training samples per trial, class imbalance in the 

datasets could have impeded larger networks from having the quantity of data required to 

learn the same patterns as the smaller networks did. 

Figures 13-21 indicate that FoG events were predicted up to 47.12% of the time for 

Subject 1, 29.60% for Subject 2, and 27.39% for Subject 3 while the corresponding 

network precision was 41.88%, 89.05%, and 57.19% respectively. These values were 

obtained for the optimal threshold values determined from the ROC curves, though this is 

not necessarily the best approach. With Freezing of Gait in particular, the ability of the 
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network to predict FoG events at a high rate may supersede the consequence of falsely 

predicting an event. This is because, while falsely predicting an FoG event may 

inconvenience the patients and caregivers, failure to predict such an event may present 

more dire consequences. With this in mind, many of the networks trained in the first 

experiment may feature a higher recall with different threshold values, though this would 

come at the expense of network precision. For the purpose of this paper, however, the 

threshold was chosen in order to optimize the networks’ performance as detectors rather 

than obtain certain precision and recall values. 

The results obtained in these experiments indicate that, although there is much work 

to be done in this area, LRNs do have the potential to predict FoG events at a reasonable 

rate with fairly high precision. As of yet, these results fall below algorithmic approaches 

analyzed in previous publications within the past few years. For instance, Mazilu et al. 

achieved a recall of 71.3% using skin conductance [13] and 56% in certain cases using 

motion data [16]; Handojoseno et al. achieved a recall of 73% and 80.2% in two different 

studies using EEG data [14][17]. Though the results obtained in this study fall below 

these values, there remain many improvements to be made to the current method.  

 

5.2 Limitations 

One of the main limitations of this study was due to the temporal nature of the data – 

that is, the data was formatted as a time-series rather than as a set of independent trials. 

Because of this, down-sampling the signal led to mitigating the effect of class imbalance 

at the expense of losing higher-frequency components of the time-series. Furthermore, a 

second limitation due to data formatting was that, because data-collection was halted 
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soon after the onset of each FoG event, the networks had far fewer opportunities to learn 

what an FoG event looked like, which may have had a negative impact on their predictive 

abilities. 

Since only the data from one three-axis accelerometer was used to train and test the 

networks, the results in this study may not fully characterize the potential of LRNs to 

predict FoG events. In other studies, much work has been done to identify other data 

modalities that may be used to predict FoG. For instance, other studies have examined 

ECG readings, skin conductance [13], EEG readings [14], and even smartphone 

accelerometers [15] as possible FoG predictors and detectors. Future studies should also 

examine the effect of using accelerometers in different body locations besides the shank. 

Along similar lines, time constraints led to only 3/9 total subjects in the UC Irvine dataset 

being tested along with only 16 network configurations per subject in Experiment 1 and 

eight configurations per subject in Experiment 2. In order to determine optimal network 

architectures for detecting FoG events as well as drawing general conclusions about the 

effects of down-sampling the training data, however, more trials would be needed. 

 

5.3 Proposals for Future Work 

This research area is ripe for future research opportunities. Firstly, as aforementioned, 

future work should explore the integration of other data modalities in predicting FoG 

using LRNs such as EEG and EMG data. Future studies should also incorporate a greater 

number of subjects and test more network configurations per subject in order to reach 

more general conclusions. With regard to data formatting, one may utilize discrete gait 

parameters averaged over larger periods of time to train the networks rather than raw 
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time-series data. For example, the network may be trained with cadence, step-length, and 

location/heading data averaged over a period of several seconds per training sample 

rather than just simply raw acceleration data as used in this experiment. In fact, several 

studies have suggested that FoG may be correlated with contextual factors such as 

medication cycles [18], physical location [19], and even mental status [20]. These could 

also be incorporated with the different data modalities mentioned in 5.2. 

Future studies may benefit from training networks with more comprehensive datasets, 

having data collection techniques tied directly to what may be best to train LRN’s. For 

instance, experiments could be designed so that parameters such as cadence and step 

length may be more easily extracted from the raw data and used to train the neural 

network. In the case of the data set obtained from the UC Irvine repository, such 

parameters could not be easily extracted from the raw data and used to train the networks. 

