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中 文 摘 要 ： 本計畫為兩年期計畫，主要目的為提出長短程記憶(Long Short
Term Memory; LSTM)演算法則以及硬體架構來執行以感測器為基礎
的連續手勢辨認。為了最大化本計畫成果的應用價值，我們所使用
的感測器為一般智慧手機備有的加速器或者陀螺儀。本計畫第一年
主要成果為完成LSTM演算法則的實現及效能評估，本計畫第二年的
成果則為將第一年所發展的LSTM法則以可程式化邏輯閘陣列(Field
Programmable Gate Array; FPGA)實現之，並實際實作於FPGA開發
板以建立一個可以有效的執行即時手勢辨識的測試系統。實驗結果
發現此電路僅消耗有限的硬體資源，並且在六種手勢的辨識實驗中
，每一種手勢的平均辨識率都可達到97%以上。

中文關鍵詞： 可程式化邏輯閘陣列，連續手勢辨認，長短程記憶

英 文 摘 要 ： This is a two-year project. The goal of this project is to
develop Long Short Term Memory (LSTM) algorithms and
architectures for sensor-based continuous hand gesture
recognition. In this work, the sensors such as
accelerometers and gyroscopes commonly deployed in smart
phones and smart bracelets are adopted. This may extend the
accessibility of the proposed algorithms and architectures
to large varieties of devices for gesture recognition
applications. After the first year of this project, we have
completed the development and the evaluation of the LSTM
algorithm. The hardware architecture for the LSTM algorithm
by Field Programmable Gate Array (FPGA) has been
implemented at the second year of the project. Furthermore,
an evaluation system for the real-time continuous hand
gesture recognition has been built. Experimental results
reveal that the proposed hardware architecture has utilized
only limited hardware resources. In addition, for the
systems requiring the classification of 5 classes of
gestures, the average hit rate for each class of gestures
is above 97%.

英文關鍵詞： Field Programmable Gate Array; Continuous Gesture
Recognition; Long Short Term Memory
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1. 中文摘要 

本計畫為兩年期計畫，主要目的為提出長短程記憶(Long Short Term Memory; LSTM)演算法則以及

硬體架構來執行以感測器為基礎的連續手勢辨認。為了最大化本計畫成果的應用價值，我們所使用的

感測器為一般智慧手機備有的加速器或者陀螺儀。本計畫第一年主要成果為完成 LSTM 演算法則的實

現及效能評估，本計畫第二年的成果則為將第一年所發展的 LSTM 法則以可程式化邏輯閘陣列(Field 

Programmable Gate Array; FPGA)實現之，並實際實作於 FPGA 開發板以建立一個可以有效的執行即時

手勢辨識的測試系統。實驗結果發現此電路僅消耗有限的硬體資源，並且在六種手勢的辨識實驗中，

每一種手勢的平均辨識率都可達到 97%以上。 

 

2. Abstract 

This is a two-year project. The goal of this project is to develop Long Short Term Memory (LSTM) 

algorithms and architectures for sensor-based continuous hand gesture recognition. In this work, the sensors 

such as accelerometers and gyroscopes commonly deployed in smart phones and smart bracelets are adopted. 

This may extend the accessibility of the proposed algorithms and architectures to large varieties of devices for 

gesture recognition applications. After the first year of this project, we have completed the development and 

the evaluation of the LSTM algorithm. The hardware architecture for the LSTM algorithm by Field 

Programmable Gate Array (FPGA) has been implemented at the second year of the project. Furthermore, an 

evaluation system for the real-time continuous hand gesture recognition has been built. Experimental results 

reveal that the proposed hardware architecture has utilized only limited hardware resources. In addition, for the 

systems requiring the classification of 5 classes of gestures, the average hit rate for each class of gestures is 

above 97%.  

 

3. Introduction 

A continuous hand gesture is a sequence of hand movements conducted by the human. Continuous hand 

gesture recognition techniques are important in Human-Machine Interaction (HMI) and Human Activity 

Recognition (HAR). They find applications in many areas, such as smart home, health care, augmented reality, 

virtual reality, machine control and sign language recognition [1]. A common approach for continuous hand 

gesture recognition is to adopt Vision-based Gestures Recognition (VGR) techniques. A VGR method is usually 

based on captured video sequences by one or several cameras for interpreting and analyzing the motion 

[1][2][3][4]. Although some VGR techniques are effective, they may incur high computational load for online 

recognition, in which realtime operations on the video sequences is required. 

An alternative to VGR techniques is a Sensor-based Gestures Recognition (SGR) technique, which carries 

out continuous gesture recognition from the data produced by sensors. Accelerometers, gyroscopes, 

electromyography and/or inertial sensors are the sensors used in many SGR-based systems [5][6][7][8][9][10]. 

Some of the sensors are commonly deployed in smart devices such as smart phones and smart wear. With the 

proliferation of smart devices, the SGR techniques are emerging as a major approach for HMI and HAR. 

