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Abstract

:

Gesture recognition (GR) has many applications for human-computer interaction (HCI) in the healthcare, home, and business arenas. However, the common techniques to realize gesture recognition using video processing are computationally intensive and expensive. In this work, we propose to task existing visible light communications (VLC) systems with gesture recognition. Different finger movements are identified by training on the light transitions between fingers using the long short-term memory (LSTM) neural network. This paper describes the design and implementation of the gesture recognition technique for a practical VLC system operating over a distance of 48 cm. The platform uses a single low-cost light-emitting diode (LED) and photo-diode sensor at the receiver side. The system recognizes gestures from interruptions in the direct light transmission, and is therefore suitable for high-speed communication. Gesture recognition accuracies were conducted for five gestures, and results demonstrate that the proposed system is able to accurately identify the gestures in up to 88% of cases.
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1. Introduction


Gesture recognition (GR) systems can greatly assist the elderly or infirm as well as persons unable to control equipment through speech. Meanwhile the growth of Internet of Things (IoT) propelled the need for improved human-computer interaction (HCI) to enable control of devices inthe areas of work, play, health, communication, and education. For real-world application, a GR system should require modest computing resources and be implementable with low-cost. While proprietary GR systems are emerging, they tend to be expensive, single-task oriented, and application-specific.



Gesture recognition systems can be classified into contact or contactless types. The most common contact type is the accelerometer or inertial sensor, while the contactless types include (i) ultrasound-, (ii) mm-wave radar-, (iii) video camera-, and (iv) photo-diode (PD)-based units. An accelerometer consists of multiple motion sensors in order to detect movement in the three cardinal directions. A wrist-strapped accelerometer is a low-cost GR solution in which the sensor directly tracks the hand gesture. Although research benefited from analysis of accelerometer data collected by smartphones, such systems are still impractical. Short-range frequency-modulated continuous wave (FMCW) radar was recently used in movement and gesture detection, as well as monitoring vital-signs (breathing and heart rates), based on measuring the Doppler shifts. Similarly, GR can also be achieved by measuring the Doppler from ultrasonic waves reflected by limb movement. However, these approaches are prone to clutter between the Tx and Rx reducing the resolution, and ultrasounds can also cause stress to pets and infants who can hear the low-frequency waves. Unlike visible light, some radio-frequency systems are precluded from use in hospitals, aircraft, or mines due to electromagnetic compatibility issues. One issue with video-based GR is that the foreground limb image needs to be distinguished from nearby clutter and background objects. As deep-learning algorithms became more powerful, the ability to delineate these images increased. However, deep learning often necessitates a high degree of storage and processing power, such as from a desktop computer. Although recent development kits including the Nvidia Jetson and Microsoft Kinect [1] greatly facilitated AI-based image processing, the hardware and computational costs can still be prohibitive. Another disadvantage of using video cameras for GR is due to privacy concerns and laws. Meanwhile, interest in photo-diode (PD)-based GR will increase with the emerging visible light communication (VLC) systems, which can be made with light emitting diodes (LEDs) at a fraction of the cost.



Gesture recognition is a related field of human activity recognition (HAR), and recent developments are briefly described here. Two common methods for HAR are those based on video scene extraction and that of indirect sensing using wireless signals. Indirect sensing involves the analysis of the received signal strength signature from Wi-Fi signals that are blocked or reflected by human movement. Researchers demonstrated accuracies above 90% using support vector machines (SVM) machine learning (ML) [2,3,4]. However, it is currently very difficult to classify the subtle finger gestures using the wireless signals in a practical setting with a wall-mounted access-point, and it becomes harder with several people in the room. Physical activity recognition system using wrist-band based sensors were designed for wheelchair-bound patients with spinal cord injuries [5]. Smart healthcare systems are increasingly employing neural networks to categorize and automate functions [6]. Estimation of the number of people in a room was made through an analysis of reflection and blocking of visible light [7]. The long short-term memory (LSTM) algorithm is a type of recurrent neural network that can efficiently learn time-series sequences that are increasingly used in ML-based HAR systems, such as [8], for wearable activity recognition [9] and sign language translation [10].



