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 Sign language is a language created to help the deaf-mute communicate with 

others. In Indonesia, there are two sign languages: Indonesian sign language 

system or sistem isyarat bahasa Indonesia (SIBI) and Indonesian sign 

language or bahasa isyarat Indonesia (BISINDO), but the deaf community 

prefers to use BISINDO. Deaf-mute people use sign language to communicate, 

but normal people usually avoid learning it because they feel it's unnecessary 

for daily communication. This will certainly be a problem for the deaf-mute 

because people who do not learn sign language will certainly have difficulty 

understanding what they are trying to convey. Therefore, an application that 

can translate sign language is needed to help overcome communication 

problems between the deaf-mute and normal people. This research focuses 

on BISINDO translation using a temporal convolutional network (TCN) 

with MediaPipe methods. The amount of data used consists of 2,700 videos 

representing 27 word-level signs in BISINDO; this number increases to 

32,400 after undergoing the data augmentation process. The model built was 

tested in translating BISINDO at the word level in simulation, and a 

thorough comparison between TCN and bidirectional long short-term 

memory (BiLSTM); both of them were running on the MediaPipe platform 

separately. From the experiment, it is shown that the performance of TCN 

exceeds BiLSTM with an accuracy rate as high as 88.64%. 
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1. INTRODUCTION 

As social beings, it is human nature to socialize and interact with other humans through 

communication to obtain the information needed to adapt to the surrounding environment. However, the 

communication process can be disrupted due to factors such as hearing loss or limited speaking ability 

suffered by one of the parties in a communication. Due to this difficulty, a language was created to help the 

communication process, namely sign language. Sign language is a form of human non-verbal communication 

expressed through hand gestures to visually convey information to recipients [1]. Sign language usually 

emerges naturally and adapts to the culture of each region; this makes each region have its own sign 

language. For example, America uses American sign language (ASL) [2], the United Kingdom uses British 

sign language (BSL) [3], and India uses Indian sign language (ISL) [4]. Indonesia itself has two sign 

https://creativecommons.org/licenses/by-sa/4.0/
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languages in use, namely Indonesian sign language system or sistem isyarat bahasa Indonesia (SIBI) and 

Indonesian sign language or bahasa isyarat Indonesia (BISINDO). SIBI was engineered by hearing 

individuals as a standardized system [5]. Currently, SIBI is designated by the government as the official sign 

language in Indonesia and is taught in special schools there. BISINDO is a sign language formed by the deaf 

community in Indonesia and emerged naturally based on the observations of the deaf [6]. The term 

"BISINDO" was only used in 2016 in a resolution of the seventh Gerkatin congress held in Makassar [7]. 

Although SIBI is an official sign language in Indonesia, in fact, deaf-mute people prefer to use BISINDO 

rather than SIBI. Deaf-mute people feel that BISINDO is easier to use for communication because it is a 

natural sign language. The interaction between facial emotions and natural motion gestures improves 

language understanding for both deaf and hearing individuals [8].  

Previous research on sign language recognition has been conducted by various researchers [9]–[13]. 

These studies have used various models, such as extreme learning machine (ELM) [14], convolutional neural 

network (CNN), long short-term memory (LSTM), and a combination of these, to analyze various hand 

signal images. Kodandaram et al. [9] used three CNN models on the ASL dataset, which resulted in 97% 

accuracy for the LeNet-5 model, 98.9% accuracy for the MobileNetV2 model, and 98% accuracy for the built 

model. Singh [10] used the 3D CNN method on a dataset consisting of 20 ISL hand gestures, which were 

captured under different environmental conditions, such as lighting and background conditions. The videos 

were then framed and extracted, and 162,840 images were obtained. The average accuracy obtained was as 

high as 88.24%. Coster et al. [11] used OpenPose and a transformer architecture to recognize the Flemish 

sign language or Vlaamse gebarentaal (VGT) dataset, which consisted of 100 classes consisting of 104 sign 

words. This research trained three transformer models, each with a different embedding size, and achieved an 

accuracy value of 74.7%. Tunga et al. [12] used a graph convolutional network (GCN) and bidirectional 

encoder representations from transformers (BERT) to translate ASL, with an accuracy value of 60.15% and 

42.18% on the first dataset and 42.18% on the second dataset. Ghosh [15] used MediaPipe as a  

cross-platform framework, combining it with LSTM to translate ASL. The best performing algorithm in the 

test was SVM, with accuracy values of 99.15%, 99.29%, 98.19%, 99.18%, and 96.22% in the five datasets, 

respectively. Aljabar and Suharjito [16] used three models, namely CNN, LSTM, and a combination of CNN 

and LSTM, on the BISINDO dataset. The average accuracy obtained by the CNN model was 73%, the LSTM 

model was 81%, and the CNN-LSTM model was 90% in testing. Halder and Tayade [17] conducted research 

on sign language recognition from various countries, including America, India, Italy, and Turkey, using a 

support vector machine (SVM) combined with MediaPipe for gesture feature extraction. Tsinganos et al. [18] 

proposed the use of temporal convolutional networks (TCNs) to address the problem of surface 

electromyography (sEMG)-based hand gesture recognition. This study highlights the importance of 

developing tailored data feeding methods to improve the performance of TCN models in more dynamic 

usage situations. Ishaq et al. [19] developed a TCN-based emotion recognition system that utilizes a  

spatio-TCN to ascertain the speaker's emotional state from speech signals. The system automatically extracts 

valid sequence cues from speech signals, outperforming both traditional and state-of-the-art (SOTA) machine 

learning algorithms.  