In this manner, performing new patient-centered user studies may help better characterize 

the effectiveness of LRNs in this application of machine learning. 

Finally, future work may benefit from examining the trained networks to determine 

what patterns are being used to predict FoG events for each patient. Should common 

trends be determined, the networks may benefit from being biased towards learning this 

underlying trend, which would improve the viability of utilizing LRNs in this context. 
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6. Appendix: MATLAB® Implementation of Elman Network 

The neural network detailed in Section 3.1 was implemented in the MATLAB® 

program. The code used to obtain the results is shown below and is organized from the 

top down; that is, the master scripts are listed first and nested scripts and functions follow. 

Figure A1 below shows the hierarchical structure of the code. 

 

Fig A1. MATLAB® Code Hierarchical Structure 

 

6.1 PDGAIT_parfor.m 

% Utilizing Machine Learning to Predict Freezing of Gait (Parallel Exec.) 
% Created by: Jonathan Zia 
% Center for Cognitive Ubiquitous Computing, Arizona State University 
% Last Edited: Wednesday, March 9, 2016 
  
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
% THIS FILE CALLS THE FOLLOWING SCRIPTS: 
% trial.m, which calls: 
% FeatureExtraction_parfor.m 
% ModElmanNetwork_parfor.m 
    % loadValues.m 
    % ModFeedforward_R02.m 
    % ModBackpropagation_R02.m 
    % ModWeights_R02.m 
    % Shift.m 
% ModFOGPredict_parfor.m 
  
% The goal of this program is to determine the accuracy with which a neural 
% network following the Elman architecture can predict freezing of gait in 
% a provided dataset. In FeatureExtraction_parfor.m, the training data is 
% inputted to the program and the desired features are extracted and placed 
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% in a time series. This time series is then fed to the neural network in 
% ModElmanNetwork_parfor.m. Finally, the script ModFOGPredict_parfor.m 
% determines the performance of the neural network based on an experimental 
% dataset with associated desired outputs. This is the master program which 
% calls all of the aforementioned scripts through the function trial.m. 
  
% The analysis described above is repeated for the variable set defined in 
% each row of the matrix parameters. Each trial is executed independently 
% on an independent core of the computer's processor. 
  
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
  
clear;clc 
     
    % Initializing matrix of experimental parameters where each column is a 
    % different parameter and each row is a trial. (1) T, (2) f, (3) 
    % dSample, (4) layers, (5) num_hidden 
    parameters = [ 
        10 100 1 1 3;  
        10 100 1 1 5; 
        10 100 1 3 3; 
        10 100 1 3 5; 
        10 1000 1 1 3;  
        10 1000 1 1 5; 
        10 1000 1 3 3; 
        10 1000 1 3 5; 
        100 100 1 1 3;  
        100 100 1 1 5; 
        100 100 1 3 3; 
        100 100 1 3 5; 
        100 1000 1 1 3;  
        100 1000 1 1 5; 
        100 1000 1 3 3; 
        100 1000 1 3 5]; 
    parameters_size = size(parameters); 
    k = 1;      % Threshold steepness (default 1) 
    n = 0.05;   % Network learning rate (default 0.05) 
    Accuracy = 0; 
    
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
% Subject 1 
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
parpool('local',6); 
parfor loop_1 = 1:parameters_size(1,1)    % Changing trial number 
  
    trial(loop_1,k,n,parameters,parameters_size,Accuracy) 
     
end 
 

6.2 trial.m 

% Function: Calling Scripts for Independent Neural Network Trials 
% Created by: Jonathan Zia 
% Center for Cognitive Ubiquitous Computing, Arizona State University 
% Last Edited: Wednesday, March 9, 2016 
  
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
% THIS FILE CALLS THE FOLLOWING SCRIPTS: 
% FeatureExtraction_parfor.m 
% ModElmanNetwork_parfor.m 
    % loadValues.m 
    % ModFeedforward_R02.m 
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    % ModBackpropagation_R02.m 
    % ModWeights_R02.m 
    % Shift.m 
% ModFOGPredict_parfor.m 
  
% This function is nested within the parfor loop of PDGAIT_parfor.m and 
% serves to implement each trial based on the variables inputted from 
% PDGAIT_parfor.m. A function is needed due to the nature of parallel 
% processing in MATLAB, as this code was initially located within the 
% previous iterations of PDGAIT and has not otherwise been modified. 
  
