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Abstract: 

Hearing impairment can have a profound impact on the mental and emotional state of sufferers, as well as 

hinder communication and delay in accessing information directly that relies on interpreters. Advances in 

assistive technology, especially speech recognition systems that are able to convert spoken language into 

written text (speech-to-text). However, its implementation faces various challenges related to the level of 

accuracy of each speech-to-text Application Programming Interface (API), thus requiring an appropriate deep 

learning model. This study serves to analyze and compare the performance of speech-to-text API services 

(Deepgram API, Google API and Whisper AI) based on Word Error Rate (WER) and Words Per Minute 

(WPM), to determine the most optimal API in a web-based real-time transcription system using the JavaScript 

programming language and Glitch.com. The three API services were tested by calculating their error rates and 

transcription speeds, then evaluated to see how low the error accuracy rate was and how high the transcription 

speed was. On average, Whisper AI had a WER of 0% across all word categories, but its speed was lower than 

the other two APIs. Deepgram API displayed the best balance between accuracy and speed, with an average 

WER of 13.78% and 67 WPM. Google API performed stably, but its WER value was slightly higher than 

Deepgram API. In conclusion, based on the results, Deepgram API was deemed the most optimal for live 

transcription, as it is capable of producing fast and error-free transcriptions, significantly increasing the 

accessibility of information for the deaf community. 

Keywords: Speech-to-Text, API, Word Error Rate (WER), Word Per Minute (WPM), Deaf Community 

1. Introduction 

Hearing is an essential aspect of human life that is often overlooked until it is impaired or lost. Hearing loss has 

been shown to significantly impact the mental and emotional well-being of those affected [1], [2]. Along with the 

development of assistive technology, speech recognition optimization has made a significant contribution to increasing 

information accessibility for deaf people [3], [4]. Speech recognition system is an interdisciplinary field involving 

language processing, signal processing and AI (Artificial Intelligence) which consists of speech where the sound signal 
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is continuous with a sequence of phonemes and fundamental modes, so it plays an important role for deaf users [5]. 

Speech-to-text technology automatically converts speech to text, bridging the communication gap between individuals 

with hearing impairments and the general public. Implementing this technology plays a crucial role in supporting the 

deaf community [6], [7], [8], [9]. The speech-to-text system is developed with the JavaScript programming language 

and the Glitch.com platform that allows users to create, edit, and run projects from a browser without the need for 

additional software. 

Various APIs such as Deepgram API, Google API, and Whisper AI have been developed in terms of accuracy, 

speed, and different resource requirements [10], [11]. Performance differences between APIs often pose a challenge 

in determining the best solution for real-time communication. Factors such as WER, and WPM need to be thoroughly 

analyzed to ensure their suitability for use by the deaf community [12], [13]. While many speech-to-text APIs are 

available on the market, there is still a lack of comprehensive performance comparison information on APIs suitable 

for use by the deaf community. This lack of comparative studies often leads to trial-and-error API selection, which 

can hinder effective system implementation [14]. To address this, testing is carried out using the deep learning 

approach found within each API. This method has proven to be a powerful tool for automatically exploiting large-

scale training data to create complex analytical systems, such as those used in ASR (Automatic Speech Recognition) 

[15], [16], [17], [18]. The detailed specifications and architecture of the deep learning models used are not publicly 

available, but there are indications that speech recognition can work by storing various data in each API [19], [20]. 

This is proven by the large number of vocabulary datasets owned by the Deepgram API which already support 

Indonesian, so it has a wide vocabulary coverage. 

The main objective of this research is to analyze the performance comparison of three speech-to-text APIs (Google 

API, Deepgram API, Whisper AI) based on WER and WPM values. In addition, this research aims to achieve high 

values in WPM and low values in WER based on testing of each APIs [21], [22]. The research question is focused on 

the performance of the API that is most superior in terms of accuracy and speed for the real-time communication 

needs of the deaf community. 