Based on previous research, it can be seen that the main reasons for using MediaPipe [15], [17] 

compared to other frameworks such as OpenPose [11] are related to several things. Among them is the 

superior ease of integration for MediaPipe. In addition, MediaPipe is superior in the mobile environment 

compared to OpenPose, and MediaPipe also has fewer keypoints compared to OpenPose. While MediaPipe 

and OpenPose are more on the library side, there also exist sign language applications that utilize the 

hardware section, such as the leap motion device [20] and edge device [21]. The pre-processing stage in 

Coster et al. [11] did not include steps such as frame selection and normalization. Similarly, Tunga et al. [12] 

used GCN and BERT to translate ASL without any data pre-processing. The authors [15], [17] used 

MediaPipe as a modelling framework. However, both of these studies were limited to modeling the hand region. 

Thus, the work models the entire body, hands, and face. Additionally, their classification methods and datasets 

differ, and they did not perform any data pre-processing. This study differs from Aljabar and Suharjito [16] in 

its algorithm and pre-processing stages. Their study employed three models: CNN, LSTM, and a hybrid 

CNN-LSTM with pre-processing that included background subtraction, grayscaling, and resizing. Likewise, 

the research by Dwijayanti et al. [6] employed a different CNN algorithm and performed only image resizing 

during pre-processing, focusing only on static alphabet signs. The main differences between this study and 

several related studies that have been conducted are in the method, dataset, data pre-processing method, and 

the type of translated language. In this study, the algorithms used are bidirectional long short-term memory 

(BiLSTM) [22], [23], TCN [18], and MediaPipe [24]. Previous studies also indicated that MediaPipe has 

been widely used in sign language detection, particularly in identifying hand and facial landmarks. However, 

the majority of studies still confine themselves to static gesture recognition or rely on image-based 

classification models. The main difference from previous studies is the focus on real-time video-based 
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gesture recognition, rather than just static images, so that the developed system can capture the complexity of 

hand gestures in real communication. 

 

 

2. METHOD 

There are several stages carried out in this research in order to realize the objectives of the research. 

Figure 1 shows the system architecture of this research. The stages carried out in this research are video 

acquisition, video preprocessing, feature extraction, data preprocessing, the training process, and the testing 

process. At the video acquisition stage, data in the form of BISINDO gesture videos are collected, then 

cleaned and resized as needed. Furthermore, the video goes through a preprocessing stage which includes the 

process of frame extraction, keyframe selection, and reducing the number of frames, before keypoint 

extraction is carried out at the feature extraction stage. In the feature extraction stage, the extracted keypoints 

will go through augmentation and normalization stages to increase the generalization level of the model. The 

extracted keypoints are then processed again to produce input data that will be used when training the model. 

The training stage will produce a trained model that will be used to translate BISINDO in the testing stage. 

The testing process is carried out in real time to test the generalization of the model in translating BISINDO 

in several different situations. 

 

 

 
 

Figure 1. System architecture 

 

 

2.1.  Dataset 

The data used are word-level BISINDO signs taken using a smartphone camera with a resolution of 

14 MP and a frame rate of 30 frames per second, mounted on a tripod. The tripod was placed at a distance of 

approximately 75 cm from the signer, with a height of approximately 1.4 meters. The video was taken in mid 

shot, from the top of the head to the waist (see Figure 2). Ensure the entire body (from waist to top of head) 

appears in each video frame as shown in Figure 2(a). This figure demonstrates the requirement to keep the 

entire body (from waist to top of head) within the frame. As shown in Figure 2(b), the gesture movements 

must be clear and in frame. This figure highlights the incorrect cut-off of the hand during a sign. Recording 

must be done in well-lit conditions, as shown in Figure 2(c), to ensure clear capture of key points. This figure 
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contrasts proper illumination with an underexposed, dark environment. Video recordings must have a stable 

background and not include any hands or faces apart from the hands and face of the performer. Adjust the 

recording device so that it is as stable and focused as possible. The recorded video was in .mp4 format with a 

frame size of 1920 × 1080 pixels and was a long video consisting of several sign videos. The raw video is 

then cleaned and cut, the number of sign videos obtained from cutting the raw video is 2,700 videos 

consisting of 27 words, which means each sign has a total of 100 videos. Each video is then put into a 

directory with a name that corresponds to the meaning of its respective sign. We gathered all the data from  