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
  
function trial(loop_1,k,n,parameters,parameters_size,Accuracy) 
  
    dSample = parameters(loop_1,3);           % Defining downsampling parameter 
    % Inputting the training data and extracting desired parameters: 
    % Specify input file name 
    DataInput = 'S01R01.txt'; 
    FeatureExtraction_parfor 
  
    % Training the Elman Network: 
        % Neural network settings 
        T = parameters(loop_1,1);     % Iterations per training sample 
        f = parameters(loop_1,2);  % Frame length for network memory 
        num_hidden = parameters(loop_1,5); % Hidden units per layer 
        layers = parameters(loop_1,4);     % Number of layers in network 
    ModElmanNetwork_parfor 
  
    % Analyzing the effectiveness of the Elman Network in predicting FOG: 
        % Inputting the experimental data and extracting desired parameters: 
        % Specify input file name 
        DataInput = 'S01R02.txt'; 
        FeatureExtraction_parfor_D 
        % Specify number of weights to plot (must have integer square root) 
        num_plots = num_hidden^2; 
    ModFOGPredict_parfor 
  
end 
 
 

6.3 FeatureExtraction_parfor.m 

% Feature Extraction for Neural Network Training 
% Created by: Jonathan Zia 
% Center for Cognitive Ubiquitous Computing, Arizona State University 
% Last Edited: Wednesday, March 9, 2016 
  
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
% THIS FILE IS CALLED BY THE FOLLOWING SCRIPT: 
% PDGAIT_parfor.m through trial.m 
  
% This program inputs the UC Irvine training dataset and performs the 
% desired feature extraction. The output of this program is a variable 
% number of time series, each of which contains the value of one parameter 
% over the desired timeframe. This data is then used to train the neural 
% network found in ModElmanNetwork_parfor.m. 
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
  
% Import data file 
D_0 = importdata(DataInput); 
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% The UC Irvine dataset contains 11 columns of data. The first column 
% contains the time in miliseconds; three groups of three columns contain 
% x, y, and z acceleration from accelerometers on the foot, shank, and hip 
% respectively. The final column contains data labels: 0 for 
% non-experimental data, 1 for experimental non-FoG data, and 2 for 
% experimental FoG data. 
  
% Filtering out data labeled as 0 
counter = 0; 
for i = 1:size(D_0) 
    if D_0(i,11) ~= 0 
        counter = counter + 1; 
    end 
end 
D = zeros(counter,11); 
counter = 1; 
for i = 1:size(D_0) 
    if D_0(i,11) ~= 0 
        D(counter,:) = D_0(i,:); 
        counter = counter + 1; 
    end 
end 
  
% Trasnposing the matrix 
D = D.'; 
dSize = size(D); 
  
% Reducing the majority class can be performed through either downsampling 
% or truncation. Select one or both of the methods below. 
  
% Method 1 
% Downsampling data labeled 1 by dSample 
% temp = zeros(dSize(1,1),dSize(1,2)); 
% counter = 0; 
% for i = 1:dSize(1,2) 
%     if D(11,i) == 1 
%         if mod(i,dSample) == 0 
%             counter = counter + 1; 
%             temp(:,counter) = D(:,i); 
%         end 
%     else 
%         counter = counter + 1; 
%         temp(:,counter) = D(:,i); 
%     end 
% end 
% D = zeros(dSize(1,1),counter); 
% D(:,:) = temp(:,1:counter); 
% dSize = size(D); 
  