The scope of this research focuses on three speech-to-text APIs, namely Google API, Deepgram API, and Whisper 

AI, testing using Indonesian with varying word counts of 10, 15, 20, 25, 30, and 35 words. The variation in the number 

of words was chosen to obtain more varied error rate results and transcription speeds from each trial of each API. The 

scope of testing includes two main indicators, namely WER, and WPM, which are analyzed under controlled test 

conditions. The limitations of this research are not testing against environmental factors such as extreme noise or 

significant network signal interference, and does not include testing with dialogue-shaped sentences. This limitation 

is intended to maintain the consistency of the results, because the system's capabilities are still limited and not yet 

adequate. 

2. Method 

This research began with a systematic and procedural design based on the steps in a flowchart adapted to the 

Deaf Converter tool development process. This design can help determine the effectiveness of experiments conducted 

to compare the Deepgram API, Google API, and Whisper AI for use in speech-to-text tools. This research method 

consists of six main stages, as illustrated in Figure 1. 

 

Figure 1. Research Flowchart 
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Literature Study 

At this stage, a comprehensive literature review is conducted by searching various scientific journals, papers, 

scientific works, and articles on similar topics. This literature review is necessary to avoid plagiarism in titles and 

serve as a proper reference base for the research. It also ensures the originality of the topic so that the research can 

make a clear contribution to the development of science [23]. Literature can be obtained through reputable databases 

such as Scopus, Google Scholar, and ScienceDirect [24]. Further review of previous research was also conducted to 

ensure alignment with the theoretical basis that will be used in this research. 

Determining Input Device Specifications 

The next step is to determine the minimum specifications of the input devices, both in terms of software and 

hardware, required to support the speech recognition trial process in this study. The software is in the form of a 

Microsoft Edge browser used to open the speech-to-text web and the hardware used is a Fifine A6 microphone and a 

PC with a minimum specification of 2GB Random Access Memory (RAM) and 128 GB storage type Solid State Drive 

(SSD) and a Central Processing Unit (CPU) used Intel® Core™ i3. Determining these specifications aims to ensure 

that the system can run optimally, stably, and according to testing needs, while minimizing potential technical 

obstacles during implementation [25]. Regular checks of software and hardware devices are required to ensure good 

performance and effective use. 

API Model Determination 

At this stage, an efficient API model is determined. API selection is performed by determining the overall WER 

and WPM values of the identified APIs. The WER and WPM values can be calculated using the following equations: 

 
𝑊𝐸𝑅 =

𝑆 + 𝐷 + 𝐼

𝑁
∗ 100% 

(i) 

 

 
𝑊𝑃𝑀 =

𝑁

𝑇
× 60 

(ii) 

This formula is used to calculate the errors in the transcription results, where 𝑆 is substitution (the number of words 

that are incorrectly transcribed), 𝐷 is deletion (the number of words that are missed from the transcription process), 𝐼 

is insertion (the number of incorrect words that are output by the transcription process) [26], [27].  And for WPM, 𝑁 

is the number of words produced in the transcription and 𝑇 is the Speech Output in seconds or output speed when 

using a speech-to-text tool [28]. This calculation is used to assess how fast the system can convert speech to text, 

which is an indicator of the real-time performance of speech-to-text technology. 

Computer Interface Design 

This stage is the implementation stage after the best API method has been selected and found. Using the Microsoft 

Edge browser and the Glitch.com website as an IDE (Integrated Development Environment), the interface is designed 

with user-friendliness in mind. Glitch.com supports both JavaScript and HTML programming languages, so a 

combination of the two is used as the basis for designing the speech recognition website, which can be accessed from 

the project page. 

 The program will have two options that users can select on the right side of the program: Transcribe, which is 

used to run the program, and the badge option, which is a feature of the program's main menu. The appearance and 

output of the transcription results can be seen in Figure 2. 
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Figure 2. Program Interface Prototype 

Trial and Evaluation 

The trial and evaluation phase is the empirical data collection phase. This phase begins with system design. This 

phase begins with the creation of a project key, program creation, debugging (program improvements), training a 

custom dataset, and conducting simulation tests on each API, namely the Deepgram API, Google API, and Whisper 

AI. After testing, performance evaluation is conducted based on parameters such as accuracy, processing speed, and 

network latency. This approach aligns with empirical practice, where the importance of emphasizing the analysis of 

system effectiveness and reliability [29], [30]. This can ensure consistent performance and minimize potential errors 

in transcription results. 