10 people—5 males and 5 females— including those from the deaf-mute school. The participants have been 

creating several videos demonstrating each of the 27 sign language words along with their various 

interpretations. Thus, it means every person will perform 10 sign language videos for every 27 words. The 

data was distributed into two groups: training and validation, while testing will be done in real time. The 

training data will take 70% of the overall data, and the validation will take 30% of the rest. The 27 signs used 

can be grouped into six categories: 

i) Question words: ‘what’, ‘where’, ‘how much’, ‘when’, ‘who’, ‘why’, and ‘how’. 

ii) Expressions: ‘thank you’ and ‘sorry’. 

iii) Greetings: ‘good morning’, ‘good afternoon’, and ‘good evening’. 

iv) Time words: ‘today’, ‘tomorrow’, ‘now’, ‘yesterday’, and ‘day’. 

v) Personal pronouns: ‘I’, ‘he/she’, ‘you’, and ‘we’. 

vi) Additional words: ‘name’, ‘number’, ‘phone’, ‘deaf’, ‘eat’, and ‘sir’. 

 

 

  
 

(a) (b) (c) 

 

Figure 2. Correct and incorrect image acquisition samples: (a) body framing, (b) gesture movement, and  

(c) lighting conditions 

 

 

2.2.  Video preprocessing: frame extraction, keyframe selection, and frame reduction 

There are three processes in the video preprocessing stage, frame extraction, keyframe selection, and 

frame reduction. The number of frames extracted from 2,700 videos is 77,470 frames. Each frame will be 

scored by considering several variables, namely hand movement, hand position, and hand blur level in the 

frame. The combination of these three variables is believed to be able to sort out unimportant frames, namely 

frames with hands that are transitioning, either transitioning to start the gesture or transitioning to end the 

gesture. The hand usually moves vertically when starting the sign as well as finishing it. When starting a 

sign, the hand moves upwards towards the starting position of the sign, and when finishing a sign, the hand 

will be lowered to return to the starting position, i.e., the ready position. Therefore, hand movements can be 

used in searching for frames with transitioning hands. To obtain the value of this variable, the calculation 

involves comparing the center coordinates of the two hands at frame f with those at frame f + 1; the highest 

result from this comparison represents the value of the first variable. The midpoint value is the distance from 

the minimum and maximum y coordinates divided by two. 

Blurriness in the frame is detected by variation of the Laplacian method with the Laplacian kernel 

used. To get more accurate results, the variation of the Laplacian method is only applied to both hands and 

not to the entire frame. This is done so the method can really focus on determining the level of blur on hands 

and not on the entire frame. MediaPipe can find the hand's location, and the axes' min and max coordinates 

are used to crop it. The method is then applied to the cropped hand image to detect its blurriness level. 

The keyframe selection mechanism only focuses on retrieving frames that contain signs without 

considering the possibility of duplication and redundancy in the frames, so the number of frames is still quite 

large. The way frame reduction works is by comparing the summation of the coordinates in the head frame with 

the sum of the coordinates in the frame after the head frame. 'Head frame' is the term used to denote the last 

frame selected by the system. At the start of the process, the first frame of the sign will be used as the head 

frame. The summation of the coordinates of the head frame is then compared with the summation of the 

coordinates of the next frame (in this case, the second frame), and if the difference is smaller than the threshold, 
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the frame after the head frame will be removed because it is considered similar. If the difference exceeds the 

threshold, the next frame will be the head frame in the next comparison. The threshold value of a group of 

frames is obtained by multiplying a positive constant by the average change in the group's keypoint distance. 

 

2.3.  Feature extraction: landmark configuration, keypoint extraction, and data augmentation 

This process uses MediaPipe holistic to predict landmarks and extract features on the  

frame. The processes performed are landmark configuration, keypoint extraction, data augmentation, 

keypoint normalization, and keypoint saving. By default, holistic draws a total of 543 landmarks, consisting 

of 33 landmarks from pose [25], 21 landmarks (per hand) from hands [26], and 468 landmarks from  

face mesh [27]. However, in this research, not all landmarks are needed, so some landmarks will not be 

drawn. There were no changes to hand landmarks, while face mesh landmarks were not used entirely [28]. 

Pose originally drew 33 landmarks, after being configured pose only drew 17 landmarks. After being 

configured, pose only draws landmarks on the face area as well as landmarks of both shoulders, elbows, and 

wrists. The landmarks of pose that are not used are the landmarks of the hand, hip, knee, and foot areas. The 

total number of landmarks after configuration is 59, which consists of 17 pose landmarks and 21 hand 

landmarks on each hand. 

The MediaPipe coordinate system starts from the top left corner of the frame and is then normalized 

into a distance of 0 to 1, respectively by the width and height of the image. Each landmark consists of three 

coordinates, 𝑥, 𝑦, and 𝑧, but in this research only 𝑥 and 𝑦 coordinates are extracted for use. Since only two 

coordinates are extracted, this means that in one frame there are a total of 118 keypoints that can be 

extracted. The number 118 is derived from the 17 pose landmarks and the 21 hand landmarks for each hand, 

multiplied by 2, which represents the number of coordinates extracted. Hands that do not appear in the frame 

will be replaced with a value of 0. 