% Method 2 
% Truncating data labeled 1 
% Defining a matrix which contains the indices where the training value 
% changes from 1 to 2 or vice versa. 
counter_1 = 0; 
counter_2 = 0; 
temp = zeros(2,100); 
for i = 1:dSize(1,2)-1 
    if D(11,i) == 1 && D(11,i+1) == 2 
        counter_1 = counter_1 + 1; 
        temp(1,counter_1) = i; 
    elseif D(11,i) == 2 && D(11,i+1) == 1 
        counter_2 = counter_2 + 1; 
        temp(2,counter_2) = i; 
    end 
end 
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index = 0; 
for i = 1:counter_2 
    index = temp(2,i) - temp(1,i); 
    if temp(1,i)-index > 0 && sum(D(11,temp(1,i)-index:temp(1,i))) == index+1 
        if i > 1 
            D(:,temp(2,i-1):temp(1,i)-index) = 0; 
        else 
            D(:,1:temp(1,i)-index) = 0; 
        end 
    end 
end 
D(:,temp(2,counter_2)+1:end) = 0; 
temp = zeros(dSize(1,1),dSize(1,2)); 
counter = 0; 
for i = 1:dSize(1,2) 
    if D(11,i) ~= 0 
        counter = counter + 1; 
        temp(:,counter) = D(:,i); 
    end 
end 
D = temp(:,1:counter); 
dSize = size(D); 
  
% Assembling data matrix for neural network training 
tInputs = D(2:4,:); 
tOutputs = D(11,:) - 1; 
iSize = size(tInputs); 

 

6.4 ModElmanNetwork_parfor.m 

% Modified Elman Network for FoG Prediction (Rev 02) 
% Created by: Jonathan Zia 
% Center for Cognitive Ubiquitous Computing, Arizona State University 
% Last Edited: Wednesday, March 9, 2016 
  
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
% THIS FILE CALLS THE FOLLOWING SCRIPTS: 
% loadValues.m 
% ModFeedforward_R02.m 
% ModBackpropagation_R02.m 
% ModWeights_R02.m 
% Shift.m 
  
% THIS FILE IS CALLED BY THE FOLLOWING SCRIPT: 
% PDGAIT_parfor.m through trial.m 
  
% Once training data is extracted from the UC Irvine training dataset, 
% the data is then used to train a recurrent neural network using the 
% Elman LRN architecture. 
  
% The current design of the network utilizes L input units and N layers of 
% M hidden units. Each hidden unit layer has one context unit layer with 
% fixed weight one. All other weights are adjusted by backpropagation. 
% There is one output unit; the output unit is trained to output a value 
% between 0 and 1, where a value of 0 indicates no possibility for a FoG 
% event within the set timeframe and a value of 1 indicates certainty of a 
% FoG event within the set timeframe. The L inputs to the network are based 
% on the dataset being imported. 
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
  
% Training data sets from FeatureExtraction.m 
tSize = size(tInputs); 
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% Initializing input units 
num_inputs = tSize(1,1); 
X = zeros(num_inputs,f); 
  
% Initializing hidden units 
Y = zeros(layers,num_hidden,f);  % Hidden Nodes 
  
% Throwing an error if # input units > # hidden units per layer 
if num_inputs > num_hidden 
    error('Number of hidden units does not exceed number of input units.'); 
end 
  
% Initializing weight matrices 
W = 0.05*rand(num_hidden,num_hidden,layers); 
W(num_inputs+1:end,:,1) = 0;    % Zeroing unused weights in input layer 
W0 = 0.05*rand(num_hidden,1); 
% The weight matrix is defined as follows: Each column contains the set of 
% weights that originate from different input nodes and point to the same 
% output node. For example, if there are 3 input nodes and 3 hidden nodes, 
% the first column would contain the weights W1, W4, and W7, all of which 
% originate from each of the three input nodes and point towards the same 
% hidden node Y1. The matrix W0 the set of weights that point from the 
% hidden nodes Y to the output node. Since there should be more hidden 
% units per row than input units, some of the weights in the weight matrix 
% will not be used. 
H = 0.05*rand(num_hidden,num_hidden,layers); 
% This matrix is analogous to the previous ones, however contains the 
% weights originating from the context nodes and pointing toward the hidden 
% nodes via the Elman feedback architecture. 
  
