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Abstract. In this paper, we propose a long short-term memory (LSTM)-based neural
network to predict the hand motion one frame 33 [ms] before the hand is shown by
observing a rock-paper-scissors game. The input to the network is the 2D pose estimation
information of the hand and the displacement of each joint point obtained by Mediapipe
Hands, and the 2D data of each joint point estimated one frame ahead 33 [ms] of a
30 [fps] (frames per second) camera is used for comparison. It is confirmed that the
proposed method can predict the movements in rock-paper-scissors appropriately using a
neural network.
Keywords: Human-computer interaction, Machine learning, Latency, Hand motion
prediction

1. Introduction. Much research has been done in the field of human-computer inter-
action (HCI), in which a computer reads and acts upon the intentions and emotions of
human actions [1, 2, 3, 4, 5, 6, 7]. Among them, hand gestures have been adopted in
many systems as a means of conveying intentions and emotions from humans to com-
puters [3, 4, 5, 6, 7]. In previous research on gesture recognition, Sharma and Verma
demonstrated fast static gesture recognition from a single RGB image using skin color-
based image analysis methods and other methods [3]. Aashni et al. showed that robust
gesture recognition is possible for both static and dynamic gestures using cascade classifier
and other methods without using hand markers [4].

Methods for the recognition of hand gestures are divided into two types. One is a glove-
based method [8]. In the glove-based method, various sensors attached to the glove worn
by the user are used to measure acceleration, joint angles, etc., to recognize the user’s
hand gesture [8]. The other is a vision-based system [9]. In the vision-based method, hand
gestures are recognized based on images obtained from a camera using image analysis
without wearing a glove or any other device [9]. An interesting study has been published
on the application of deep learning-based object detection to a hand bone age assessment
system [10], the results of which are outside the scope of this study.

In hand gesture recognition, latency is one of the most important system factors. La-
tency is caused by various factors such as delay in sensor response and delay in data
communication. In the interaction between humans and computers by hand gestures, the
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effect of latency is significant. Depending on the degree of latency, the user’s operability
and usability are greatly impaired.
In order to reduce the latency in hand gesture recognition, Ito et al. have developed

a vision-based active sensing system for hand gesture recognition with high response and
low latency by combining high-speed sensing and high-speed vision cameras [11]. They
demonstrated the system in a rock-paper-scissors game and showed that the system can
respond in less time than humans can perceive [11]. However, to realize these systems,
much expensive equipment such as high-speed sensing and high-speed vision cameras is
required. Furthermore, their method cannot predict future hand motion.
There is a possibility to predict future hand motion using machine learning. The pre-

diction of short-term motions using neural networks has attracted much attention. In
particular, there have been many studies on predicting human motion [12, 13, 14, 15, 16].
Martinez et al. analyzed human pose estimation using recurrent neural networks and pro-
posed a new method for short-term motion prediction of the human body [12]. Chao et
al. integrated human pose estimation and sequence prediction to transform a single image
into 3D space and predict its dynamics [13]. Erwin and Hideki proposed a new mixed
reality type martial arts training system by predicting the dynamics of the human body
and projecting them onto VR goggles in real time [14]. As for the prediction of short-term
movements in hand gestures, Kanokoda et al. predicted several finger movements using
time delay neural network (TDNN) based on information obtained from a wearable de-
vice using Pyrolytic Graphite Sheets (PGS) [16]. However, no paper examines predicting
short-term hand gesture movements using neural networks in a vision-based method.
In this paper, we overcome the problem by the method by [11] and the problem of

predicting human motion in [12, 13, 14, 15, 16] and propose a method for a highly re-
sponsive and low-latency hand gesture recognition system, as a different approach from
the aforementioned research to reduce latency in hand gesture recognition. We adopt a
neural network to predict hand gesture movements based on information obtained from
a general camera at 30 [fps] as input to the system.
This paper is organized as follows. In Section 2, we propose a system for highly respon-

sive and low-latency hand gesture recognition. In Section 3, we describe the dataset and
the model training method, followed by the model training results, real-time demonstra-
tion results, and discussion. Section 4 gives some concluding remarks.