An approach for the continuous hand gesture recognition of SGR-based systems is to employ Long Short- 

Term Memory (LSTM) [11] neural networks. The LSTM is a deep learning technique [12] capable of exploiting 

both long term and short term behavior of input data for accurate classification. It is a variant of Recurrent 
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Neural Network (RNN), and is based on a back propagation through time technique for training. The LSTM 

has been successfully applied to various applications such as speech recognition, image segmentation, image 

caption generation, machine translation, and optical character recognition [13]. Nevertheless, the basic LSTM 

supports only the recognition without gesture spotting [14][15]. Therefore, when the input sensory data contain 

a sequence of gestures, accurate recognition may also be difficult. 

The objective of this project is to propose an efficient SGR algorithm and hardware architecture for 

continuous hand gesture recognition based on LSTM. Only the basic accelerometers and gyroscopes commonly 

used in smartphones or devices are required by the algorithm. This may facilitate the deployment of the 

algorithm to large varieties of the applications in smart devices. The algorithm is able to carry out the recognition 

of multiple continuous gestures from the sensory data by the LSTM. It is based on a many-to-many inference 

scheme, where an output is produced by the LSTM at each time step. A collection of output sequence is viewed 

as an output path. A simple gesture spotting scheme is then carried out to find the maximum a posteriori (MAP) 

solution for the final classification, given the observed output path.  

The hardware architecture of the algorithm is implemented by FPGA. It supports single-precision floating 

point (FP) computation to improve computation accuracy. Moreover, because matrix operations are the major 

operations in LSTM algorithms, a novel low area cost FP architecture is proposed for matrix computations. In 

the circuit, the number of FP computation units can be pre-specified in accordance with the available hardware 

resources. Furthermore, the circuit operates in a pipelined fashion to expedite the computation. In this way, the 

proposed circuit may be able to carry out SGR in rea-time with limited hardware resource consumption. 

A prototype system of the proposed algorithm and its FPGA architecture based on the smartphones has 

been developed for performance evaluation. Experimental results reveal that the proposed algorithm is well 

suited for the continuous hand gesture recognition applications on the smart devices requiring high robustness 

and high classification accuracy. 

 

 

tanh

tanh

 

Figure 1: Operations of the basic LSTM. The bias vectors are omitted for the sake of simplicity. 

 

 



 4 

 

4. The Algorithm 

Section 4.1 LSTM Operations 

The LSTM is a widely used variant of the Recurrent Neural Network (RNN), which exhibits a deep 

structure in time rather than in space. As a result, the RNN can take the time dimension into account, and 

generates outputs on the basis of previous input sequence. Consider an input sequence 𝑋 = (𝑥1, 𝑥2, … , 𝑥𝑇). The 

RNN will compute the hidden layer vector sequence 𝐻 = (ℎ1, ℎ2, … , ℎ𝑇)  and the output sequence 𝑌 =

(𝑦1, 𝑦2, … , 𝑦𝑇) iteratively from 𝑡 = 1 to 𝑡 = 𝑇 by the following equations: 

ℎ𝑡 = tanh(𝑊𝑥𝑡 + 𝑈ℎ𝑡−1 + 𝑏ℎ),              (1) 

𝑦𝑡 = softmax(𝑉ℎ𝑡 + 𝑏𝑦),                (2) 

where the weight matrices 𝑊,𝑈,  and 𝑉  are for input-to-hidden, hidden-to-hidden and hidden-to-output 

connections, and 𝑏ℎ and 𝑏𝑦 are the bias vectors. They are the parameters to be learned during the training 

process. The Back Propagation Through Time (BPTT) is a typical technique for the training of RNN. The tanh 

in (1) is an element-wise hyper tangent function, and softmax in (2) denotes a softmax function. 

The RNN has a drawback that it is difficult for the network to capture the long time dependency. The 

LSTM can be used to alleviate the problem. It can be described as follows: 

𝑖𝑡 = 𝜎(𝑊𝑖𝑥𝑡 + 𝑈𝑖ℎ𝑡−1 + 𝑏𝑖),              (3)  

𝑓𝑡 = 𝜎(𝑊𝑓𝑥𝑡 + 𝑈𝑓ℎ𝑡−1 + 𝑏𝑓),               (4) 

𝑜𝑡 = 𝜎(𝑊𝑜𝑥𝑡 + 𝑈𝑜ℎ𝑡−1 + 𝑏𝑜),               (5) 

�̃�𝑡 = tanh(𝑊𝑐𝑥𝑡 + 𝑈𝑐ℎ𝑡−1 + 𝑏𝑐),              (6) 

𝑐𝑡 = 𝑓𝑡 ⊙ 𝑐𝑡−1 + 𝑖𝑡 ⊙ �̃�𝑡,               (7) 

ℎ𝑡 = 𝑜𝑡 ⊙ tanh(𝑐𝑡).                (8)   

Based on ℎ𝑡 in (8), we then compute 𝑦𝑡 by (2). In the above, 𝑊𝑗, 𝑈𝑗, 𝑏𝑗, 𝑗 = 𝑖, 𝑓, 𝑜, 𝑐, in (3), (4), (5), (6), 

as well as 𝑉 and 𝑏𝑦 in (2) are the parameters to be learned. Furthermore, 𝜎 in (3), (4), (5) is an element-

wise sigmoid function. ⊙ in (7) and (8) denotes the element-wise multiplication. Figure 1 shows the basic 

architecture of the LSTM supporting the operations in (3), (4), (5), (6), (7), (8). For the sake of simplicity, all 

the bias vectors are omitted in the figure. 