To minimize the possibility of overfitting and improve the generalization of the model, spatial data 

augmentation of the coordinates was performed. The augmentation parameters were chosen randomly but 

remained consistent for frames in the same sign group. The augmentation techniques performed on the data 

are as follows. 
 

2.3.1. Flip 

The flip is performed to simulate gestures made with the opposite hand from the active hand in the 

initial data. The reason for the flip is that in sign language, gestures can be made with either the right or left 

hand. Gestures made with either hand have the same meaning. Therefore, a horizontal flip is performed so 

that variations in gestures using the right or left hand can be recognized by the system. Coordinate data that 

has undergone flip augmentation will also undergo another augmentation process.  
 

2.3.2. Rotation 

All coordinates are rotated with a randomly selected angle θ between 6 to 15 degrees, with the 

center of rotation located at the center of the frame, which is the coordinates [0.5, 0.5]. In (1) is a calculation 

to obtain the radian value from a randomly selected angle, and (2) describes the calculation to obtain the 

coordinate value after going through the rotation process. 
 

𝜃 = 𝑑 ∙
𝜋

180
 (1) 

 

𝑟𝑜𝑡𝑎𝑡𝑒(𝑥, 𝑦) =    (𝑥 − 0.5) cos 𝜃 − (𝑦 − 0.5) sin 𝜃 + 0.5,  
(𝑦 − 0.5) cos 𝜃 + (𝑥 − 0.5) sin 𝜃 + 0.5  (2) 

 

Where 𝑥, 𝑦 are the input coordinates, 𝑥𝑜, 𝑦𝑜are the coordinates of the center of rotation, 𝑑 is the degree of 

angle, 𝜃 is the angle of radian.  

 

2.3.3. Squeeze 

Squeeze is performed on the 𝑥 axis with two random ratios 𝑟1 and 𝑟2 between 8 to 15% of the image 

width 𝑤. The y coordinate value is fixed because squeeze is only performed on the horizontal axis. Squeeze 

makes the proportions of the actor's body smaller, so it can simulate video recording with the actor further 

away from the camera.  

 

2.3.4. Stretch 

Similar to squeeze, stretch is also performed on the horizontal axis with two different random ratios 

between 8 to 15% of the image width. The y coordinate value remains unchanged. Stretch simulates video 

recording with the distance of the model closer to the camera by enlarging proportion of the model's body. 
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2.3.5. Perspective transform 

The pose coordinates are projected into a spatially new plane with a randomly defined projection 

center at an interval between 0 and 1. The new plane is drawn by subtracting the width at the selected side 

and the vertical edge of each adjacent corner. This augmentation simulates a gesture video recording with a 

slight camera tilt. The pose coordinates are projected onto a new plane spatially with a randomly determined 

projection center between 0 and 1. The new plane is drawn by subtracting the width of the selected side and 

the vertical edge of each adjacent corner.  

 

2.3.6. Arm joint rotation  

The coordinates of the arm joints, which include the shoulder, elbow, and wrist, are rotated based on 

the corresponding joints. It should be noted that this augmentation is only performed on the arm coordinates 

and not on the palm coordinates, which means that the shape and position of the palm are not changed. 

Augmentation is only performed on the hand that is active in the signing, which is indicated by the  

wrist being visible in the frame or not in the ready position. The rotation angle ranges from 2 to 4 degrees, 

with the chance of each joint rotating being 3:10. The chance of rotating will be increased in the next turn if 

no rotation occurs in the current turn. The amount of data after going through the data augmentation process 

is 32,400 videos, or 1,200 per sign. An example of the implementation results of each data augmentation 

process on one frame is shown in Figure 3. In Figure 3, there are two landmarks for easy observation.  

The black-colored landmark is the landmark detected by holistic or the initial landmark before going  

through the augmentation process, while the red-colored landmark is the landmark after going through the 

augmentation process.  

 

 

 
 

Figure 3. Data augmentation applied on frame 

 

 

2.4.  Keypoint normalization 

Keypoint coordinates have values relative to the frame, which makes positional properties such as 

the position of the performer, distance from the camera, and body proportions of the signer affect these 

values. Without normalization, the model may learn many spatial features that are not related to the sign 

itself. Keypoint normalization is performed by restricting the landmarks to their respective bounding boxes of 
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a predetermined size. The size of the bounding box is determined by applying the "eight-head theory", which 

states that the height of a human is eight times the height of his head. This normalization method can be 

applied regardless of the body structure of the performer and the distance of the performer from the camera. 