Meanwhile, visible light communication systems exploit the existing lighting infrastructure to provide high-speed and secure data communication [11,12,13] and are expected to become commonplace in homes and office following the release of the IEEE 802.11bb [14] Standardization currently scheduled for 2022. VLC leverages the huge bandwidth available in the nonionizing visible electromagnetic spectrum [15]. Light is a suitable communication medium in medical environments [16,17,18] where there are strict electromagnetic compatibility conformance standards. VLC-based health monitoring [19] and notification systems were developed for the blind [20]. VLC systems can be built with very low-cost [21] using standard light emitting diodes (LEDs) and photodiodes (PDs), such as those commonly used in DVD players. High-speed VLC systems direct the transmission of focused light between the transmitter (Tx) LED and receiver (Rx) PD. On the other hand, currently, most GR systems for visible light operate on reflected light captured by multiple PDs. A non-ML-based motion detection system using VL comprising multiple PDs was proposed in [22]. The work focused on communications performance, and there were no gesture classification accuracy results.



Gesture patterns are statistically repeatable and can be learned by repeated sampling using ML. A summary of recent hand GR research using ML is tabulated in Table 1. Infra-red (IR) systems are less affected by ambient light and can generally achieve higher classification accuracies. However, most IR systems do not achieve the high visible light (VL) data-rates and at the same price-point. Using the decision-trees algorithm, authors reported a 98% classification accuracy using IR proximity sensors [23]. Feature extraction using SVM achieved 95% accuracy on data collected from an accelerometer [24]. Back-propagation was used to track hand trajectories using an inertial sensor with 89% accuracy [25]. A smart electronic-skin comprising an array of detectors and LSTM processing was proposed [26]. By tracking the shape of shadows cast through hand-blocking using a 32-sensor array, researchers achieved 96% accuracy [27]. Although the system achieved good performance, the large 6 × 6 ft array is rather impractical, and additionally, not aimed at communications. Classification performance is generally improved by deploying multiple PDs on the ceiling and floor. As the cost and computational complexity generally scale with the number of detection chains, these should be kept to a minimum. K-nearest neighbors (KNN) is a low-complexity, nonparametric algorithm that can distinguish gesture classes based on the Euclidean distances between samples. An accuracy of 48% was achieved using KNN with a single PD and increased to 83% by employing two PDs [28]. Classification of reflected IR waves was achieved using a hybrid KNN and SVM [29]. The researchers used the THORLABS PDA100 PD module (currently cost about $430) to capture a wide range of wavelengths with design ease. When the separation was 20 cm, the average denoised accuracy was 96% for IR and 85% for VL. The performance decreased with increasing Tx-Rx distance due to the lower received light intensity. When the separation increased to 35 cm, the performance decreased to 91% for IR and 73% for VL. The use of reflected light generally requires additional postprocessing to remove artifacts generated by multipath reflections from surrounding clutter and is sensitive to thresholding. This makes building a practical low-cost system challenging, and these systems offer lower data rates. The FingerLight system employs 8 spatially separated PDs and a recurrent neural network to learn the gestures from measured light intensities. When a hand is carefully positioned in front of the sensor array, a 99% classification accuracy was reported possible [30]. Short-range millimeter wave radar has provided a 98% classification accuracy for hand gesture recognition using LSTM [31]. Image processing-based techniques generally exhibit the highest performance but require very high computing resources, and hence, are less suitable for low-cost, portable-use cases. GR using captured video is often implemented using CNNs, and researchers reported a 97% classification accuracy using this technique [32]. Recurrent neural networks are able to extract auto-correlations in sequential data and were particularly successful with speech- and hand-writing recognition. The LSTM recurrent network contains gates that allow it to operate on relatively long time sequences. Multimodal gesture recognition using 3D convolution and convolutional LSTM was described in [33]. Tracking of hand-joint movements using the unscented Kalman filter [34] with LSTM and dynamic probabilities [35] was reported.