In the LSTM, we call 𝑖𝑡, 𝑓𝑡, and 𝑜𝑡, the input gate, forget gate, and output gate, respectively. The 𝑐𝑡 is 

termed the memory cell. The input gate 𝑖𝑡 and the forget gate 𝑓𝑡 determine the fraction of input information 

to be remembered and the fraction of history information to be forgotten, respectively. We can see from (7) and 

Figure 1 that both input gate 𝑖𝑡 and the forget gate 𝑓𝑡 are used for the computation of the memory cell 𝑐𝑡, 

which can be viewed as the accumulated sequence information till 𝑥𝑡 . The output gate 𝑜𝑡  determines the 

fraction of sequence information to be outputted. It is employed for the computation of ℎ𝑡, as shown in (8) and 

Figure 1. 

Section 4.2 LSTM for Continuous Hand Gesture Recognition 

    The basic LSTM can be directly used for the continuous hand gesture recognition. The corresponding 

operations are shown in Figure 2, where 𝑥𝑡 is the input sensory data, and 𝑦𝑡 is the recognition results at time 

step t. For the sake of simplicity, we let function F be the operation of the basic LSTM module shown in Figure 

1. At the time step t, the function takes 𝑥𝑡, ℎ𝑡−1, and 𝑐𝑡−1 as inputs, and produces ℎ𝑡, and 𝑐𝑡 in accordance 

with the operations shown in (3), (4), (5), (6), (7) , (8). The ℎ𝑡, and 𝑐𝑡 will be subsequently served as the inputs 

to the function F at time step t+1. Furthermore, the ℎ𝑡 will be used to produce 𝑦𝑡 by (2). 
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(a) 

 

(b) 

Figure 2: Operations of the basic LSTM: (a) LSTM as a feedback loop, (b) Unfolded representation of 
basic LSTM from the feedback loop. 

 

 
Figure 3: An example of mapping from path A={a1,…,aT} to final classification outcome R={r1,…,rK} for 

the recognition of three gestures (i.e., K = 3). In this example, r1 = 5; r2 = 9; and r3 = 1. 

  

 Each element of 𝑦𝑡 is also a vector. Let Q be the total number of gestures. Each 𝑦𝑡 has dimension Q. 

The softmax operator for computing 𝑦𝑡  given ℎ𝑡  can be viewed as an estimation of probability 

Pr(𝑎𝑡 = 𝑗 ℎ𝑡⁄ ) for the occurrence of gesture j given the hidden state ℎ𝑡, where 𝑎𝑡 is the label produced by the 

proposed algorithm at time step t. Let 𝑦𝑡,𝑗 be the j th element of 𝑦𝑡, j = 1, ..., Q. Therefore, we set 𝑦𝑡,𝑗 = 

Pr(𝑎𝑡 = 𝑗 ℎ𝑡⁄ ) in the proposed algorithm. Suppose 𝑗𝑡 is the index of the gesture having the largest probability 

at time step t. In other words, 

 𝑗𝑡 = argmax1≤𝑗≤𝑄 𝑦𝑡,𝑗 = argmax1≤𝑗≤𝑄 Pr(𝑎𝑡 = 𝑗 ℎ𝑡⁄ ).         (9) 

We then let 𝑎𝑡 = 𝑗𝑡. Define the set A={a1,…,aT} as the set of labels for the time steps t = 1, ...., T. We call A 

the path given the input sequence X. In the proposed algorithm, the path is further mapped to a classification 
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outcome R = {r1,..., rK} for the recognition of K distinctive gestures, where rj is the j th gesture recognized by 

the algorithm. The mapping, denoted by B(A), is based on the conditional probability model Pr(𝑅 𝐴⁄ ) given by 

 Pr(𝑅 𝐴⁄ ) = ∏ Pr(𝑟𝑗/𝐴)
𝐾
𝑗=1 .               (10) 

In the model, the probability Pr(𝑟𝑗/𝐴) can be evaluated as 

 Pr(𝑟𝑗/𝐴) = 
|𝐼𝑟𝑗|

𝑇
⁄ ,                (11) 

where 𝐼𝑖 = {𝑡: 𝑎𝑡 = 𝑖}, and |𝐼𝑖 | indicates the cardinality of the set. We can view 𝐼𝑖 as the set of time steps 

where the gesture i is the recognized gesture. The search for 𝐼𝑖 can be viewed as a gesture spotting operation 

for the gesture i. Moreover, the mapping B(A) is an MAP estimator, which selects R maximizing Pr(R/A) as the 

final classification outcome. That is, 

B(A) = argmax𝑅 Pr(𝑅 𝐴⁄ ). 