The head height is defined as the head unit, and its value is obtained by halving the distance between the 

signer’s shoulders. Normalization of the pose landmark is done by providing a bounding box with a size that 

covers the entire signing space. Signing space is the space used by the signer during sign language. Most 

literature [29], [30] mentions that the signing space vertically starts from the waist area to the area slightly 

above the signer’s head and horizontally extends from elbow to elbow when both arms are bent. In this 

research, the signing space is 6 head units wide with the nose coordinate as its horizontal center or 3 head 

units to either horizontal side of the nose. The vertical position of the space has a height of 4.5 head units and 

uses the nose coordinate as its center as well, with the top edge of the space being 0.5 head units away from it 

and the bottom edge being 4 head units below it. The landmark's coordinates will be based on the bounding 

box's position. 

The hand landmarks are normalized to a bounding box with the width and height of 1.5 head units, 

with the middle position of the hand as the center. The coordinate value of the hand center position is 

obtained by halving the distance between the minimum and maximum of the 𝑥 and 𝑦 coordinates. 

Normalization allows the model to actually learn the shape of the hand, rather than just learning the spatial 

location of the hand within the entire frame. However, the hand location information in the frame is also 

important, and the model can still learn the hand location information from the Pose landmarks that have both 

wrist landmarks. The landmark coordinates that have been normalized into their respective bounding boxes 

are then normalized again into a distance of 0 to 1. An example of applying the keypoint normalization 

bounding box to one of the frames can be seen in Figure 4.  
 
 

 
 

Figure 4. Visualized normalization applied to a frame 
 
 

2.5.  Data preprocessing and experimental setup 

The keypoints that have been extracted from each frame will go through preprocessing before they can 

be used as input for the model to be trained. Data preprocessing includes data padding, data labeling, data 

splitting, and creating feature and label arrays. Firstly, data padding is a must, because the data series used do 

not have the same data size. This is due to each sign having a different number of frames. With data padding, all 

data will have the same data size. Data padding is done by adding a NumPy file containing an array of size 

(118) with a special symbol 0.1 into each sign directory until it reaches the maximum size, which is 44. The 

array size of 118 is because it is the number of keypoints extracted in one frame (in one sequence). Data 

padding will be done post-padding, which is the addition of padding at the end of the data and the maximum 

size value is the size of the sign data that has the longest data sequence. Second step is data labeling; data 

labeling is the process of labeling data so that it can be used as a sign for each type of data. Data labeling is done 

by giving an identity in the form of a number to each sign directory and storing it in a dictionary. The label 

number starts from 0 and is assigned to each directory that has been sorted alphabetically from small to large. 

Then we go through data splitting, data splitting was done with a split ratio of 70:30  

(training data : validation data). Data selection during split data is not completely random, but has been set so 

that each part of the data has the same number of hand variations. This is done so that both hand variations 

can be recognized by the system properly. The frames that have been randomly selected are put into an array 
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that holds each data split. The array is then randomized in order, before being written into a .txt file. Lastly, 

the split data will be put together into two pairs of arrays that hold the features and labels of each data 

partition. This means that each data partition has two arrays, one array contains data features and one array 

contains data labels. These arrays will be used as input when training the model. Before continuing to present 

the model training and testing results, the specification of software and hardware used in this study are as 

follows: Python 3.9.10, Visual Studio Code v1.72.0, Jupyter Notebook Visual Studio Code, Google Colab, 

DroidCam v6.5.2, MediaPipe v0.8.11, Tensorflow-GPU v2.10.0, OpenCV-python v4.5.3.56, gTTS v2.2.4, 

NumPy 1.20.3, and Playsound v1.2.2. While for hardware we were using several laptop and PC with 

NVIDIA GeForce GTX 1050, AMD Radeon Vega 8 Graphics, and also an Android camera from handphone 

with DroidCam v6.19 inside. 

 

 

3. RESULTS AND DISCUSSION 

3.1.  Training result 

BiLSTM hyperparameter tuning is performed with the aim of knowing the best hyperparameter 

combination so that the performance of the model can be optimized. Hyperparameter tuning focuses on the 

hyperparameters of the number of neuron units of the BiLSTM layer, the batch size value, and the value of 

the dropout layer. The data used as input for the training process is four data arrays, two as training data and 

two as validation data. Each data point has one array holding the features of the data and one array holding 

the label of the data. In the training process, we utilize the Google Colab platform with a GPU because it is 

considered to have faster computation compared to our device. The training process is carried out for  

5 epochs, and the checkpoint with the highest accuracy is taken. 

There are three combinations of the number of neuron units tested, those combinations are  

64, 128, 64; 128, 256, 128; and 256, 512, 256. The first number represents the number of neurons in the first 

BiLSTM layer, the second number represents the number of neurons in the second layer, and the third 

number represents the number of neurons in the last layer. For batch size, tested values are 32, 64, and 128. 

For the dropout value, the values to be tested are 0.2 and 0.5. The model is trained with all hyperparameter 

combinations, which means eighteen training trials will be conducted. The validation accuracy value and the 

number of epochs is used as a reference in determining the best hyperparameter combination. Table 1 is the 

result of hyperparameter tuning; the epoch column displays the epoch value when the model reaches the best 

validation accuracy. 

