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Abstract 

Neural networks can catch needlessly deterministic nonlinear and for machine learning non-

parametric models it has merits such as fast, highly accurate computation when compared to 

other probable computing. In this paper, feasibility of Long Short-Term Memory Recurrent 

Neural Network (LSTM-RNN) and Radial Basis Function Neural Network (RBFNN) for 

speech recognition is studied. The stochastic incline descent (SGD) method is applied to 

update the parameters of RBFNN and the temporal classification method is used for training 

the LSTM-RNN, whereas FSM is used to reluctant the hardware resource usage. The 

automatic proposal mechanization is done by Simulink and Xilinx is used to verify the 

Verilog code and it is implemented in FPGA-SPARTAN-6.. 
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I. INTRODUCTION 

Speech recognition is a major area of research. 

Speech signals are non-linear in nature and it 

requires non-stationary analysis. Conventionally, 

non-stationary signals are decomposed using 

Fourier Transform, spectral transform or any other 

unitary transform and the features are aggregated. 

These aggregated features are used for decision 

making. However, the performance is strongly 

dependent on the features. Hence in recent years, 

the paradigm has shifted to Deep Learning Neural 

Networks. For one Dimensional analysis, Long 

Short-Term Memory (LSTM) is used for speech 

recognition. Recurrent Neural Networks are used 

for non-stationary signal analysis. A combination 

of these two networks result in efficient 

classification of speech signals. In this paper, 

LSTM-RNN is implemented for speech 

recognition and LSTM-RNN is implemented 

using FPGA-SPARTAN-6. Considerable research 

is carried out in this area.  

Jose Albin et al (2015) proposed an automated 

speech recognition system using feedforward 

neural networks. In this work, the features are 

extracted and are then used for training and testing 

the classifier. Sensitivity of the proposed system is 

high for trained dataset but not for test dataset. 

Vinothkumar et al (2015) used non-stationary 

signal analysis for extracting features from 

biometric signals which can be further used for 

classification. Sak et al (2014) used recurrent 

projection to improve the performance of LSTM 

for acoustic signal modeling. yıldırım, Özal 

(2018) used the sub band co-efficient as inputs to 

LSTM for ECG classification. Yun-Long Kong ID 

(2018) used LSTM for detecting disturbances in 

satellite images. Salma Alhagry et al (2017) used 

LSTM for emotion detection from EEG signals. 

From the literature, it is evident that LSTM can be 

used for analysis, prediction and classification on 

non-stationary signals. In this paper, LSTM is 

used for speech recognition. LSTM is 

implemented in FPGA-SPARTAN-6.  

This paper is organized as follows: An 

overview of Recurrent Neural Networks (RNN) is 

provided in Section II. RTL view and schematic 

are dealt in Section III. Section IV deals with 

FPGA implementation. Section V concludes the 

works and provides the future directions. 
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II. RECURRENT NEURAL NETWORK 

(RNN) 
 

In order to perform speech recognition, the 

features are extracted and are then fed to neural 

networks. Of the various architectures, Recurrent 

Neural Networks (RNN) are used in this work.  

 
Fig 1: RNN Diagram 

 

A Recurrent Neural Network (RNN) is, 

essentially, a regular ANN where some neurons 

(especially in the hidden layer) have feedback 

connections to themselves, i.e. their outputs are 

fed as inputs. The relevance of this different 

structure is the possibility to retain sequence 

information about the data. Before, each incoming 

data point only contributed to the training of the 

network, but the information about the correlation 

between themselves and the data points that 

preceded them did not influence the training step. 

The temporal relationship is disregarded and each 

data point considered conditionally independent of 

any other. This is not necessarily true, and in fact, 

there are many cases where the correlation 

between data points is high for those closely 

spaced in time, such as in video signals, audio 

signals, or other kinds of temporal sequences of 

data. Therefore, the feedback connection of the 

neuron to himself acts as a kind of memory 

element that takes into account in the present 

decision, the history of decisions previously taken, 

and hence the previous data. 

 
                             Fig 2: A complete LSTM 

neuron 

 

Complexity of RNN lies in the gradient descent 

algorithm that does not global minimum. Hence in 

order to train the data, LSTM cell as shown in Fig. 