It can be shown that the search process is equivalent to the identification of set of gestures having the top-K 

number of occurrences. The classification results R = {r1,..., rK} is then determined from these gestures in 

accordance with the order of their appearance in the path A. Figure 3 shows an example of mapping from the 

path A to the classification results R for the recognition of three gestures (i.e., K = 3). In this example, the set of 

gestures having the top-3 occurrences contains Gesture 1, Gesture 5 and Gesture 9. Their order of occurrence 

along the path A is Gesture 5, Gesture 9 and Gesture 1. Consequently, r1 =5; r2 = 9; and r3 = 1. 

 

5. The FPGA Architecture 

 

Section 5.1 The FPGA Architecture for Basic LSTM 

Figure 4 shows the FPGA architecture for basic LSTM. In addition to a controller, the architecture contains four 

units: matrix operation unit, gate values computation unit, state and memory cell updating unit, and fully 

connected computation unit. It can be observed from (3), (4), (5), (6) and Figure 5 that large numbers of matrix 

and/or vector operations are involved in the basic LSTM algorithm. Examples of such operations are 𝑊𝑗𝑥𝑡 

and 𝑈𝑗ℎ𝑡−1, where 𝑗 = 𝑖, 𝑓, 𝑜, 𝑐. Therefore, it is essential to implement an efficient hardware architecture in 

the matrix operation unit for the operations. Furthermore, we can also see from (3), (4), (5), (6) that the 

implementation of element-wise sigmoid functions and hyper tangent functions are required for the computation 

of gate values. The goal of gate values computation unit is then to provide an efficient architecture for the 

floating point computation of these non-linear functions to obtain 𝑓𝑡, �̃�𝑡, 𝑖𝑡, 𝑜𝑡. Based on the results of the 

gate values computation unit, the state and memory cell updating unit aims to implement (7) and (8) by hardware. 

The state ℎ𝑡computed by the unit is then subsequently used for the computation of output 𝑦𝑡 by the fully-

connected computation unit based on (2). Detailed discussions of each unit is given in the following subsections. 

Section 5.2 Matrix Operations Unit and Fully Connected Computation Unit 

The major tasks of the matrix operations unit and fully connected computation unit are to carry out 

matrix multiplications. The units therefore share similar architectures. For sake of simplicity, only the 

architecture of matrix operations unit is considered in this report. The matrix operations unit contains two 

modules: hidden-to-input matrix operations module, and hidden-to-hidden matrix operations module. As 

shown in Figure 5, the two modules are used for the computation of 𝑊𝑗𝑥𝑡 and 𝑈𝑗ℎ𝑡−1, 𝑗 = 𝑖, 𝑓, 𝑜, 𝑐, 

respectively. Both modules will be operated concurrently. Their results will be added by the FP adders 
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(together with the bias vector 𝑏𝑗) to produce the final output 𝑊𝑗𝑥𝑡+ 𝑈𝑗ℎ𝑡−1+𝑏𝑗. 

 

 

Figure 4: The FPGA Architecture for LSTM 

 

 

Figure 5: The Architecture of Matrix Operations Unit 

 

Without loss of generality, only the architecture of hidden-to-hidden matrix operations module is 

considered. The hidden-to-input matrix operations module will be operated in a similar fashion. Let M be the 

dimension of ℎ𝑡−1, and 𝑁 ×𝑀 be the dimension of the matrix 𝑈𝑗. The dimension of 𝑈𝑗ℎ𝑡−1 is therefore N. 

When M and/or N is large, the number multiplications and additions are also large. A design where a dedicated 

multiplier/adder is assigned to each multiplication/addition will demand a large area cost. One way to lower the 

area cost is by hardware sharing. The corresponding architecture is shown in Figure 6. The circuit can be 

separated into 5 parts: input buffer, output buffer, matrix buffer, computation core, and controller. The input 

buffer, matrix buffer, and output buffer store the ℎ𝑡−1, 𝑈𝑗, and 𝑈𝑗ℎ𝑡−1, respectively. The matrix computation 

operations are carried out in the computation core. The controller coordinates the operations of different 

components in the circuit. 

We can see from Figure 6 that the input buffer is a L1-stage shift register, where each stage contains m 

samples, and M=m L1. Therefore, in the proposed circuit, the input buffer does not deliver all the M samples 
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of ℎ𝑡−1 to the computation core in one shot. It provides only m samples at a time. The output buffer is a L2-

stage shift register, where each stage contains n samples, where N=n L2. The matrix buffer is a (L1L2)-stage 

shift register. Each stage of the matrix buffer provides m×n matrix elements for the matrix operations in the 

computation core. The computation core contains m×n multipliers, n adder trees, and n floating point adders. 

