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Abstract— In an increasingly interconnected world, language barriers remain a significant obstacle to 

communication, education, and commerce, often limiting access to information and opportunities 

across diverse populations. This paper presents VoiceBridge, a lightweight and user-friendly Android 

application designed to enable real-time multilingual translation across 87 languages. The system 

supports three primary input modalities: voice recognition through speech-to-text processing, manual 

text entry for precise input, and camera-based optical character recognition (OCR) for extracting text 

from images and printed materials. By integrating Google ML Vision for accurate text detection, the 

Android SpeechRecognizer API for efficient voice input, and the Google Translate endpoint for 

translation, VoiceBridge delivers a seamless and responsive user experience. Developed using Kotlin 

and View Binding, and compatible with Android API levels 24 through 34, the application is optimized 

for performance and accessibility across a wide range of devices. VoiceBridge achieves sub-second 

response times for capturing voice input and typically generates translated output within two to four 

seconds under standard network conditions. The system architecture is modular, allowing for easy 

scalability and future integration of advanced features. This paper provides a comprehensive overview 

of the application’s design, including its architecture, implementation methodology, and integration of 

multiple APIs. Additionally, the study evaluates the system’s performance through empirical testing 

and user feedback. Results indicate a usability score of 4.3 out of 5 based on trials conducted with 50 

participants, highlighting the application’s practicality and ease of use. The OCR module demonstrates 

a baseline accuracy of 95.8%, making it reliable for most real-world scenarios involving printed text. 

However, several challenges are identified, such as the reliance on the deprecated AsyncTask pattern for 

background processing and dependency on an unofficial translation endpoint, which may impact long-

term stability and scalability. 

Keywords— Multilingual translation, Android, optical character recognition, speech- to-text, Google 

ML Vision, mobile computing, natural language processing, real-time translation. 
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1. Introduction 

 
The proliferation of smartphones has transformed them into primary instruments for cross-

cultural communication. According to UNESCO, there are approximately 7,100 spoken languages 

worldwide [1], yet the majority of digital services operate in fewer than twenty. This asymmetry creates 

a profound information access gap, particularly for speakers of low-resource languages in regions such 

as South Asia, Sub-Saharan Africa, and Southeast Asia. 

Machine translation (MT) has evolved dramatically over the past two decades, transi- tioning 

from rule-based systems to statistical phrase-based models and, more recently, to neural machine 

translation (NMT) architectures based on the transformer [2]. Despite these advances, the deployment of 

high-quality MT on resource-constrained mobile devices remains a non-trivial engineering problem, 

constrained by compute budgets, memory limitations, and the need for real-time responsiveness. 

Existing commercial solutions such as Google Translate and Microsoft Translator provide robust 

translation services but often require substantial bandwidth, rely on proprietary cloud infrastructure, 

and do not expose the internal processing pipeline to developers seeking to integrate translation into 

custom workflows. There is, therefore, a need for an open, extensible, and modality-diverse translation 

platform that can serve as both a standalone tool and a research vehicle. 

VoiceBridge addresses this need by providing a unified Android application supporting three 

distinct input modalities: (1) voice recognition through the Android SpeechRecognizer API, (2) 

direct text entry via keyboard, and (3) OCR-based text extraction from camera feeds and gallery 

images using Google ML Vision. All three modalities route their output through a common translation 

pipeline supporting 87 languages. 

1.1 Objectives 

• Design and implement a multimodal translation interface for Android targeting API levels 24 

through 34. 

• Integrate voice, text, and visual (OCR) input within a single, cohesive application 

architecture. 

• Evaluate system performance in terms of translation latency, OCR accuracy, and user 

satisfaction. 

• Identify architectural limitations and propose a roadmap for future improvement. 

 

1.2 Paper Organisation 

Section 2 reviews related work in mobile translation and OCR systems. Section 3 describes the 

proposed methodology. Section 4 details the system architecture. Section 5 covers implementation 

details. Section 6 presents results and discussion. Sections 7 and 8 address limitations and future scope 

respectively. Section 9 concludes the paper. 

2. Related Work 

 
Mobile translation applications have been an active area of research since the early 2010s. Wu et 

al. [3] presented a comprehensive overview of neural MT systems, noting that network latency and 

battery consumption were primary bottlenecks on mobile hardware. The transition from phrase-based to 

neural MT, catalysed by Bahdanau et al.’s attention mechanism [4] and later by the transformer 

architecture [2], substantially improved translation quality but increased model size, complicating on-
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device deployment. 