2. System for a Highly Responsive and Low-Latency Hand Gesture Recogni-
tion. Consider a system for a highly responsive and low-latency hand gesture recognition
in Figure 1. The system in Figure 1 consists of three parts: 2D pose estimation, prepro-
cessing, and 2D pose forecasting. For 2D pose estimation, we adopt Mediapipe Hands [18],
a library specialized for hand pose estimation from MediaPipe [17] provided by Google
limited liability company (LLC), a pose estimation framework provided by Google LLC.
The pose estimation coordinates output by Mediapipe Hands are 21 joint and fingertip co-
ordinates normalized to the range of 0 to 1 depending on the height and width of the frame
image. The next step is preprocessing. As a preprocessing method for short-term motion
prediction using neural networks, Erwin and Hideki used the pose estimation information
obtained from a single image and the motion estimation information obtained using the
lattice optical flow method, which is a lightweight version of optical flow, as inputs to the
network [14]. We have improved the prediction accuracy of the neural network model.
Referring to the aforementioned method, as a more lightweight preprocessing, the pose
estimation coordinates of two frames in two dimensions and the amount of displacement
between frames are used as the motion estimation information as inputs to the network.
Therefore, the input dimension of the neural network in the 2D forecasting described
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Figure 1. The overview of 2D hand pose forecasting system, consisting of
three parts: 2D pose estimation, preprocessing, and 2D pose forecasting

below is (2 × 84), which is the sum of the 21 joint point information (2 × 42) and the
amount of each displacement obtained from the pose estimation for 2 frames. For the 2D
pose forecasting, we use the neural network to predict hand motion. The neural network
model used in the system in Figure 1 is summarized in Figure 2. The network in Figure 2
consists of four layers including a long short-term memory (LSTM) [19, 20] layer to learn
temporal features in hand movements and a fully connected layer. The input layer is an
84 units LSTM layer with a hyperbolic tangent as the activation function. The input is
then branched for each frame and sent to the next LSTM layer of 252 units. Each of these
LSTM layers has a rectified linear unit (ReLU) [21] as the activation function. The out-
puts of the branched LSTM layers are then added together and sent to the 42-unit fully
connected output layer. The output layer has ReLU as the activation function. During
training, in order to prevent overfitting, the drop out layer [22] is applied. After tuning,
the inactivation rate p in the drop out layer, which is a hyperparameter, is set to 50%
(p = 0.5). Using Adam proposed in [23], the loss function L is trained as

L = λmseLmse − λcosLcos, (1)

where Lmse is mean squared error (MSE) and written by

Lmse =
1

N

N∑

i=1

(yi − ŷi)
2
, (2)

λmse and λcos are constants, y is the ground-truth joint position, ŷ is the predicted joint
position, N is the output dimension and Lcos is cosine similarity written by

Lcos =
y · ŷ

‖y‖2‖ŷ‖2
. (3)

Note 2.1. The Lcos cosine similarity measures the similarity of two vectors in the inner

product space, where the two vectors are the prediction and the ground-truth coordinates.

Cosine similarity ranges between 1 and −1, and the higher the similarity, the closer to 1.
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Figure 2. The structure of the 2D hand pose prediction network

Cosine similarity is used as a similarity metric between faces in face verification [24] and
between human poses in pose estimation [25], etc.

The neural network is trained from information including 2D joint and fingertip co-
ordinates and their displacements (2 × 84) for the last two frames including the current
frame, and 21 joint and fingertip x, y-coordinates (1 × 42) for each of the 21 joints and
fingertips one frame (33 [ms]) later as ground-truth data.

3. Results and Discussions. In this section, we explain the training results, the results
of the real-time demonstration experiment, and the discussion.
For the dataset, the distance between the hand and the camera is fixed at about 50

[cm], and the hand is oriented such that the palm always faces the camera. We apply
the hand pose estimation by Mediapipe Hands to the captured images and used 7200
frames as a dataset. We train the predictor using 5040 frames (70% of the 7200 frames)
as training data and 2160 frames (the remaining 30%) as validation data. Mini-batch
learning is adopted for training, with a batch size of 32 and 150 epochs. The output
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dimension N is N = 42. λmse in (1) and λcos in (1) are settled by

λmse = 0.80 (4)

and

λcos = 0.75, (5)

respectively.
All model training and validation are performed on a laptop PC with Intel(R) Core

i5-7360U 2.30GHz CPU, Intel Iris Plus Graphics 640 graphics, and 16GB memory. The
Tensorflow ver 2.7.0 library [26] is used to build and train the network model. An RGB
camera, Logitech C270 720p, 30 [fps], is used to create the dataset and to capture the real-
time experiments. The root mean squared error (RMSE) is used to evaluate the prediction
accuracy [27]. RMSE and its average value at each joint point for the prediction results
of the training and validation data are summarized in Table 1. Each value is calculated
from the pixel coordinates of each joint obtained by pose estimation for each frame and
the measured values at each joint point. The average error between the training data and
the validation data is about 2 [mm], and the prediction error tends to be larger the closer
to the fingertip, but all the values are small.