In the circuit, the input buffer is shifted one stage at a time providing m pixels to the computational core 

every L2 clock cycles. Meanwhile, the weight buffer is shifted one stage at a time offering m×n matrix elements 

to the computational core every clock cycle. The computation core therefore produces n samples every clock 

cycle, which are accumulated to the front stage of the output buffer. After the accumulation operations, the 

output buffer carries out the rotating/shifting operations moving data from the front stage to its rear stage, and 

moving data at all the remaining stages one stage toward the front every clock cycle. After the all the input 

pixels in the input buffer are fetched, and their multiplications with matrix elements are completed, the output 

buffer contains the computation results for the matrix operations.  
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(b) 

Figure 6: The Architecture of Hidden-to-Hidden Matrix Operations Module: (a) The Block Diagram of 
the Circuit, (b) the Computation Core Circuit for m=3 and n=2. 
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Figure 7: The Architecture of the Gate Values Computation Unit 

 

Section 5.3 Gate Values Computation Unit 

The gate values computation unit can be separated into three portions: sigmoid module, hyper tangent module 

and controller. Figure 7 reveals the architecture of the unit. Both the sigmoid module and hyper tangent module 

provide FP computation of sigmoid functions and hyperbolic tangent functions, respectively. From Figure 1, 

we see that three sigmoid operations are required for the computation of 𝑓𝑡, 𝑖𝑡, and 𝑜𝑡in the basic LSTM. 

However, because these operations can be carried out sequentially, they can share the same sigmond module. 

Similar to the case for the matrix operations unit, this hardware sharing scheme can effectively reduce the area 

costs. The hyper tangent module is dedicated to the computation of �̃�𝑡. All the operations are coordinated by 

the controller. 

An issue for the implementation of sigmoid module and hyper tangent module is that they are based on 

element-wise operations. Therefore, when the number of elements from the input is high, the area cost may also 

be large. To solve this problem, we first recall from Figure 6 that the matrix operation unit produces results n 

samples at a time, where n can be pre-specified. Consequently, the architecture of the gate values computation 

unit will accept n input elements at a time. In the sigmoid module, there are then n sigmoid circuits operating 

concurrently. Each sigmoid circuit contains an FP exponent computation circuit, and an FP inverse computation 

circuit. When area cost is an important concern, a smaller n value can be selected at the expense of longer 

computation latency. The hyper tangent module can be designed in a similar fashion. 

 

6. Experimental Results 

This section presents some experimental results of the proposed algorithm and architecture. Figure 8 shows 

the setup of the experiments for the algorithm evaluation. It can be observed from the figure that training and 

testing operations in our experiments are based on different platforms. The smart phones adopted for the 

experiments are Samsung Galaxy S8 and HTC ONE M9. A JAVA-based APP is built on the smartphones for 

gesture capturing and delivery. The training and testing operations are based on different gesture sequences 

acquired by the smart phones. As shown in the Figure 8, a dedicated server is adopted for LSTM training, which 

is carried out offline by Keras [16] with backend Tensorflow. The server is a personal computer with Intel I7 

CPU and Nvidia GTX 1070 GPU. The testing platform is an embedded system with FPGA. A python-based 

LSTM inference system is deployed on the testing platform. It is built from the LSTM model acquired from 

Keras after training operations are completed. The inference system is capable of receiving the sensory data 

from smartphones for realtime dynamic gesture recognition. 
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Figure 8: Setup of the experiments for the evaluation of LSTM algorithm. The training and testing are 
carried out by different platforms. The hand gestures for training and testing are captured by smart 

phones equipped with accelerators and gyroscopes. 

 

Figure 9: Gestures considered in the experiments. 

One application for the inference system would be the remote control of home appliances. Gestures 

captured by the smartphones represent the actions required by users to appliances. The corresponding sensory 

data is delivered to embedded system via WiFi, which then carries out dynamic gesture recognition for 

subsequent action execution. With small size and low power consumption, the embedded system can be easily 

attached to home appliances for the action control. There are 6 gestures (i.e., Q = 6) considered in the 

experiments, as shown in Figure 9. Table I shows the examples of the gestures and their actions for various 

home appliances.  

All the gesture sequences for training and testing are captured by accelerometers and gyroscopes associated 

with the smartphones. The sensors are capable of measuring acceleration and angular velocity in three 

orthogonal axes, respectively. Therefore, the dimension of each sample xt is M = 6. Figure 10 and Figure 11 

show the samples of waveforms produced by accelerometers and gyroscopes of the smart phones for each 

gesture class, respectively. The sampling rate is 50 samples/sec. Although large number of classes are 

considered in our experiments, it can be observed from Figure 10 and Figure 11 that different gesture classes 

have different waveforms produced from gyroscopes and/or accelerometers. The employment of the sensors 

would then be beneficial for the accurate classification of the gestures. Furthermore, we can also see from Figure 

10 and Figure 11 that some of the waveforms exhibit small and fast vibrations. These may be due to unstable 
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and/or shaking hands. It would then be essential for the proposed algorithm to accurately classify the gestures 

with the presence of the vibrations. 