% Neural network settings 
o = zeros(1,f);                         % Initializing output vector (o(t)) 
targets = zeros(1,f);                   % Initializing target output vector 
d_k = zeros(1,f);                       % Initializing output unit error term 
d_h_w = zeros(layers,num_hidden,f);     % Initializing hidden unit error terms 
d_h_h = zeros(layers,num_hidden,f-1);   % Initializing context unit error terms 
outputs_1 = zeros(2,tSize(1,2));        % Analysis of network output 
outputs_2 = zeros(num_hidden,layers,tSize(1,2)); % Analysis of hidden weights 
outputs_3 = zeros(num_hidden,layers,tSize(1,2)); % Analysis of context weights 
outputs_4 = zeros(num_hidden,tSize(1,2));        % Analysis of output weights 
  
% Training the neural network 
h = waitbar(0,'Network Training Progress'); % Initializing the progress bar 
tic; % Logging the start time of the training (this may take a while) 
for i = 1:tSize(1,2) % Main loop 
    tic; 
    % Loading values into input and target vectors 
    loadValues 
     
    for z = 1:T % Iterating T times per training sample 
        % FEEDFORWARD COMPONENT 
        ModFeedforward_R02 
        % BACKPROPAGATION THROUGH TIME 
        ModBackpropagation_R02 
        % UPDATING WEIGHTS 
        ModWeights_R02 
    end % End iterative loop 
     
    % Collecting data for analysis in ModFogPredict 
    outputs_1(1,i) = o(1,1); 
    outputs_1(2,i) = targets(1,1); 
    for m = 1:num_hidden 
        for l = 1:layers 
            outputs_2(m,l,i) = W(m,m,l);    % Sampling diagonal weight values 
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            outputs_3(m,l,i) = H(m,m,l);    % Sampling diagonal weight values 
        end 
    end 
    outputs_4(:,i) = W0(:,1); 
     
    % Shifting input and target values 
    Shift 
    time = toc; 
     
    % Printing progress 
    clc 
    prog = i/tSize(1,2); 
    waitbar(prog,h) 
    timeRemaining = round(time*(tSize(1,2)-i)/60); 
    if timeRemaining >= 2 
        TimeRemaining = ['Time Remaining: ' int2str(timeRemaining) ' minutes 
for trial ' int2str(loop_1)] 
    else 
        timeRemaining = round(time*(tSize(1,2)-i)); 
        TimeRemaining = ['Time Remaining: ' int2str(timeRemaining) ' seconds 
for trial ' int2str(loop_1)] 
    end 
    TrialsRemaining = ['Trials Remaining: ' int2str(parameters_size(1,1)-
loop_1)] 
     
end % End main loop 
toc; 
close(h) 
 
 

6.4.1 loadValues.m 

% Loading the first input vector to the input units 
X(:,1) = tInputs(:,i); 
% Loading the first target value into the target vector 
targets(1,1) = tOutputs(1,i); 
 

6.4.2 ModFeedforward_R02.m 

% Finding hidden unit values 
for r = f:-1:1 
    if r < f 
        for l = 1:layers 
            if l == 1 
                for m = 1:num_hidden 
                    temp = dot(X(:,r),W(1:num_inputs,m,l)) + 
dot(Y(l,:,r+1),H(:,m,l)); 
                    Y(l,m,r) = 1/(1 + exp(-k*temp)); 
                end 
            else 
                    temp = dot(Y(l-1,:,r),W(:,m,l)) + dot(Y(l,:,r+1),H(:,m,l)); 
                    Y(l,m,r) = 1/(1 + exp(-k*temp)); 
            end 
        end 
    else 
        for l = 1:layers 
            if l == 1 
                for m = 1:num_hidden 
                    temp = dot(X(:,r),W(1:num_inputs,m,l)); 
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                    Y(l,m,r) = 1/(1 + exp(-k*temp)); 
                end 
            else 
                    temp = dot(Y(l-1,:,r),W(:,m,l)); 
                    Y(l,m,r) = 1/(1 + exp(-k*temp)); 
            end 
        end 
    end 
end 
% Finding output values (o) to compare to training values (t) 
for r = 1:f 
    temp = dot(W0(:,1),Y(layers,:,r)); 
    o(1,r) = 1/(1 + exp(-k*temp)); 
end 
 