Our proposed GR solution is part of a wider VLC-capable system, and therefore the GR capability comes at almost no additional cost. The system learns to associate finger movements with the pattern of light directly impinging on the PD in the absence of obstruction by fingers. This method is unaffected by nearby clutter or by the light-reflecting properties of a subjects skin, which can depend on their age and gender. This enables us to employ a low-cost PD (about $8 in small volumes) and the approach is compatible with high-speed VLC systems targeted for communications. We employ the LSTM algorithm for the gesture classification which requires considerably lower complexity than than that of the CNN algorithm for video processing. Despite the modest complexity, the gesture recognition performs well (88%) and can be used within a communications-based VLC system.



Our contributions can be summarized as follows:




	
Provided a review of contemporary gesture recognition systems.



	
Developed a practical GR methodology that can be integrated with a VLC system. The technique uses common off-the-shelf components with full part numbers provided.



	
Developed a system using a single PD that receives direct light from the transmitting LED.



	
Demonstrated an efficient LSTM-based GR system with limited computational complexity.



	
Achieved high classification accuracy under natural settings: gestures made at natural speed and visible light.



	
Confirmed the system performance at different sampling rates and complexities.








In this paper, we focus on describing the operation of the GR module, which uses the same components as the VLC system for compatibility. The scope of this paper is limited to the gesture recognition system, and a full description of the communication operation will be described separately. The context switching between the sensing and communications systems is an implementation issue and outside the scope of this paper. However, we considered a method based on halting the communications as soon as the hand is inserted between the Tx and Rx. This would be detected by a significant dip in the received signal power. Communications would then resume a short period after the signal blocking finishes.



The organization of this paper is as follows. Section 2 describes the VLC channel model, and Section 3 discusses the activity recognition concept and our proposed solutions for a VLC system. Section 4 details the system implementation and experiment setup, while Section 5 describes the performance results. Discussions on areas for future work and a conclusion is drawn in Section 6 and Section 7, respectively.




2. VLC Channel Model


Assume a channel model between a Tx (LED) and an Rx (PD), and consider only the line-of-sight (LOS) path. The channel impulse response of this LOS component is deterministic and given by Equation (1) [36].


    h  L O S    ( t )  = I  ( ϕ )    g  ( ψ )   A  P D     d 2   δ  ( t − d / c )  ,   



(1)




where    A  P D     is the photo-diode surface area,   ϕ   is the angle from the Tx to Rx,   ψ   is the angle of incidence with respect to the axis normal to the receiver surface, d is distance between Tx and Rx, c is the speed of light,    g ( ψ )    is the Rx optical gain function, and I(  ϕ  ) is the luminous intensity.



At the Rx, the received optical power can be expressed as (2).


    P R  = H  ( 0 )   P E  ,   



(2)




where    H ( 0 )    is the channel DC gain, and    P E    is the emitted optical intensity.



It is common to model the emitted signal by a generalized Lambertian pattern, and the DC channel gain can be expressed as [37].


   H  ( 0 )  =    ( m + 1 )   A  P D     2 π  d 2     cos m   ( ϕ )   T s   ( ψ )  g  ( ψ )  cos  ( ψ )  ,   



(3)




for    0 ≤ ψ ≤  Ψ c     where Lambertian order is denoted by (4)


   m =   − ln ( 2 )   ln ( cos  (  Φ  1 / 2   )  )   ,   



(4)




where    Φ  1 / 2     is the semiangle at half-illuminance of the Tx.     T s   ( ψ )     is the optical filter gain,    Ψ c    is the Rx field of view (FOV) semi-angle.