 

The training set of the experiments consists of 2900 gestures from 7 participants. The sequences acquired 

from the participants are collected in different days for capturing different variations in gesturing, such as 

variations in lengths of gestures and/or amplitudes of samples. The testing set is different from training set. It 

contains 3100 gestures from 7 participants. Each test sequence may contain two or more hand gestures. For 

some test sequences, vibrations due to shaking or unstable hand are included for testing the robustness of the 

proposed algorithm. The initial orientation of smartphones for data acquisition of both training and testing 

sequences is portrait orientation. 

Figure 12 shows an example of a testing sequence produced by accelerator and gyroscope consisting of 

four hand gestures (Gesture 4, Gesture 2, Gesture 5, and Gesture 6) back-to-back. The results of gesture spotting 

are also revealed in the bottom of the figure. It can be observed from Figure 12 that direct gesture spotting is 

difficult, even by visual inspection. Nevertheless, we can see from the bottom of Figure 12 that the sets I4, I2, 

I5, and I6 are the sets having the largest cardinality. Therefore, the recognition outcome is r1 = 4, r2 = 2, r3 = 5, 

and r4 = 6. Accurate recognition for the continuous gestures can be achieved. 

Table II shows the confusion matrix on the testing data set for the proposed algorithm. The confusion 

matrix contain information about actual and predicted gesture classifications carried out by the system. Each 

cell in the confusion matrix represents the percentage the gesture in the corresponding row is classified as the 

gesture in the corresponding column. Let Hi be the hit rate of gesture class i, which is defined as the number of 

gestures in class i that are correctly classified divided by the total number of gestures in class i. Therefore, Hi 

of the proposed algorithm is identical to the value of the cell in the i-th column and i-th row of the confusion 

matrix shown in Table II. It can be observed from the table that the proposed algorithm attains high hit rate Hi 

for each gesture class i = 1,…,6. 

 

Table I: Gestures and Their Actions for Various Home Appliances 

 Gesture 1 Gesture 2 Gesture 3  Gesture 4 Gesture 5 Gesture 6 

TV Vol. Up Vol. Down Prev. 

Channel 

Next 

Channel 

Play or 

Pause 

Vidio 

Source 

Air 

Conditioner 

Temp. Up Temp. 

Down 

Air Vol.  

Up 

Air Vol. 

Down 

Power On 

or OFF 

Func. 

Select 

 

Table II: Confusion Matrix on the Test Dataset for the Proposed Algorithm 

 Gesture 1 Gesture 2 Gesture 3  Gesture 4 Gesture 5 Gesture 6 

Gesture 1 96.95 1.66 0.00 0.00 1.39 0.00 

Gesture 2 1.37 95.22 2.56 0.00 0.68 0.17 

Gesture 3 0.36 0.00 99.28 0.00 0.00 0.36 

Gesture 4 0.28 0.85 0.00 97.17 0.00 1.70 

Gesture 5 0.00 0.00 0.00 0.00 100.0 0.00 

Gesture 6 0.21 0.00 0.00 0.00 0.20 99.59 
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(a)                           (b)                           (c) 

      

(d)                           (e)                           (f) 

Figure 10: The samples of waveforms produced by an accelerator in three axes (ax, ay and az) for each gesture: 

(a) Gesture 1, (b) Gesture 2, (c) Gesture 3, (d) Gesture 4, (e) Gesture 5, (f) Gesture 6. 

 

      

(a)                           (b)                           (c) 

      

(d)                           (e)                           (f) 

Figure 11: The samples of waveforms produced by a gyroscope in three axes (ax, ay and az) for each gesture: (a) 

Gesture 1, (b) Gesture 2, (c) Gesture 3, (d) Gesture 4, (e) Gesture 5, (f) Gesture 6. 
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Figure 12: Example of a test sequence produced by accelerator and gyroscope consisting of four hand 

gestures (Gesture 4, Gesture 2, Gesture 5, and Gesture 6) back-to-back. The gesture-spotting results are 

also shown in the bottom of the figure. 

 

The hit rates of the proposed algorithm will be degraded when only accelerator or gyroscope is used. Table 

III reveals the degradation in hit rate Hi of each gesture class i of the proposed algorithm with the employment 

of only one type of sensor. It can be observed from Table III that the hit rates of most of gesture classes are 

reduced without the employment of both sensors. In particular, H6 is degraded from 99.59 % to 78.79 % and 79 

% when only accelerator or gyroscope is used, respectively. These results show that the employment of both 

accelerator and gyroscope is beneficial for hand gesture recognition. 