6.4.3 ModBackpropagation_R02.m 

% See computational method detailed in "Machine Learning" by Tom M. 
% Mitchell (International Edition, 1977) pp. 98. 
% "For each network output unit k, calculate its error term..." 
% This network is fixed to one output unit per frame when unfolded: 
for r = 1:f 
    d_k(1,r) = o(1,r)*(1-o(1,r))*(targets(1,r) - o(1,r)); 
end 
% "For each hidden unit h, calculate its error term..." 
% This network has num_hidden hidden units. 
%Calculating d_h for W terms: 
for r = 1:f 
    for l = layers:-1:1 
        if l == layers 
            for m = 1:num_hidden 
               d_h_w(l,m,r) = Y(l,m,r)*(1-Y(l,m,r))*W0(m,1)*d_k(1,r); 
            end 
        else 
               d_h_w(l,m,r) = Y(l,m,r)*(1-
Y(l,m,r))*dot(W(m,:,l),d_h_w(l+1,:,r)); 
        end 
    end 
end 
% Calculating d_h for H terms: 
for r = 1:f-1 
    for l = layers:-1:1 
        for m = 1:num_hidden 
           d_h_h(l,m,r) = Y(l,m,r+1)*(1-Y(l,m,r+1))*dot(H(m,:,l),d_h_w(l,:,r)); 
        end 
    end 
end 
 

6.4.4 ModWeights_R02.m 

% To update the output weights, delta_w must be calculated for each 
% term in the time series and accumulated. 
  
% Calculating delta_w for final layer 
delta_w = zeros(num_hidden,layers*num_hidden+1); 
for r = 1:f 
    for m = 1:num_hidden 
        delta_w(m,layers*num_hidden+1) = delta_w(m,layers*num_hidden+1) + 
n*d_k(1,r)*Y(m,layers,r); 
    end 
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end 
W(:,num_hidden*layers+1) = W(:,num_hidden*layers+1) + 
delta_w(:,layers*num_hidden+1); 
  
% To update the rest of the W terms, delta_w must be calculated for 
% each term. 
for r = 1:f 
    counter = num_hidden+1; 
    for l = 1:layers 
        if l == 1 
            for m = 1:num_hidden 
                delta_w(1:num_inputs,m) = delta_w(1:num_inputs,m) + 
n*d_h(m,l,r)*X(:,r); 
            end 
        else 
            for m = 1:num_hidden 
                delta_w(:,counter) = delta_w(:,counter) + n*d_h(m,l,r)*Y(:,l-
1,r); 
                counter = counter + 1; 
            end 
        end 
    end 
end 
W(1:num_hidden,1:num_hidden*layers) = W(1:num_hidden,1:num_hidden*layers) + 
delta_w(1:num_hidden,1:num_hidden*layers); 
  
% To update the H terms, we follow the same process as above. 
delta_h = zeros(num_hidden,num_hidden); 
for r = 1:f-1 
    for m = 1:num_hidden 
        delta_h(:,m) = delta_h(:,m) + n*d_h(m,layers+1,r)*Y(:,layers,r+1); 
    end 
end 
H = H + delta_h; 
 

6.4.5 Shift.m 

for r = f:-1:2 
    X(:,r) = X(:,r-1); 
    targets(:,r) = targets(:,r-1); 
end 
 

6.5 ModFOGPredict_parfor.m 

% Analyzing the Effectiveness of an Elman Network in Predicting FoG 
% Created by: Jonathan Zia 
% Center for Cognitive Ubiquitous Computing, Arizona State University 
% Last Edited: Wednesday, March 9, 2016 
  
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
% THIS FILE IS CALLED BY THE FOLLOWING SCRIPT: 
% PDGAIT_parfor.m through trial.m 
  
% This program utilizes the neural network trained in 
% ModElmanNetwork_parfor.m in order to determine the capability of this 
% network to predict freezing of gait. The outputs of this program are 
% plots featuring the results of training the Elman Network as well as a 
% quantification of the accuracy of the neural network in predicting 
% freezing of gait. 
% ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ 
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% The array outputs_1 from ModElmanNetwork_parfor.m contains the outputs of 
% the neural network after each training event in the first row. In the 
% second row are the training outputs. The arrays outputs_2 and outputs_3 
% contain a sampling of the hidden and context weight values respectively 
% after each training event. Finally, the array output_4 contains the 
% values of the hidden weights in the final layer after each training 
% event. These arrays will be used to determine convergence. 
  