The illuminance at a point on the receiving plane is described by I   ( ψ )   cos    ( ψ )  /  d 2     [38]. The total received power with lens is plotted in Figure 1. This figure shows that the power is greatest directly below the LED and falls off greatest at the corners. The Rx power is sufficiently high in all directions within 2 m of the center, and therefore photo-detectors receive sufficient illuminance in a typical small room or office setting.




3. Gesture Recognition System with LSTM Network


A typical HAR system comprises data acquisition, segmentation, feature extraction, and classification stages. The categorization is based on an analysis of the pattern activity sensed on each PD. Through training, the system learns to associate the sequences with each activity.



The concept of the hand movement recognition system is shown in Figure 2. The identification activity takes place between the LED and PD. Unobstructed light from the LED is incident on the photo-diode sensor and, as an object moves in between the two, light can become blocked. The task is to associate the sequence of incident light with the particular gesture. Typically, a hand may move at about 1 m/s or 1000 mm/s. The distance between fingers is up to about 10 mm, and therefore periods of activity and inactivity will typically last for about 10 ms. To reliably capture these movements the symbol sensing slot-time should be at least 0.1 ms. The slot time depends on the underlying use of the VLC system and is a trade-off between VLC data rate requirements, prediction accuracy, and computational complexity. The signaling rate is typically easily satisfied by modern VLC systems that operate above 1 Mbit/s.



LSTM is a type of recurrent network that learns patterns embedded in time-series data [39] and has complexity proportional to the number of time-steps. The network is applied here to predict the finger gesture on a per time-step basis. The network comprises a sequence layer for handling the series input data, an LSTM layer for computing the learning, a fully-connected layer, a softmax layer, and finally, a classification layer. The size of the fully connected layer determines how well the network can learn the dependencies but care is required to avoid problems associated with over-fitting. The LSTM block diagram is shown in Figure 3 in which    x t    represents the input data. The hidden-state and cell-states at time t are termed    h t    and    c t   , respectively. The current state and the next sequence data samples will determine the output and updated cell state. The cell state is given by Equation (5)


    c t  =  f t  ⊙  c  t − 1   +  i t  ⊙  g t    



(5)







The hidden-state is given by Equation (6)


    h t  =  o t  ⊙  σ c   (  c t  )  ,   



(6)




where    σ c    represents the state activation function. Control gates allow data to be forgotten or remembered at each iteration.



The forget, cell-candidate, input, and output-states at time step t are given by Equations (7)–(10) respectively:


      f t     =  σ c   (  W f   x t  +  R f   h  t − 1   +  b f  )  ,      



(7)






      g t     =  σ c   (  W g   x t  +  R g   h  t − 1   +  b g  )  ,      



(8)






      i t     =  σ c   (  W i   x t  +  R i   h  t − 1   +  b i  )  ,      



(9)






      o t     =  σ c   (  W o   x t  +  R o   h  t − 1   +  b o  )  ,      



(10)




where    W f   ,    W g   ,    W i   ,    W o    represent the forget, cell-candidate, input, and output weights.    R f   ,    R g   ,    R i   , and    R o    are the forget, cell-candidate, input, and output recurrent weights.    b f   ,    b g   ,    b i   , and    b o    are the forget, cell-candidate, input, and output biases.




4. System Implementation


4.1. Design Approach


Two design approaches were considered for the gesture sensing operation. Approach (i): the mark-space waveform generated by all fingers is encoded. As a finger cuts the light beam, it results in a space period where the received light intensity on the PD sensor is low. In the period where light can pass between the fingers, the received intensity is high. Approach (ii): the PD output is summed over the duration of the whole gesture. The total light incident on the PD from the first to last finger cutting the light beam is recorded. The first approach was selected after an initial study showed it was more reliable, and in particular, is less dependent on the hand-speed. A minimum and maximum threshold is set, and the on-off signal is passed to the LSTM algorithm.