 

 

Table 1. BiLSTM hyperparameter tuning results 
Number of neuron units Batch size Dropout Accuracy (%) Epoch 

(64, 128, 64) 32 0.2 95.07 5 

(64, 128, 64) 32 0.5 77.05 5 
(64, 128, 64) 64 0.2 93.03 5 

(64, 128, 64) 64 0.5 73.01 2 

(64, 128, 64) 128 0.2 92.09 4 
(64, 128, 64) 128 0.5 77.47 5 

(128, 256, 128) 32 0.2 94.8 4 

(128, 256, 128) 32 0.5 90.31 4 
(128, 256, 128) 64 0.2 92.63 4 

(128, 256, 128) 64 0.5 86.52 5 

(128, 256, 128) 128 0.2 85.77 5 

(128, 256, 128) 128 0.5 84.77 5 

(256, 512, 256) 32 0.2 97.48 5 

(256, 512, 256) 32 0.5 88.25 5 
(256, 512, 256) 64 0.2 93.23 5 

(256, 512, 256) 64 0.5 93.12 4 

(256, 512, 256) 128 0.2 95.99 5 
(256, 512, 256) 128 0.5 91.89 5 

 

 

Based on Table 1, it is known that the model with a combination of the number of neurons  

(256, 512, 256) with a batch size of 32 and a dropout value of 0.2 has the highest accuracy value of 97.48% 

in 5 epochs. Thus, this hyperparameter configuration will be used. Figure 5 shows the accuracy and loss 

graph of the BiLSTM model, while Figure 6 shows the accuracy and loss graph for the best TCN model. For 

the TCN, separate training was conducted from the BiLSTM model. At this stage, TCN hyperparameter 

tuning was performed using Keras tuner to find the best hyperparameters for building, optimizing, and 

training the TCN model. The parameters tested were the number of layers, filter units, activation, dilation 

rate, dropout rate, dense unit, and batch size. Testing was carried out 30 times, with each experiment having a 
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maximum of 10 epochs. The best parameter results and details of each experiment can be seen in Table 2. 

After hyperparameter tuning, the highest accuracy was achieved with the combination of neurons  

(64, 64, 128), a dilation of 1, 4, and 8, and a dropout rate of 0.4; therefore, this combination was implemented 

in the model. 
 

 

 
 

Figure 5. BiLSTM model’s accuracy and loss 
 
 

 
 

Figure 6. TCN model’s accuracy and loss 
 

 

3.2.  Testing result 

Model testing is done in real time and each word will be tested 30 times with both hand variations, 

15 times for right-hand variations and 15 times for left-hand variations. This means the system will be tested 

810 times. The incoming frames will go through a series of preprocessing steps, such as frame resizing, 

frame selection, keypoint extraction, and keypoint normalization. Table 3 shows all evaluation metric for 

each model, while Figure 7 shows the confusion matrix comparison between BiLSTM and TCN, all in 

MediaPipe platform. Where Figure 7(a) shows the confusion matrix for BiLSTM and Figure 7(b) shows the 

confusion matrix for TCN. 

Based on Table 3, it can be seen that out of the 810 data sets used for testing, 698 correct data sets 

were generated for the BiLSTM model and 718 correct data sets for the TCN. In other words, BiLSTM 

produced an accuracy of 86.17%, while TCN outperformed BiLSTM with an accuracy of 88.64%. It is also 

possible to observe that TCN has 92 data points, whereas BiLSTM has 112 data points, with regard to the 

data that falls into the false negative group. This suggests that the use of BiLSTM as a model result in a 

greater number of mistakes when compared to the use of TCN. In addition, when we examine the precision 

values for each label that was applied, we notice that TCN is more dominant than BiLSTM in almost all 

labels. Recall and F1-score are also more dominant than BiLSTM. 
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Table 2. TCN hyperparameter tuning results 
Layer count Filter 1 Act 1 Dil 1 Filter 2 Act 2 Dil 2 Filter 2 Act 3 Dil 3 Dense Dropout Accuracy (%) 

3 64 tanh 1 64 relu 4 128 tanh 8 256 0.4 97.89 
3 32 tanh 4 512 relu 1 256 tanh 2 256 0.4 97.87 

3 128 tanh 1 64 relu 2 64 tanh 8 256 0.2 97.78 

3 32 tanh 2 64 tanh 1 512 tanh 8 256 0.2 97.53 
2 128 relu 8 256 tanh 4 - - - 512 0.2 97.44 

3 64 tanh 4 128 tanh 1 128 relu 4 128 0.3 97.39 

3 64 relu 8 256 tanh 1 64 relu 4 256 0.2 96.76 
2 128 relu 1 32 relu 4 - - - 512 0.2 96.75 

2 512 tanh 1 32 tanh 4 - - 8 512 0.3 96.10 

2 128 tanh 8 32 relu 1 - - - 256 0.3 96.01 
2 64 relu 8 64 tanh 8 - - - 128 0.2 95.47 