Table IV compares the hit rate Hi of various SGR techniques. Direct comparisons may be difficult because 

these SGR techniques are based on different data acquisition systems and training sets. Nevertheless, because 

the target gestures to be recognized are identical for the techniques, they could be applied to the same 

applications, such as remote control of home appliances [5]. It can be observed from Table IV that the proposed 

algorithm could have a superior performance over the techniques in [5], [17] for smart home applications. Other 

related results can also be found in our published works in [18][19]. 
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Table III: Hit Rate in Percentage of the Proposed Continuous Gesture Recognition Algorithms 

with Only Accelerator or Gyroscope, or Both. 

 H1 H2 H3  H4 H5 H6 

Accelerator 84.76 43.52 86.36 95.18 98.53 78.79 

Gyroscope 90.34 98.12 77.78 93.77 100.0 79.79 

Both 96.95 95.22 99.28 97.17 100.0 99.59 

 

Table IV: Hit Rate in Percentage of Various SGR-Based Continuous Gesture Recognition 

Algorithms. 

 H1 H2 H3  H4 H5 H6 

[5] 93.50 93.75 91.20 92.50 95.0 95.0 

[17] 88.00 82.00 86.00 77.00 57.0 43.0 

Proposed 96.95 95.22 99.28 97.17 100.0 99.59 

 

Table V: Utilization of FPGA Resources of the Matrix Operation Unit 

 Matrix Operation Unit 

 m=1, n=1 m=2, n=2 

ALUTs 4,251/182,400 8,690/182,400 

Dedicated registers 8,502/228,000 12,141/228,000 

Block memory bits 167,936/14,625,792 167,936/14,625,792 

DSP blocks 8/1,288 32/1,288 

 

Table VI: Utilization of FPGA Resources of the Fully-Connected Computation Unit 

 Softmax Operation Unit 

 m=1, n=1 m=2, n=2 

ALUTs 947/182,400 1,592/182,400 

Dedicated registers 804/228,000 1,291/228,000 

Block memory bits 8,192/14,625,792 8,192/14,625,792 

DSP blocks 4/1,288 8/1,288 

 

 

We next consider the utilization of the FPGA resources of the proposed architecture. Table V, Table VI and 

Table VII show the consumption of hardware resources of the matrix operation unit, fully-connected 

computation unit and gate values computation unit, respectively. The state and memory cell operation unit 

serves as the controller of the proposed architecture. Therefore, it only consumes limited hardware resources. 

Its hardware consumption is then omitted for sake of brevity. Table VIII reveals the consumption of hardware 

resource of the entire architecture. The target FPGA device for the implementation is Altera Stratix IV 

EP4SGX230K. The platform for the system development is Terasic DE4.  
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Both the matrix operation unit and fully-connected computation unit involve the matrix operations shown 

in (2),(3),(4),(5) and (6). Nevertheless, because of the efficient hardware resource sharing and pipelining scheme 

shown in Figure 6, we can still see from Table V and Table VI that only limited hardware resources are 

consumed. In particular, when m=n=1, the matrix operation unit consumes only 2.33% of the Adaptive Look-

Up Tables (ALUTs) of the target FPGA devices (i.e., 4251 vs. 182400). It also consumes 0.62% of DSP blocks 

(i.e., 8 vs. 1,288).  

Although the gate values computation unit involves sigmoid and hyper tangent computations, the 

corresponding modules are shared by different inputs in a pipelined fashion. Consequently, low hardware 

consumption is also observed. In fact, the circuit does not consume block memory bits. Furthermore, when n=1, 

we can see from Table VII that the circuit utilizes only 2.04% of the ALUTs of the target FPGA devices (i.e., 

3731 vs. 182400). It also utilizes 1.24% of DSP blocks (i.e., 16 vs. 1,288). Finally, as shown in Table VIII, the 

number of ALUTs consumed by the proposed architecture is 4.93% (i.e., 9002 vs. 182400) of those of the target 

FPGA device. The number of DSP blocks used by the proposed architecture is 2.17% (i.e., 28 vs. 1,288) of 

those of the target FPGA device.  

In addition to hardware utilization, the average latency of the proposed architecture is also measured. The 

average latency is defined as the average time per gesture to carry out the gesture recognition. With the 

architecture operating at 50 MHz, we can see from Table VII that the average latency is only 1.28 ms when m=2 

and n=2. The low cost implementation of the proposed architecture with realtime computation therefore is 

beneficial for the adoption of the proposed architecture as the hardware accelerator to the embedded edge 

devices. All these facts demonstrates the effectiveness of the proposed architecture. 