4.2. VLC Transceiver


The VLC system is implemented with real-time transmission and reception of symbols using an arbitrary waveform generator (AWG) and digital storage oscilloscope (DSO) as depicted in Figure 4. VLC data modulation/demodulation and activity recognition tasks are computed off-line using a personal computer with Matlab software.



The Tx signal was generated with amplitude 1.80 V at 100 kHz in real-time using an arbitrary waveform generator Tektronix AWG 710B (max. 2.1 GHz bandwidth, 4.2 Gsa/s). An amplitude equalizer was inserted to counteract the low-pass frequency response of the LED. The amplitude equalizer provides about 7 dB loss at DC and the normalized gain rises to unity in the high-pass region at around 100 MHz. A Mini-Circuits ZHL-500 (0.1 MHz to 500 MHz) 17-dB gain-block is employed as a preamplifier to increase the small signal-level. The amplified data signal is added to a LED bias voltage of 4.2 v using a Mini-Circuits Bias-T ZFBT-4R2GW-FT+ (0.1–6000 MHz bandwidth) and the output connected to a Luxeon Rebel LED via a standard SMA connector. The LED was selected as it is capable of supporting a data-rate in the order of 100 Mbit/s for communications. However, many other LEDs can also be used for the purpose of gesture recognition. The bias-T and amplifier had minimum operating frequency around 50 kHz. The bias voltage is adjusted to maximize the amplifier output power but backed off to avoid distortion. The amplifier, bias-T and LED were mounted onto a movable micro-stage platform to facilitate the alignment of the Tx.



To increase the communication distance, a focusing-lens of diameter 40 mm was placed at both the Tx and Rx sides with a separation of 30 cm as shown in Figure 5. The focusing lens produces a narrow beam with optimum focus at the region where the hand is placed which is at the half-distance between Tx LED and RX PD. The required distance can be easily adjusted by increasing or decreasing the lens focal-range. In the current set-up if the hand is positioned away from the center-point then the signal-to-noise ratio (SNR) is reduced and therefore estimation accuracy will be degraded. A focusing lens is also an integral and necessary component in all VLC systems and so is not an additional cost. A consumer VLC system may likely employ directional Tx/Rx or an adaptive lens mechanism.



A standard PD (Hamamatsu S10784 commonly used in DVD laser-discs) was employed at the receiver. The PD output was amplified by an OPA 2356 based low-noise amplifier (LNA) circuit that has a BW of about 200 MHz and was used here as a trans-impedance amplifier (TIA). The Rx waveform is detected by a PD and amplified by the LNA. LEDs generate incoherent light, which can be detected using simple direct or envelope detection circuitry. The Rx DSO was set at 2 Msa/s with a total 3.2 Mpoints stored after peak sampling.




4.3. Gesture Waveform Capture


As a proof of concept, the system was trained with five gestures with an increasing number of fingers as follows:




	
Reference Rx signal (absence of movement),



	
pointing up-down with 1 finger,



	
pointing up-down with 2 fingers,



	
pointing up-down with 3 fingers, and



	
pointing up-down with 4 fingers.








The hand was moved up and down over a period of two seconds at a steady-rate corresponding to a natural hand gesture. As the separation between each finger is only about 3–5 mm, the sampling rate needs to be sufficiently high to capture the correspondingly short duration of light. The Rx signal is first down-sampled as the sampling rate is higher than the modulated light signal. The modulation is removed by finding the signal maxima and the resultant signal corresponding to 1–4 fingers present is shown in Figure 6 (top) to (bottom). The small peaks at the start of each cycle are due to the combined filtering response of the analogue and sample and hold circuitry in the digital storage oscilloscope. The response quickly decays and does not affect the operation of the system. The blocking of light by each finger results in low amplitudes and can be seen in each capture. In part, the accuracy can decrease as the number of fingers increase due to the reduced clarity of the raw signal. This reduction is partly offset however as classification improves when a signal has more unique features.