3 is used. Forget unit, memory unit, input 

modulation unit, output gate, memory cell and 

hidden state are the various components of a 

single LSTM cell. Forget unit and input 

modulation unit provide the required information 

for further processing while training the data. 

Having trained the network, the next task is to test 

and implement the network. In this case, the input 

signals are fed directly to the network and speech 

recognition is performed.  

 

 

 
Fig 3: Single LSTM structure (courtesy: Yun-

Long Kong et al (2018)) 

 

 

In order to perform FPGA implementation, it 

is necessary to formulate the mathematical 

equations of a single LSTM cell and hence the 

layers of LSTM. These equations are then 

implemented in Xilinx.  
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III. RTL VIEW AND RTL SCHEMATIC 

The RTL view of LSTM architecture is shown in 

Fig. 4 and RTL schematic for LSTM is shown in 

Fig.5 respectively. The proposed algorithm 

consists of the following steps: speech signal 

inputs, parameter identification and signal 

classification. Initially behavioral model program 

is written and is executed.  Later test bench is 

provided. Performance is studied in terms of 

bonded IOBs, EUT-FF pairs and LUTS (Table 1). 

An effective design must involve in minimum 

utilization of the available hardware. 

 

 

 
Fig 4: RTL view LSTM structure 

 

 

 
Fig 5: RTL schematic LSTM structure 

 

Table 1: Design Utilization Summary of LSTM 

(AREA ANALYSIS) 

Logic 

Utilizatio

n 

(Number 

of) 

Used Available Utiliz

ation 

Perce

ntage 

Bonded 

IOBs 

96 102 94% 

Fully used 

LUT-FF 

pairs 

0 87 0% 

Slice 

LUTs 

87 5720 1% 

No. of 

DSP48A1s 

11 16 68% 

 

From the last column of Table 1, it is found that 

the proposed architecture uses 94% of bonded 

IOBs and 68% of DSPs. 

 

IV FPGA IMPLEMENTATION 

FPGA can be used for the implementation 

of simulated algorithms (Kavi Camilin et al 

(2016), Mathan et al (2018), Rahman et al 

(2016)). Having tested the efficiency of the 

proposed LSTM algorithm, the next task is to 

implement in FPGA. Of the various FPGA boards, 

FPGA-SPARTAN-6 (Fig. 6) is used as it has more 

logic units to support speech signal analysis and 

speech recognition.  

 

 
Fig 6: FPGA Implementation of LSTM 

structure 

 

In order to understand the efficency of the 

proposed technique, accuracy, area and time 

consumed are calculated and are compared with 

the conventional Radial Basis Feed Forward 

(RBFN). The readings are lisetd in Table 2. From 

the Table 2, the proposed architecture outperforms 
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the conventional network in terms of accuracy, 

area and computational time. 

 

Table 2: Comparison of output analysis of 

RBFN-NN & LSTM-NN 

SPECIFICA

TION 

ACCURA

CY 

(RECOGN

IZE OF 

SIGNALS) 

AREA 

ANALY

SIS 

TIMIN

G 

REPO

RT 

RBFN-NN 75 

(OUTPUT

S) 

353 

(LUT’S) 

36.965 

(ns) 

LSTM-NN 4974 

(OUTPUT

S) 

87 

(LUT’S) 

46.654 

(ns) 

 

V CONCLUSION  

 

This paper implicates a digital hardware 

implementation of an RBFNN with an SGD-based 

learning mechanism and brings a new LSTM 

method of recurrent neural network which is an 

application of speech recognition which exhibits 

the results of fast computational characteristic and 

excellent accuracy on EDA simulation 

environment. Both the designs are implemented in 

the Xilinx ISE tool and verified the outputs, thus 

showing that LSTM is efficient in terms of RBF 

neural network. From the result analysis, we 

found that the accuracy of signal reorganization is 

improved in LSTM than RBFN, and also the area 

is reduced in LSTM, and timing is more in LSTM 

due to the timing required to observe the signal 

from the input signal. These neural networks are 

used in speech reorganization, face reorganization 

and also image processing techniques. 
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