 

 

Table VII: Utilization of FPGA Resources of the Gate Values Computation Unit 

 Gate Values Computation Unit 

 n=1 n=2 

ALUTs 3,731/182,400 7,367/182,400 

Dedicated registers 3,044/228,000 6,054/228,000 

Block memory bits 0/14,625,792 0/14,625,792 

DSP blocks 16/1,288 32/1,288 

 

 

Table VIII: Utilization of FPGA Resources and Latency of the Proposed Architecture 

 Proposed Architecture 

 m=1,n=1 m=2,n=2 

ALUTs 9,002/182,400 17,673/182,400 

Dedicated registers 12,473/228,000 19,522/228,000 

Block memory bits 17,811/14,625,792 17,811/14,625,792 

DSP blocks 28/1,288 72/1,288 

Latency 5.10 ms 1.28 ms 
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7. Concluding Remarks 

 

A smartphone-based prototype has been built for performance evaluation. Experimental results reveal that 

the hit rate for all the gesture classes are above 95% for a test set consisting of 3100 gestures. As compared with 

the existing SGR-based gesture-recognition techniques, the proposed algorithm provides superior classification 

results. This is because the proposed algorithm is able to perform effective gesture spotting, even for continuous 

gestures back-to-back. The evaluation on hardware implementation also reveals that the corresponding 

hardware architecture consumes only limited hardware resources with real-time computation. In fact, the 

architecture could consume only 9002 ALUTs and 28 DSP blocks, and operate with 5.10 ms latency per hand 

gesture at 50 MHz. The algorithm and its corresponding architecture therefore are beneficial for HMI or HAR 

applications where low-cost implementation, fast computation and reliable continuous hand gesture recognition 

are desired. 
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一、 參加會議經過 

這次參加的國際會議是舉辦在美國亞特蘭大的 iThings-2019，時間是在 2019 年

7/14~/7/17，由於時程上老師不便前往，於是就變成由我單獨前往。第一次自己參加

過國際會議就要飛往從來沒去過的美國，心中充滿著忐忑與期待，在 7/12 早上從桃

園國際機場出發，經舊金山轉機到達亞特蘭大的飯店。 

本次論文是在當地 7/16 早上以 Oral Presentation 的方式在 iThings-7 這個 Session

中發表，但由於前一天飯店因疾病傳染，導致整棟飯店關閉進行消毒，我們所有人

也都被轉移到其他飯店，這也使的當天的行程極為混亂，最後還是順利的報告完

畢，台下有不少聽眾，也成功從問答與其他人的反饋中得到不少收穫。 

會議結束後，我在 7/21 從舊金山飛回到桃園國際機場，結束這次的國際會議之

行。 
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二、 與會心得 

The 12th IEEE International Conference on Internet of Things 這個會議是以 IoT 為

主，不過這次的大會中同時有其他主題的會議在進行，包含 Green Computing and 

Communication、Cyber, Physical and Social Computing、Smart Data 等，同時在會議的

過程中穿插了 5 個 Keynote，講者都是某領域著名的學者或是業界專業人士，與會人

士大多也是該領域的專家，這也使得這次參加會議的過程中除了提升自我膽識外，

也讓我更了解不同領域的專業知識。 

本次會議中幾個 Keynote 主題都是圍繞在 IoT 與 BlockChain 上，與我碩士班專

攻的深度學習不太相同，所以有蠻多學者在討論時我都需要額外 Google，才能了解

他們提到的知識。其中最有名的由提出 Brooks-Iyengar Algorithm 的學者 Dr. S. S. 

Iyengar 來演講。BI Algorithm 以前曾經在修資工系開設的網路相關課程中看過，是用

來解著名的「拜占庭將軍問題」，也就是如何管理分散式網路系統的一個演算法，當

然對於一個學生而言，我只知道他很厲害，但沒想到這個演算法應用領域之廣，連

美國國家資訊安全都可以使用，令我大開眼界。 

在一個全部使用英文的環境，對我來講其實壓力蠻大的，不過當我報告完時，

大家專注在提問與相關專業討論時，發現其實我都還是能理解，甚至能提出我的觀

點與他們交流。會後除了有教授大力讚賞我們的研究外，還有其他教授邀請我去參

加其他的 Workshop，不過基於現實層面的問題被我婉拒了。 

參加這次會議後，這樣的經歷讓我以後能更有自信、從容地面對報告，在聽其

他人報告時雖然領域不同，但是大家都是為了解決某些問題而來，所以這些報告也

能啟發我去思考相關的研究，不過主要還是領域上有一定程度的差異，加上之後生

涯規劃是到業界去就業，所以對我個人學術研究發展的幫助可能沒有那麼大，但對

於發揚光大學校及實驗室，我認為還是有蠻大的貢獻。 

 

三、 發表論文全文或摘要 

This paper presents a novel feedforward neural network for sensor-based dynamic hand gesture 

recognition. The algorithm, termed PairNet, is capable of carrying out accurate gesture spotting 

for the sensory data produced by basic accelerators and gyroscopes, which are commonly 

deployed in internet of things devices. The gesture classification outcomes are then obtained 

from the spotting results by the Maximum A Posteriori (MAP) estimation. To illustrate the 

effectiveness of the proposed algorithm, a prototype system based on a mobile phone has been 

implemented. Experimental results reveal that, while attaining realtime operations, the proposed 

algorithm has superior accuracy over existing sensor-based counterparts for hand gesture 

recognition. 
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