1 512 relu 8 - - - - - - 256 0.2 95.44 

3 64 tanh 1 32 relu 8 64 tanh 1 128 0.3 95.25 
1 256 tanh 8 - - - - - - 512 0.2 95.03 

1 256 tanh 1 - - - - - - 128 0.2 94.97 

1 128 relu 2 - - - - - - 512 0.4 94.76 
1 512 relu 2 - - - - - - 256 0.3 94.69 

1 64 tanh 8 - - - - - - 512 0.4 94.49 

3 256 relu 2 32 relu 1 32 relu 1 128 0.3 94.22 
1 512 relu 4 - - - - - - 128 0.2 94.14 

1 64 tanh 8 - - - - - - 256 0.3 94.06 

1 64 tanh 4 - - - - - - 128 0.3 93.93 
2 32 tanh 2 32 tanh 8 - - - 256 0.4 93.76 

2 512 relu 1 32 relu 4 - - - 128 0.4 93.69 

1 128 tanh 8 - - - - - - 128 0.3 93.62 
3 128 relu 4 128 tanh 1 32 tanh 2 512 0.3 93.54 

1 64 relu 4 - - - - - - 512 0.4 93.43 

1 32 relu 8 - - - - - - 512 0.2 92.51 
1 64 relu 2 - - - - - - 128 0.2 92.14 

1 32 tanh 8 - - - - - - 128 0.4 91.67 
 

 

Table 3. BiLSTM and TCN comparison results 
Label BiLSTM TCN 

TP FN FP Precision Recall F1-score TP FN FP Precision Recall F1-score 
What 26 4 11 0.70 0.87 0.78 26 4 3 0.90 0.87 0.88 
How 19 11 4 0.83 0.63 0.72 27 3 4 0.87 0.90 0.88 

Sir 29 1 9 0.76 0.97 0.85 30 0 6 0.83 1.00 0.91 

How many 23 7 5 0.82 0.77 0.79 25 5 9 0.73 0.83 0.78 
Tomorrow 27 3 0 1.00 0.90 0.95 27 3 0 1.00 0.90 0.95 

He/She 30 0 3 0.91 1.00 0.95 30 0 5 0.86 1.00 0.92 

Day 28 2 14 0.67 0.93 0.78 28 2 9 0.76 0.93 0.84 
Today 30 0 3 0.91 1.00 0.95 30 0 3 0.91 1.00 0.95 

You 25 5 15 0.62 0.83 0.71 27 3 10 0.73 0.90 0.81 

When 23 7 2 0.92 0.77 0.84 21 9 0 1.00 0.70 0.82 
Where 21 9 2 0.91 0.70 0.79 22 8 1 0.96 0.73 0.83 

Yesterday 28 2 5 0.85 0.93 0.89 27 3 5 0.84 0.90 0.87 

Why 24 6 1 0.96 0.80 0.87 24 6 0 1.00 0.80 0.89 
We 21 9 0 1.00 0.70 0.82 21 9 0 1.00 0.70 0.82 

Sorry 24 6 1 0.96 0.80 0.87 25 5 1 0.96 0.83 0.89 

Eat 28 2 5 0.85 0.93 0.89 28 2 6 0.82 0.93 0.88 
Name 30 0 0 1.00 1.00 1.00 30 0 0 1.00 1.00 1.00 

Number 30 0 0 1.00 1.00 1.00 30 0 0 1.00 1.00 1.00 

I 30 0 0 1.00 1.00 1.00 30 0 0 1.00 1.00 1.00 
Now 27 3 0 1.00 0.90 0.95 27 3 0 1.00 0.90 0.95 

Good night 21 9 0 1.00 0.70 0.82 21 9 2 0.91 0.70 0.80 

Good morning 27 3 19 0.59 0.90 0.71 27 3 13 0.68 0.90 0.77 
Good afternoon 25 5 4 0.86 0.83 0.85 25 5 4 0.86 0.83 0.85 

Who 22 8 0 1.00 0.73 0.85 26 4 0 1.00 0.87 0.93 

Phone 30 0 3 0.91 1.00 0.95 30 0 3 0.91 1.00 0.95 
Thank you 21 9 6 0.78 0.70 0.74 25 5 8 0.76 0.83 0.80 

Deaf 29 1 0 1.00 0.97 0.98 29 1 0 1.00 0.97 0.98 

Total 698 112 112 - - - 718 92 92    
 
 

MediaPipe was also tested at various camera distances, with the tested distances being 50 cm,  

100 cm, and 150 cm. MediaPipe's capability for initial detection offers a fundamental difference [17], 

particularly compared to frameworks that perform initial annotation, such as you only look once (YOLO) [1]. 

The system's test results for these various distances can be seen in Table 4. MediaPipe was able to detect at 

all tested distances, but its performance began to decline at 150 cm. At this distance, detection becomes 
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inconsistent and often mispredicts landmarks, which can affect the frame selection process and classification 

results. Therefore, it can be concluded that the optimal distance for the best detection by the model is 

between 50 cm and 100 cm. The selection of this distance is very important in the implementation of real-time 

systems to ensure that the model accuracy remains high during the BISINDO gesture recognition process.  
 