Analysis 

The final stage is analysis, where the entire research process is carried out by identifying test results, namely the 

WER value as an indicator of transcription accuracy, the WPM value as a measure of processing speed, and network 

latency, which represents the delay time in sending and receiving data. These three parameters were chosen because 

they can provide a comprehensive picture of system performance, in terms of speed, time efficiency, and connection 

stability.  

Test results from each APIs were analyzed to identify performance and determine the most optimal API for the 

real-time transcription system, based on a balance between accuracy, and processing speed [9]. Therefore, the selected 

API implementation is expected to make a significant contribution to improving information accessibility for the deaf 

community. 

 System Operational Layout Design 

     This Next, in this study, the operational layout of the system was designed as shown in Figure 3. The process 

begins with the tutor providing input into the speech-to-text processing program running on a PC. The transcription 

results are then displayed on the output media in the form of an LCD layer, so that the resulting information can be 

observed visually. This design is expected to facilitate access to information for the deaf community, by minimizing 

communication barriers through direct and real-time text presentation. 
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Figure 3. System Operational Layout 

3. Result and Discussion 

Result 

This study compares the effectiveness of APIs used in speech-to-text technology between Deepgram API, Google 

API, and Whisper AI by testing the WER and WPM values from each experiment that will be calculated to find the 

best value between low WER and high WPM. The experiment was carried out using a Fifine A6 microphone as an 

input device. Based on the values in Table 1 below that have been calculated from each experiment between the three 

APIs, the Whisper AI is consistent with a WER value of 0% in all categories, indicating no errors in transcription. 

Deepgram API also shows high accuracy with the majority recording a WER value of 0% although it increased by 

12% in the 25-word category before returning low. Google API has a relatively stable WER value level of 0-10% in 

the initial category, but occasionally reaches a value of 6.67% in the 30-word category and 5.71% in the 35-word 

category, thus indicating that the WER value of Google API is greater than Deepgram API and Whisper AI.  

In terms of WPM, Deepgram API and Google API show higher values than Whisper AI which is proven by a 

WPM value of 50 in the 10-word category and increases consistently to 79-80 WPM in the 35-word category. Whisper 

API has a lower value in the 10-word category of 36-40 WPM and experiences an increase in value as the number of 

words increases to 73-74 WPM in the 35-word category.   

Table 1. Calculation results 

  Deepgram API Google API Whisper AI 

 

10 

 WER WPM WER WPM WER WPM 

Attempt 1 0,00% 50 0,00% 50 0,00% 40 

Attempt 2 10,00% 50 10,00% 50 0,00% 36 

Attempt 3 0,00% 53 0,00% 53 0,00% 38 

Attempt 4 0,00% 53 0,00% 53 0,00% 38 

Attempt 5 0,00% 50 0,00% 50 0,00% 37 

15 

Attempt 1 0,00% 60 0,00% 58 0,00% 51 

Attempt 2 0,00% 60 0,00% 58 0,00% 50 

Attempt 3 6,67% 60 0,00% 57 0,00% 50 

 Deepgram API Google API Whisper AI 

 WER WPM WER WER WPM WER 

Attempt 4 0,00% 59 0,00% 57 0,00% 50 

Attempt 5 0,00% 66 6,67% 57 0,00% 50 

20 
Attempt 1 0,00% 66 0,00% 66 0,00% 58 

Attempt 2 5,00% 65 5,00% 65 0,00% 59 
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  Deepgram API Google API Whisper AI 