2.1 On-Device and Cloud-Hybrid Translation 

Junczys-Dowmunt et al. [5] introduced Marian NMT, a framework optimised for edge 

deployment, achieving competitive BLEU scores with models as small as 50 MB. Google’s ML Kit on-

device translation [6] further demonstrated that quantised transformer models can operate at interactive 

speeds on mid-range handsets. Tan et al. [7] proposed a hybrid approach in which simple phrase pairs 

are handled on-device while complex sentences are routed to the cloud, reducing latency by 38% 

compared to pure cloud translation. VoiceBridge currently adopts a cloud-only strategy, which 

represents a clear opportunity for future work. 

2.2 Mobile OCR Systems 

OCR on mobile platforms has progressed significantly with the advent of deep learning. Shi et al. 

[8] proposed the CRNN (Convolutional Recurrent Neural Network) for sequence recognition, 

achieving state-of-the-art results on standard benchmarks. Google ML Vision’s TextRecognizer, 

employed in VoiceBridge, implements a similar pipeline optimised for Android. Jaderberg et al. [9] 

demonstrated that attention-based scene text recognition models can handle arbitrary fonts and 

orientations, a capability relevant to real-world mobile OCR. Comparative studies by Bartz et al. [10] 

suggest that cloud-based APIs consistently outperform on-device counterparts on low-contrast or 

stylised text. 

2.3 Voice-Driven Translation Interfaces 

Speech recognition for low-resource languages remains challenging. Besacier et al. [11] 

conducted a comprehensive review of ASR for under-resourced languages, highlighting the data 

scarcity problem. VoiceBridge leverages Android’s built-in SpeechRecognizer, which routes audio 

to Google’s cloud ASR and therefore inherits its language coverage and accuracy characteristics. 

Sainath et al. [12] demonstrated that combining ASR with NMT in a pipeline achieves significantly 

lower word error rates when the ASR model is fine-tuned on domain- specific corpora. 

2.4 Positioning of VoiceBridge 

Unlike prior work that focuses on a single modality or optimises for a specific language pair, 

VoiceBridge provides a unified multimodal interface over a broad language set. Its primary 

contribution is architectural integration and practical usability rather than novel model development, 

filling a gap between research prototypes and commercial monoliths. 

 

 

3. Proposed Methodology 

 
The design of VoiceBridge follows an iterative, user-centred development methodology 

combining elements of Agile software engineering and rapid prototyping. The methodology comprised 

four phases: requirements elicitation, system design, implementation, and evaluation. 

3.1 Requirements Elicitation 

An initial survey of 120 smartphone users across three linguistic communities (Marathi, Hindi, 

and English) identified the following primary use cases: (1) real-time oral communication support, (2) 

translation of printed signage and documents, and (3) assistance with text composi- tion in a second 

language. These findings shaped the three-modality design of VoiceBridge and its emphasis on low-
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friction interaction—no account creation and no onboarding barrier after the first launch. 

3.2 Technology Selection 

Kotlin was selected as the implementation language for its null-safety features, coroutine 

support, and first-class Android tooling.  View Binding was preferred over data binding to 

minimise boilerplate while maintaining type safety. Google ML Vision (play-services-vision 

20.1.3) was chosen for OCR over newer ML Kit APIs to maintain backward compatibility with API 

24. The Google Translate unofficial endpoint was selected for its zero-cost access and broad language 

coverage during the prototype phase, with the understanding that it would be replaced by the official 

Cloud Translation API in a production release. 

3.3 Development Process 

Development proceeded in three two-week sprints. Sprint 1 established the navigation skeleton 

(Splash, Home, Start, Exit activities) and the language selection infrastructure. Sprint 2 implemented the 

three input modalities and the translation pipeline. Sprint 3 addressed per- mission handling across API 

levels 24–34, UI polish, and preliminary testing. A continuous integration pipeline executed lint 

checks and unit tests on every commit. 

3.4 Evaluation Design 

Performance was evaluated along three axes: 

• Translation latency — measured from user action to result display, sampled over 200 

translation requests under 4G LTE network conditions. 

• OCR accuracy — measured as Character Error Rate (CER) against manually annotated ground 

truth across 300 test images spanning printed documents, handwritten notes, and outdoor 

scene text. 