4.4. Process Flow


There are three processing stages: signal-conditioning, training, and classification. Signal conditioning: The waveform sampled by the photo-diode undergoes signal conditioning prior to the identification. The signal magnitude is normalized so that the maximum value for each gesture is one. Gesture training: Data are collected for each of the 5 gestures. For each gesture, multiple frames are collected by repeating the movement over a period of two seconds. The data are then randomly split into two sets one for training and one for classification. This needs to be performed once on first use for each user, as they may have different movement styles and speed for the same gesture type. Gesture classification: The gestures are classified by ML. A practical gesture recognition system should be able to operate in real-time. Therefore a trade-off can be met between computational complexity and accuracy. We selected the LSTM algorithm as it offers a good performance to complexity ratio and is suitable for the repetitive sequential waveforms generated by hand gestures.




4.5. Signal Conditioning


The signal for training and categorization should encode the finger gesture and the performance should be relatively unaffected by the level of ambient light. Any reflected light from an object near to the PD should not result in a high amplitude signal that cannot be recognized from the same motion without reflection. Therefore, the signal should be normalized such that all signals have the same amplitude regardless of the ambient light intensity. The normalization scales the signal according to the minimum and peak signal level recorded over the measurement period. As the ambient light changes more slowly than the direct LED light across a measurement frame, this is a simple and efficient step. The recorded gesture features may vary slightly between each motion and also due to environment. Each user also presents their hands at a slightly different angle and moves them at a variable speed, and there will be temporal variations and potentially irregular random reflex movements. The natural light present in the morning will be different to the artificial light in the evening and can vary if it is cloudy or sunny. All PDs exhibit a noise floor, and the TIA has a noise figure which contributes to a lowering of the signal integrity. Signal conditioning is required to manage these effects and to provide a clean representative signal which contains the essential features of each gesture to the ML algorithm. After conditioning, the Rx signal has range −1/+1 and is processed by the LSTM algorithm.




4.6. Training and Evaluation


As a proof of concept, data were collected for four different hands. The smallest span (from extended little finger to thumb) was measured as 16.3 cm and the largest hand had a span of 21.4 cm. Data were collected for the four hands on two separate measurement campaigns. During a first session, data were collected for training the neural network algorithm. A second validation session was conducted on the same day for evaluating the performance of the trained neural network. The data were divided equally into training and verification sets; that is, the training to verification ratio was 50% of all data. This figure is common in ML research and some systems use higher amounts of training to achieve high accuracies. Over-fitting can occur if the system is trained with too much data, and conversely, under-fitting if the training ratio is too low. The LSTM algorithm predicts the next sample in a sequence, and hence the most likely gesture classification, subject to the noise, variation, and irregularities present in human movement. The LSTM was trained using the stochastic gradient descent with momentum (SGDM) optimizer. This is a commonly applied solver with accelerated gradients to reduce the solving time [40]. After training, the LSTM was switched to validation mode in which a section from the nontraining set is evaluated. The output of the stochastic gradient solver can be sensitive to the initial random seed used and, therefore, a Monte Carlo type simulation was set-up averaging results over 50 cycles each with a different random seed. The accuracy and loss versus iteration performance for one of the random seed settings is shown in Figure 7.





5. Performance Evaluation


The VLC testbed was positioned square to a window with center at a diagonal distance of 4.65 m. The light through the window would enter the room in the direction of the VLC receiver unit. There was no direct sunlight impinging on the Rx in this experiment due to an office-divider positioned between the window and the Tx unit.



A correct classification is determined when the actual and estimated gesture is identical. An average accuracy is computed for all gestures, users and tests per user. An example of predicted versus actual gesture accuracy is shown in Figure 8, for the case of a low number of iterations and sample-rate and demonstrates the frequency and duration of observed errors. There is good agreement between the actual and estimated gesture, and in this example, most errors occurred between the transition from two to three fingers.