 

26 4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
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Figure 7. Confusion matrix comparison of (a) BiLSTM and (b) TCN 
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Based on the test results, the BISINDO gesture recognition model using the TCN algorithm 

demonstrated an accuracy rate of 88.64% or 2.47% better than BiLSTM. This result reflects the model's 

ability to classify gestures quite well, although there were still some errors in prediction. One of the main 

factors contributing to misclassification is the similarity of movements between gestures, especially at the 

beginning, middle, and end stages. For example, the movements in the what and how classes have similar 

patterns, so the system had difficulty distinguishing between the two classes, resulting in false negatives and 

false positives. Similar errors were also found in several other classes with nearly identical movement 

elements, such as good night and good morning. Furthermore, lighting levels and camera angles during 

testing can also affect prediction accuracy. These environmental factors can cause variations in the visual 

representation of each movement, potentially increasing the number of classification errors. Therefore, 

improving data preprocessing and image augmentation can be an effective strategy to reduce errors caused by 

varying lighting conditions and angles. 

The effect of applying data augmentation and keypoint normalization on model performance was 

also analyzed by training three models: A, B, and C. Each model is tested on the same test data so that their 

performance can be compared. Models will only be trained for 30 epochs or stopped when the validation 

accuracy has reached 90%. Model A is trained with data that has been augmented but not through the 

keypoint normalization process. In contrast, model B is trained with data that has only gone through flip 

augmentation and has gone through the keypoint normalization process. Model C is trained using data that 

has been augmented and normalized. Table 5 shows the results of the ablation study on the test data. 

Model A only gets an accuracy value of 33.33% for BiLSTM and 35.67% for TCN, which shows 

that keypoint normalization greatly affects the performance of the model. This is evident in the other two 

models that apply keypoint normalization and obtain accuracy values that are far above model A. In model B, 

TCN outperformed BiLSTM, achieving an accuracy of 64.56%, compared to BiLSTM's 60.86%. Thus, when 

the implementation of data augmentation and normalization implemented, then the improvement become 

significant in model C, the increment is around 25.31% for BiLSTM and 24.08% for TCN. The results of this 

ablation study show that applying data augmentation as well as keypoint normalization can improve the 

performance of the model significantly. 

The presented test results indicate the presence of some translation errors in the model. This study 

analyzes and concludes that there are several possibilities that can cause classification errors by the model, 

including i) less than optimal keyframe selection results. The classification process relies heavily on the results 

of keyframe selection, so improperly selected frames can lead to errors during the classification process. The 

number of frames left after the selection process can also affect the classification results; ii) errors in MediaPipe 

holistic, such as position estimation errors or the inability to estimate landmarks, can significantly impact the 

classification results. MediaPipe has weaknesses when detecting side and front views of hands; and iii) 

similarity factors in the signs, such as hand shape and hand gesture patterns, can affect classification results. 
 

 

Table 4. MediaPipe distance testing 

No. Distance (cm) Image capture based on distance Description 

1 50 

   

MediaPipe is capable 

of accurate detection. 

2 100 

   

MediaPipe is capable 
of accurate detection. 

3 150 

   

MediaPipe cannot 

detect accurately. 

 

 

Table 5. Ablation study results 
Model Augmentation Normalization Accuracy of BiLSTM (%) Accuracy of TCN (%) 

A ✓ ✗ 33.33 35.67 

B ✗ ✓ 60.86 64.56 

C ✓ ✓ 86.17 88.64 

 

 

4. CONCLUSION 

In this research, a system for translating BISINDO was successfully designed and implemented 

using a combination of BiLSTM + MediaPipe, and TCN + MediaPipe methods. The augmentation and 
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normalization techniques used in this study are effective in improving the generalization and accuracy of the 

model. BISINDO translation using the combination model of BiLSTM and MediaPipe method gets an 

accuracy as high as 86.17% on 810 test data. While for TCN and MediaPipe get the best result in 88,64% on 

the same dataset. Detection errors in the system are caused by several factors, such as suboptimal frame 

selection results, errors in MediaPipe holistic, and similarity factors in some signs. Misclassification occurred 

in several gestures with high movement similarity, particularly in the what-how, and good night-good 

morning classes. MediaPipe is able to detect signals accurately at distances of 50 cm to 100 cm, but detection 

performance decreases at distances of 150 cm. The TCN algorithm is able to handle sequential data well, 

recognizing hand movement patterns in sign language with high accuracy compared to BiLSTM. In terms of 

future work, we know that our research can still be continued and expanded as future research in  

sentence-wise translator systems. This will be the next objective. To improve the accuracy and generalization 

of the model, it is recommended to use a larger and more diverse dataset, including variations in hand 

movements, movement speeds, and lighting conditions. Integration with more advanced cameras can help 

improve system performance in real-world conditions. 
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