• User satisfaction — collected via a structured usability questionnaire (5-point Likert scale) 

administered to 50 participants after a 15-minute trial session. 
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4. System Architecture 

 
VoiceBridge adopts a layered architecture comprising four tiers: the UI layer, the core logic 

layer, the data/model layer, and the external services layer. Figure 1 illustrates this structure. 
 

Figure 1: Layered System Architecture of VoiceBridge 

 

 

4.1 UI Layer 

The UI layer consists of eight Android Activity classes. SplashActivity serves as the entry 

point, delegating to IntroActivity on first launch and to HomeActivity on subsequent 

launches based on a SharedPreferences flag. HomeActivity presents the main menu and 

options for sharing and rating (currently placeholder). StartActivity acts as a mode selector, 

routing the user to VoiceActivity, TextActivity, or CameraActivity. ExitActivity 

presents a confirmation prompt when the user presses the system back button from the home screen. 

Figure 2 depicts the complete activity navigation flow, including conditional paths and data-

passing transitions. 

 

Figure 2: Activity Navigation Flow Diagram 
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4.2 Core Logic Layer 

The core logic layer encapsulates the translation engine (TranslateApi), the 

language selection dialog (LanguageDialog and LanguageAdapter), the run- time permission 

framework (PermissionHelperActivity), and the shared utility classes (PrefManager, 

Utils, Global).  TranslateApi extends AsyncTask and performs the HTTP request on a 

background thread, delivering results via the OnTranslationCompleteListener callback 

interface. 

4.3 Data / Model Layer 

The data layer provides static language metadata through the Languages object, which exposes 

parallel arrays of 87 language display names and their corresponding BCP-47/ISO 639-1 codes. 

PrefManager wraps Android SharedPreferences to persist first-launch state. Global mutable 

fields in Utils (TEXTEXTRACT, WHATIS) carry ephemeral state between activities during OCR-to-

translation handoffs. 

4.4 External Services Layer 

Two categories of external services are consumed.  Google Services pro- vide the 

translation endpoint (translate.googleapis.com) and the ML Vision TextRecognizer 

SDK. Android OS Services provide the SpeechRecognizer (via ACTION RECOGNIZE 

SPEECH intent) and the CameraSource hardware abstraction. 

5. Implementation 

 
5.1 Voice Translation Module 

VoiceActivity initiates voice capture by firing an implicit Intent with action ACTION 

RECOGNIZE SPEECH. The intent carries three extras: EXTRA LANGUAGE MODEL (LANGUAGE 

MODEL FREE FORM), EXTRA LANGUAGE (Locale.getDefault()), and 

EXTRA PROMPT (a user-facing instruction string). The Android OS presents a system dia- log, 

records the utterance, and returns a ranked list of hypotheses via onActivityResult. 

VoiceActivity displays the top hypothesis and invokes the translation pipeline when the user taps 

Translate. 

5.2 Text Translation Module 

TextActivity reuses the activity voice.xml layout, toggling visibility of child 

views to present either an editable EditText (standalone mode) or a pre-populated TextView 

(post-OCR mode, where Utils.TEXTEXTRACT carries the extracted text from 

CameraActivity). Both modes invoke mTranslateText(), which reads from the ap- propriate 

view and passes the text to TranslateApi. 
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5.3 Camera OCR Module 

CameraActivity supports two OCR paths as illustrated in Figure 3. 
 

Figure 3: Dual-Path OCR Text Extraction Flow 

 

 

The live camera path initialises a CameraSource configured for the rear camera at 

1280×1024 resolution and 2 fps with auto-focus enabled. A TextRecognizer.Processor callback 

continuously concatenates detected TextBlock values into an internal mText buffer; tapping the 

capture button stores this string in Utils.TEXTEXTRACT and launches TextActivity. 

The gallery path uses the ImagePicker library to open the device gallery (filtered to 

PNG/JPG/JPEG, cropped to 1080 × 1920). The returned URI is decoded into a Bitmap via an 

ImageView drawable cast, and TextRecognizer.detect() extracts text synchronously before 

launching TextActivity. 

5.4 Translation Pipeline 

Figure 4 shows the end-to-end pipeline from input capture to result display. 

 

Figure 4: End-to-End Translation Pipeline 

 

 

TranslateApi constructs the Google Translate URL by appending the source language 

code (sl), target language code (tl), and URL-encoded query text (q) to the base endpoint. The 

HTTP GET is executed using the legacy Apache HttpClient (org.apache.http.legacy). 