% The first part of this program will be used to analyze the neural network 
% trained in ElmanNetwork_parfor.m, specifically to see whether the network 
% outputs approached the training outputs over time and whether the network 
% weights were able to converge to the proper values. 
  
% Plotting training outputs vs. network outputs 
figure(1) 
hold on 
plot(outputs_1(1,:),'-k') 
plot(outputs_1(2,:),'-r') 
hold off 
grid on 
title('Training Outputs vs. Network Outputs'); 
xlabel('Sample'); ylabel('Value'); 
legend('Training Outputs','Network Outputs'); 
  
% Saving Figure 1 
s1 = int2str(T); 
s2 = int2str(f); 
s3 = int2str(dSample); 
s4 = int2str(layers); 
s5 = int2str(num_hidden); 
fileName = ['Fig1T' s1 'f' s2 'D' s3 'N' s4 'M' s5 '.fig']; 
savefig(fileName); 
  
% Plotting hidden weights over time 
figure(2) 
hold on 
counter = 1; temp = zeros(1,tSize(1,2)); 
for m = 1:num_hidden 
    for l = 1:layers 
        temp(1,:) = outputs_2(m,l,:); 
        subplot(num_hidden,layers,counter); 
        plot(temp) 
        counter = counter + 1; 
    end 
end 
hold off 
  
% Saving Figure 2 
fileName = ['Fig2T' s1 'f' s2 'D' s3 'N' s4 'M' s5 '.fig']; 
savefig(fileName); 
  
% Plotting context weights over time 
figure(3) 
hold on 
counter = 1; temp = zeros(1,tSize(1,2)); 
for m = 1:num_hidden 
    for l = 1:layers 
        temp(1,:) = outputs_3(m,l,:); 
        subplot(num_hidden,layers,counter); 
        plot(temp) 
        counter = counter + 1; 
    end 
end 
hold off 
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% Saving Figure 3 
fileName = ['Fig3T' s1 'f' s2 'D' s3 'N' s4 'M' s5 '.fig']; 
savefig(fileName); 
  
% The second part of this program will feed a second training set into the 
% neural network and test the accuracy of the neural network in predicting 
% FoG phenomena. 
% As FeatureExtraction)parfor.m is run immediately before this script, the 
% relevant variables are tInputs, tOutputs, W, H, num_inputs, layers, 
% num_hidden, k. 
  
% Collecting network outputs for a new data set after training 
FoG_out = zeros(1,iSize(1,2)); 
  
Y = zeros(layers,num_hidden,2); 
X = zeros(num_inputs,1); 
  
for i = 1:iSize(1,2) 
    X(:,1) = tInputs(:,i); 
    for l = 1:layers 
        if l == 1 
            for m = 1:num_hidden 
               temp = dot(X(:,1),W(1:num_inputs,m,l)) + dot(Y(l,:,2),H(:,m,l)); 
               Y(l,m,1) = 1/(1 + exp(-k*temp)); 
            end 
        else 
            for m = 1:num_hidden 
               temp = dot(Y(l-1,:,1),W(:,m,l)) + dot(Y(l,:,2),H(:,m,l)); 
               Y(l,m,1) = 1/(1 + exp(-k*temp));    
            end 
        end 
    end 
    temp = dot(Y(layers,:,1),W0(:,1)); 
    FoG_out(1,i) = 1/(1 + exp(-k*temp)); 
    Y(:,:,2) = Y(:,:,1); 
end 
  
% Plotting the results 
figure(4) 
title('Network Outputs After Training'); 
xlabel('Sample'); ylabel('Value'); 
hold on 
plot(tOutputs,'-k') 
plot(FoG_out,'-r') 
hold off 
grid on 
legend('Desired Outputs','Network Outputs'); 
  
% Saving Figure 4 
fileName = ['Fig4T' s1 'f' s2 'D' s3 'N' s4 'M' s5 '.fig']; 
savefig(fileName); 
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