Attempt 3 0,00% 66 5,00% 66 0,00% 59 

Attempt 4 5,00% 65 5,00% 65 0,00% 59 

Attempt 5 0,00% 66 5,00% 66 0,00% 59 

25 

Attempt 1 12,00% 73 8,00% 73 0,00% 68 

Attempt 2 4,00% 74 8,00% 74 0,00% 68 

Attempt 3 4,00% 73 0,00% 73 0,00% 68 

Attempt 4 12,00% 73 8,00% 73 0,00% 68 

Attempt 5 4,00% 73 4,00% 73 0,00% 68 

30 

Attempt 1 3,33% 74 6,67% 74 0,00% 72 

Attempt 2 6,67% 74 6,67% 74 0,00% 72 

Attempt 3 0,00% 75 0,00% 74 0,00% 73 

Attempt 4 3,33% 74 6,67% 74 0,00% 72 

Attempt 5 6,67% 74 6,67% 74 0,00% 72 

35 

Attempt 1 0,00% 79 2,86% 79 0,00% 74 

Attempt 2 0,00% 80 0,00% 79 0,00% 74 

Attempt 3 0,00% 80 5,71% 79 0,00% 74 

Attempt 4 0,00% 80 2,86% 79 0,00% 74 

Attempt 5 0,00% 80 0,00% 79 0,00% 73 

 

Discussion 

This section will discuss the performance test results of three speech-to-text API services: Deepgram API, Google 

API, and Whisper AI, using two key indicators: WER and WPM values. The analysis focuses on how the systems 

maintain transcription accuracy and handle word count variations. These findings will be interpreted considering the 

needs of web-based real-time transcription. 

Based on the test results that can be visualized with the graph in Figure 5, Whisper AI shows a high level of 

accuracy with a value of 0% in the overall word count category, forming a flat and stable trend line without fluctuation. 

However, the WPM trend experiences an increasing trend in processing speed as the number of words increases. In 

contrast, Deepgram API and Google API show a WER trend with little fluctuation: Both maintain a low error rate, 

with a value of mostly 5% with a slight spike in the middle category. The WPM trend of both experiences a steady 

increase and continues to increase until it approaches the maximum value of the 35 word category. The consistent 

increase in WPM in these two APIs shows that they are still able to handle larger inputs while maintaining a stable 

transcription speed.  

 

Figure 4. WER and WPM graphs of each API 
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   As can be seen in Figure 5 above, the combination of a flat WER trend on Whisper AI with a continuously 

increasing WPM trend on all systems illustrates a trade-off, where Whisper AI relies on the optimal side of accuracy 

stability, while Deepgram API and Google API maintain a balance between speed and accuracy on various workloads. 

   In addition, when the overall results are averaged across each API as shown in Table 2. The lowest Avg. WER 

is at 0% obtained by Whisper AI using pre-recorded audio, but has the lowest Avg. WPM among the other baselines 

with a speed as high as 60 WPM. The highest Avg. WPM is obtained by Deepgram API and Google API with a speed 

as high as 67 WPM and for the lowest Avg. WER is 13.78% owned by Deepgram API. 

Table 2. Overall average results 

Parameter Deepgram API Google API Whisper AI 

Avg. WER 13,78% 17,13% 0% 

Avg. WPM 67 67 60 

Noted Live 

Transcription 

Live 

Transcription 

Pre- Recorded 

   Based on the data, the Whisper AI system is not a good solution for live transcription needs for the deaf 

community due to its low Avg. WPM and its reliance on pre-recorded audio to achieve high accuracy results, Live 

Transcription Deepgram API has a lower Avg. WER than Google API, namely Deepgram API shows the most 

promising results among the three baseline candidates with high WPM speeds accompanied by low WER. 

4. Conclusion 

This study obtained the results of an analysis of three comparisons of speech-to-text API services, namely 

Deepgram API, Google API, and Whisper AI, with the main indicators of WER and WPM. The results of the analysis 

show that Whisper AI has a WER value of 0% with high accuracy, but this cannot be used for direct communication 

and can only be used in a pre-recorded manner. On the other hand, Deepgram API and Google API show a balance 

between speed and accuracy, but Deepgram API has a lower accuracy value WER than Google API at 13.78% and a 

relatively high transcription speed value of 67 WPM, so Deepgram is a more promising solution to be used in assisting 

live transcription communication for the deaf community. This research can form the basis for developing more 

efficient and sophisticated assistive technology. Future research should include features such as automatic punctuation 

and customizable vocabulary to improve transcription quality. Regular updates to the Deepgram API model to the 

latest version are necessary to significantly improve the accuracy and smoothness of the transcription process. 

Furthermore, integrating Open AI with the Deepgram API's deep learning algorithms can enhance system performance 

and improve accuracy and intelligence. 
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