The JSON response is a nested array; TranslateApi iterates the outer array’s first element, 

concatenating index-zero values of each sub-array to recon- struct the full translated string. The result is 
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delivered on the main thread via onPostExecute. 

5.5 Permission Management 

Permissions are managed through two complementary mechanisms. 

PermissionHelperActivity handles camera, storage, and notification permis- sions using 

the standard ActivityCompat flow with PermissionResult callbacks for granted, denied, and 

permanently-denied states. Audio recording permissions are managed by TedPermission, which 

provides a built-in rationale dialog and a deeplink to system settings.  The permission set differs 

between API ≤ 32 (READ EXTERNAL STORAGE) and  API  ≥ 33  (READ MEDIA IMAGES,  

POST NOTIFICATIONS),  handled  via  a 

Global.isLatestVersion flag. 

5.6 Key Dependencies 

Table 1 summarises the key runtime dependencies. 

Table 1: Key Runtime Dependencies 
 

Dependency Version Purpose 

play-services-vision 20.1.3 ML Vision OCR text recogni- 

tion 

dhaval2404:imagepicker 2.1 Camera and gallery image se- 

lection 

tedpermission-normal 3.3.0 Runtime permission rationale 

dialogs 

retrofit2:converter-gson 2.9.0 Declared but currently unused 

work-runtime 2.9.0 Declared but currently unused 

org.apache.http.legacy System HTTP client used in Trans- 

lateApi 

 

 

6. Results and Discussion 

 
6.1 Translation Latency 

Translation latency was measured from the moment the user tapped the Translate button to the 

moment the result appeared in the output TextView, sampled over 200 requests across three language 

pairs under 4G LTE (≈28 Mbps downlink) conditions. Results are presented in Table 2. 

Table 2: Translation Latency Statistics (n = 200 per pair) 
 

Language Pair Mean (s) Median (s) P95 (s) SD 

English → Hindi 2.14 2.02 3.41 0.61 

English → French 1.97 1.88 3.12 0.54 

Hindi → Marathi 2.31 2.19 3.76 0.73 

Average 2.14 2.03 3.43 0.63 
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A mean latency of 2.14 s is consistent with findings by Tan et al. [7] for cloud-based MT under 

similar conditions. The 95th-percentile values below 3.8 s indicate that tail latencies, while perceptible, 

are not severely disruptive for typical conversational use. Hindi→Marathi exhibited the highest 

variance, likely due to the relative scarcity of parallel training data for that language pair in Google’s 

translation models. 

6.2 OCR Accuracy 

OCR accuracy was evaluated on 300 test images categorised into three classes: printed 

documents, outdoor scene text, and handwritten notes. Character Error Rate (CER) was computed 

against manually annotated ground truth. Results are shown in Table 3. 

 

 

Table 3: OCR Accuracy by Image Category (n = 300) 
 

Category Images CER (%) Accuracy (%) 

Printed Documents 100 4.2 95.8 

Outdoor Scene Text 100 14.8 85.2 

Handwritten Notes 100 22.1 77.9 

Overall 300 13.7 86.3 

 

Printed document recognition at 95.8% is competitive with results reported for Google ML 

Vision in comparable studies [10]. Outdoor scene text accuracy drops to 85.2% due to variable fonts, 

perspective distortion, and cluttered backgrounds [9]. Handwritten text at 77.9% reflects the 

fundamental difficulty of cursive and mixed-script handwriting, an area where dedicated handwriting-

specific models are required. 

6.3 User Satisfaction 

A structured usability questionnaire (5-point Likert scale) was administered to 50 partici- pants 

aged 18–45 drawn from engineering students, administrative staff, and the general public in Nashik, 

Maharashtra. Participants performed three standardised tasks: translate a spoken phrase, type and 

translate a sentence, and photograph a printed sign for translation. Results are shown in Table 4. 

Table 4: User Satisfaction Survey Results (n = 50) 
 

Dimension Mean Std Dev Rating 

Ease of navigation 4.5 0.61 Excellent 

Voice recognition accuracy 4.1 0.72 Good 

Translation quality 4.3 0.68 Excellent 

Camera OCR usefulness 4.0 0.81 Good 

Overall satisfaction 4.3 0.65 Excellen

t 
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The overall satisfaction mean of 4.3 indicates strong user acceptance. Ease of navigation scored 

highest (4.5), validating the minimalist UI design. Camera OCR received the lowest score (4.0), 

corroborating the CER findings for non-ideal lighting conditions. Qualitative feedback highlighted the 

desire for a history of past translations, offline mode, and text-to-speech output. 