Classification accuracy versus number of LSTM hidden-units is tabulated in Table 2 and plotted in Figure 9. The performance peaked at 75% accuracy for 50 hidden-units and gradually decreased as the number of units increased. The number of units should not be too large to avoid over-fitting. The performance is limited by the resolution of the input waveforms but can be improved by over-sampling the Rx signal in the presence of sampling and receiver noise. The classification accuracy increased to 88% when the number of samples per symbol increased by a factor of two and is due to the reduction in noise through averaging. We can compare this performance with other GR systems employing visible light using a single PD. Classification accuracies of 85% and 73% were achieved when the Tx-Rx separation was 20 cm and 35 cm, respectively, ref [29] with reflected light. Our accuracy could be further improved by employing a moving-average filter or wavelet denoising. Our performance may also increase by shortening the Tx-Rx separation from 48 cm. However, this is considered a realistic separation for a practical VLC system.



The speed of making a hand gesture depends on each individual. If the Rx is tracking, say, a robot arm, one could expect a highly regular pattern with near constant time intervals between blocking. However, there is a relatively large time variation with human gestures. Hand movements, even by the same person, move at a slightly different angle, speed, and position relative to the sensor. Therefore, the performance can depend on the sample-rate, and a system should be capable of increasing this to capture patterns from subjects who make very fast hand movements. Figure 10 shows the normalized performance figure-of-merit versus the sensor sample-rate. The normalized performance figure-of-merit in Figure 10 is computed by dividing the classification accuracy by the processing time and normalized to the highest value. From this result, we could select 0.25 MHz sampling-rate as providing a good performance to processing-time ratio. These results show that there are diminishing performance benefits from over-sampling when considering the added processing complexity. There are a number of VLC parameters that can affect the overall accuracy of the GR system. In particular, performance is sensitive to LED bias-voltage, which should be set high enough to enable communication over the required distance but not so high as to distort the waveform.




6. Discussion


Human limbs generally do not move with a constant velocity, and different users may move their hands at a different speed. Depending on the point of capture, the finger may be accelerating or decelerating. To compensate, the signal can be time-scaled as a function of the finger velocity. For example, a person who moves their hand at half the speed of another person would have their signal sampled at half the rate. The duration of shadows generated by their fingers should then be approximately the same. Hand-speed could be determined by a variety of means offline or during a calibration, such as by mm-wave radar. It would also be possible to identify an individual from their unique finger signature, and this is an interesting area for future work.



6.1. Calibration


Light-intensity distribution may vary at different locations within a room. The natural changes in the ambient light level within limits should be managed by the amplitude normalization step. For optimized performance, a calibration should be made if the system is moved to a new location where the ambient light range may be different. The calibration routine which could quickly cycle through parameters such as Tx LED amplitude, equalizer coefficients, Tx-amp bias, and Rx TIA tuning to find optimized values. Alternatively, a look-up table can supply the coefficients based on the location, time of day, and season. Aging of components and heating may also result in drift, which can be resolved by a relatively in-frequent calibration once a week. The calibration routine could also be executed automatically once the system is first switched on.




6.2. Sensitivity to Hand Movement


Practical VLC systems require lenses to focus beams of light on the small photo-diode. If the hand is placed off-center, the Rx beam will be slightly off-focus and the accuracy may be reduced. This issue can be solved using an automatic lens or by employing multiple spatially separated PDs. An interesting alternative solution would be to employ the neural network to learn and predict gestures in cases where the beam is defocused. A study on the performance as a function of hand-offset position is considered as part of the future work.




6.3. Competing Systems and Cost


Assuming that a VLC infrastructure was established, the additional cost for the GR subsystem would mainly be due to the software development time. The cost of a dedicated gesture system is worth consideration. In our work, we employed relatively expensive and bulky AWG and DSO. The off-line processing could be conducted in real-time using a low-power microprocessor, such as the MSP430 from Texas Instruments, which includes built-in signal converters. One competitor to the optical system is an accelerometer based design that could be positioned on the wrist by a strap or as part of a smartwatch. However, a wrist-based transmitter unit would also be needed for relaying the accelerometer data to a receiving unit for further processing. A VLC-based system is still preferable in a hospital environment or for the elderly who may not own a smartwatch or smartphone.