Next, we show the relationship between the ground-truth coordinate data of each fin-
gertip and the predicted coordinate data at one frame interval (33 [ms]) in the validation
data. The relationship is shown in Figure 3. Figure 3 shows that the prediction model can

Table 1. Root mean squared error (RMSE) in training and validation data
for x- and y-coordinates at each of 21 joint points [mm]

Train Test
Joints/tips x [mm] y [mm] x [mm] y [mm]

Wrist 9.1 5.1 8.1 7.2
Thumb/Carpometacarpal joint 8.8 5.2 8.8 13.2

Thumb/Metatarsophalangeal joint 9.2 5.8 13.6 16.0
Thumb/Interphalangeal joint 9.9 6.9 17.6 12.4

Thumb/Tip 9.8 7.5 13.2 10.1
Index/Metatarsophalangeal joint 8.3 4.2 14.7 4.6

Index/Proximal interphalangeal joint 8.3 5.7 12.1 6.7
Index/Distal interphalageal joint 9.1 5.7 9.5 9.0

Index/Tip 11.6 6.0 12.2 9.8
Middle/Metatarsophalangeal joint 8.4 3.0 14.4 6.1

Middle/Proximal interpharangeal joint 8.2 5.1 10.9 6.2
Middle/Distal interphalageal joint 9.5 4.1 9.9 6.0

Middle/Tip 13.6 6.1 13.6 7.2
Ring/Metatarsophalangeal joint 8.1 4.4 11.6 7.0

Ring/Proximal interpharangeal joint 8.1 4.7 8.8 5.8
Ring/Distal interphalageal joint 10.9 3.8 11.0 4.9

Ring/Tip 13.2 4.7 15.0 4.9
Pinky/Metatarsophalangeal joint 9.1 6.0 9.6 8.2

Pinky/PIP 9.2 6.0 8.3 6.0
Pinky/Distal interphalageal joint 10.2 7.1 10.2 5.0

Pinky/Tip 13.0 7.8 13.1 7.2
Average 9.8 5.5 11.7 7.8
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capture the movement tendency of the fingers and that there is no obvious delay between
the predicted data and the ground-truth data.

Figure 3. Relationship between ground-truth values and predicted values
for the x- and y-coordinates of each fingertip

Figure 4. Prediction errors (RMSE) in the x- and y-axis directions for
test data from methods 1 to 3 and their comparison
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Figure 5. (color online) Real-time prediction results for all behavioral
patterns of rock-paper-scissors. The actions of each pattern are plotted in
chronological order, five frames at a time, from left to right.
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In order to confirm the validity of the loss function and hyperparameters λmse and λcos

newly introduced in this study, the model training was repeated 50 times for each of the
following three methods for comparison. In method 1, only MSE was simply applied to the
loss function. In method 2, the loss function was trained by combining MSE and cosine
similarity with λmse = 1.00 and λcos = 1.00. In method 3, the loss function combining
MSE and cosine similarity was trained with λmse = 0.80 and λcos = 0.75. Figure 4 plots
the average prediction accuracy (RMSE) in the x- and y-axis directions for the 21 2D
joint point positions predicted one frame (33 [ms]) later for the validation data trained
using methods 1-3. Figure 4 shows that the prediction accuracy is improved by about 20%
by using a loss function that takes the cosine similarity into account, rather than using
MSE alone. It is also confirmed that the prediction accuracy is improved by appropriately
setting the newly introduced hyperparameters λmse and λcos.
In order to verify the prediction capability of the model constructed in this paper, we

demonstrate the hand motion prediction of the rock-paper-scissors motion by this model
in real time. The prediction results for each pattern of rock-paper-scissors for real-time
pose estimation and motion prediction using the neural network are shown in Figure 5.
Here, the white line shows the pose estimation result of the frame, and the green line
shows the motion after one frame (33 [ms]) predicted by the neural network. From Figure
5, it is confirmed that the neural network model predicts the behavior one frame (33 [ms])
ahead of the sign of the behavior in rock-paper-scissors even in the real-time prediction.
These results show that the LSTM-based model constructed in this study is useful for

predicting even high-speed movements such as rock-paper-scissors without any lag.

4. Conclusions. In this paper, we have proposed a method for a highly responsive and
low-latency hand gesture recognition system. The proposed method is to develop a neural
network-based system for predicting the movements of a rock-paper-scissors game on the
screen plane 33 [ms] in advance. As a result of training the system on our dataset, we
obtained RMSE of 10 [mm] in the x-axis direction 6 [mm] in the y-axis direction for the
training data, 12 [mm] in the x-axis direction, and 8 [mm] in the y-axis direction for the
validation data. In addition, we filmed a rock-paper-scissors game and confirmed that the
prediction was possible in real time. In this way, it is clarified that the proposed method
is an effective method of a highly responsive and low-latency hand gesture recognition
system by experimental results. The proposed method can provide higher responsiveness
by giving the predicted input to the system, and it is expected that the proposed method
will be applied to human motion support and cooperative motion with smaller latency in
the future.
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