 

7. Limitations 

 
Despite its practical utility, VoiceBridge has several limitations that constrain its applica- bility 

and robustness. 

Dependency on Unofficial API. The translation endpoint 

(translate.googleapis.com/translate a/single?client=gtx) is un- documented 

and subject to rate limiting, behavioural changes, or removal without notice. This creates fragility in 

production deployments and precludes use in applications with strict service-level agreements. 

Deprecated  AsyncTask Pattern. TranslateApi extends 

android.os.AsyncTask, deprecated since Android API 30. Outstanding instances are not 

cancelled when the host Activity is destroyed, risking memory leaks and null pointer exceptions if the 

listener holds a reference to a destroyed Activity context. 

Synchronous OCR on the UI Thread. Gallery image OCR executes 

TextRecognizer.detect() synchronously on the main thread, which can cause Ap- plication 

Not Responding (ANR) errors for high-resolution images exceeding four megapixels. 

Global Mutable State. Utils.TEXTEXTRACT and Utils.WHATIS are static mu- table 

fields that are not thread-safe and are incompatible with Android’s process model when the OS restores 

Activities from the back stack, potentially producing stale translation inputs. 

Absence of Offline Mode. The application requires an active internet connection for both 

translation and voice recognition. Users in areas with poor connectivity or expensive data roaming have 

no fallback mechanism. 

Fixed Voice Recognition Locale. The SpeechRecognizer is invoked with 

Locale.getDefault(), meaning it recognises only the device’s system language regard- less of 

the user-selected source language, which silently breaks the pipeline when the two differ. 

 

8. Future Scope 

 
Several directions present clear opportunities for extending VoiceBridge into a more robust and 

feature-rich platform. 

On-Device Neural Machine Translation. Integrating Google ML Kit’s on-device translation 

models would eliminate the unofficial endpoint dependency, reduce latency by removing round-trip 

network time, and enable offline operation. Quantised transformer models for common language pairs 

occupy approximately 30–40 MB of storage, a reasonable trade-off for mid-range and high-end devices. 

Coroutine-Based Concurrency. Replacing TranslateApi’s AsyncTask with Kotlin 

coroutines and a lifecycle-aware CoroutineScope would resolve the deprecated API concern, 

prevent memory leaks, and provide structured cancellation when activities are destroyed. 

MVVM Architecture. Refactoring to the Model-View-ViewModel (MVVM) pattern with 

Android Architecture Components (ViewModel, LiveData, Room) would eliminate global mutable state, 
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improve testability, and align with Google’s current recommended architecture for Android 

applications. 

Text-to-Speech Output. Integrating Android’s TextToSpeech engine to vocalise translated 

results would substantially improve accessibility for visually impaired users and for conversational use 

cases where reading a screen is impractical. 

Translation History and Favourites. Persisting translation history in a Room database would 

allow users to review, share, and bookmark frequently used phrases—the most requested item in post-

trial qualitative feedback. 

Document-Level Translation. Extending the OCR pipeline to handle multi-page PDF 

documents and structured documents via the Document AI API would open use cases in academic, 

legal, and governmental contexts where translated document pairs are routinely required. 

 

9. Conclusion 

 
This paper presented VoiceBridge, a multilingual Android translation application that unifies 

voice, text, and OCR-based input modalities within a single, cohesive interface. The system 

demonstrates that practical, end-to-end translation across 87 language pairs can be delivered on 

commodity Android hardware with minimal friction, achieving a mean translation latency of 2.14 s, 

printed-text OCR accuracy of 95.8%, and an overall user satisfaction rating of 

4.3 out of 5. 

The layered architecture separates UI concerns from translation logic and language metadata, 

providing a solid foundation for future extension. Several significant technical debts have been 

identified—most critically the deprecated AsyncTask pattern and the reliance on an unofficial 

translation endpoint—and concrete migration paths have been proposed for each. 

VoiceBridge contributes a practical reference implementation for researchers and practi- tioners 

interested in multimodal mobile translation, and its open architecture provides a platform for evaluating 

future advances in on-device NMT, transformer-based OCR, and voice synthesis. The integration of on-

device neural translation models, coroutine-based concurrency, and an MVVM architecture represents 

the most impactful near-term improvements and forms the basis for the next development cycle. 
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