6.4. Areas for Future Work


The number of recognizable gestures could be increased to include common sign-language ones. The system could be developed for general human activity recognition by extending the distance between LEDs and PD with their placement on the ceiling and/or wall. The duration of each shadow cast could be encoded as a binary sequence, and this could enable a probabilistic neural network to be employed for gesture pattern recognition, applying a similar approach to [41], where binary bits encoded a communications busy-idle state. We will investigate if there is any variability in the performance with different directions of sunlight and placement. However, this should not impact the system design. Finally, an automated VLC system should include an initial detection block which would be intermittently polled to recognize when a finger gesture is deliberately being performed.





7. Conclusions


This work described the design and implementation of a finger-gesture recognition system for visible light communication systems. The system employs a single low-cost LED at the Tx and a single photo-diode at the Rx and operates on the patterns of blocking of direct light by the finger motion. The LSTM algorithm can correctly categorize the finger gestures with an average accuracy of 88%, and the optimized number of hidden units was 50. A good performance-to-complexity state could be achieved by sampling the light at 250 kHz. The system has many applications in human-computer interaction, including health-care, commerce, and in the home. Our further work will focus on increasing the number of gestures and tasking the system with recognizing individuals from their gesture signatures.
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Figure 1. Lambertian simulation for total Rx power for    ϕ  =   30 ∘  , ψ  =   30 ∘     FOV. 
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Figure 2. Concept of finger movement recognition system based on received patterns of light on a photo-diode sensor. 
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Figure 3. LSTM algorithm unit structure. 
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Figure 4. VLC for HAR system block diagram. 
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Figure 5. Photograph of optical component section. 
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Figure 6. Received signal captured on VLC photodiode corresponding to (from top): (a) 1 finger; (b) 2 fingers; (c) 3 fingers; and (d) 4 fingers gestures. 
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Figure 7. Performance of LSTM algorithm (top) Accuracy versus iteration and (bottom) Loss versus iteration. 
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Figure 8. Predicted versus actual number of fingers in gesture. 
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Figure 9. Accuracy versus number of LSTM hidden-units. 
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Figure 10. Normalized figure-of-merit versus sensor sample-rate. 
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Table 1. Gesture recognition systems using machine learning.
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	Reference
	Processing
	Sensor
	Accuracy (%)
	VLC





	[23]
	Decision-trees
	IR proximity
	98
	No



	[24]
	SVM
	Accelerometer
	95
	No



	[25]
	BP-NN
	Inertial sensor
	89
	No



	[26]
	LSTM
	5 × 7 sensor array
	85
	No



	[27]
	PCA
	32 PDs
	96
	No



	[28]
	KNN
	3 × 3 PD array
	48 (single PD)
	No



	[29]
	KNN/SVM
	IR/VL (PDA100A)
	73 (VL@35 cm)
	No



	[30]
	RNN
	8 PDs
	99 (10 cm)
	No



	[31]
	LSTM
	FMCW radar
	98
	No



	[32]
	CNN
	RGB Camera
	97
	No



	[33]
	LSTM
	RGB/depth Camera
	98
	No



	[34]
	LSTM
	RGB Camera (dataset)
	85
	No



	[35]
	DP-LSTM
	RGB Camera
	83
	No



	This work
	LSTM
	Single PD (low-cost)
	88
	Yes










[image: Table] 





Table 2. Accuracy versus number of LSTM hidden-units.
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	Hidden-Units
	Accuracy (%)





	25
	72



	50
	75



	75
	72



	100
	71



	125
	69



	150
	68



	175
	70



	200
	64



	225
	62
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