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Abstract

This paper presents a unified, real-time system that integrates sign language recognition with object detection to enhance
communication for the Deaf and hard-of-hearing community. The proposed framework combines a CNN-LSTM- based gesture
recognition model with YOLOV3 for rapid object detection, enabling simultaneous interpretation of user gestures and surrounding
visual context. Live video captured via webcam is processed frame-by-frame, with gesture and object outputs displayed through a
web-based user interface. The gesture model was trained on the ISL-30 dataset, achieving an F1-score of 91.2%, while the object
detector reached a mean average precision (mMAP@0.5) of 46.5%, all while maintaining a real-time throughput of 44 FPS.
Experimental results demonstrate that fusing linguistic and environmental cues significantly improves context-aware interaction,
offering a scalable assistive solution for inclusive communication.

© 2023 STAIQC. All rights reserved.

Keywords: Sign language recognition, YOLOV3, object detection, deep learning, accessibility, real-time systems

1. Introduction

Effective day to day communication continues to pose challenges for sign language users when interlocutors lack
signing proficiency. While recent progress in computer vision has produced robust sign language recognizers [1],
these systems typically overlook the environmental context that often accompanies communication. Concurrently,
one stage detectors such as YOLOv3 now enable high speed, high accu- racy perception of everyday objects [2].
Integrating these two capabilities promises an assistive platform that not only trans- lates gestures but also describes
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salient scene elements—e.g., “cup”, “stairs”—thereby improving safety, navigation, and conversational richness.
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Despite significant progress in computer vision, existing so- lutions treat sign language recognition and object
detection as separate tasks, limiting the development of truly context-aware assistive technologies. The absence of a
unified, low-latency framework hinders real-time interaction for users reliant on non-verbal communication. To
address this, we propose a single-stream architecture that integrates a CNN-LSTM-based gesture recognizer with
YOLOVS3 for object detection, en- abling concurrent inference on the same RGB video input. The system captures live
video from a standard webcam and delivers real-time output comprising both recognized sign glosses and object
bounding boxes via a browser-based graphical interface. Our contributions are threefold: (1) the development of an
end-to-end dual-purpose vision pipeline capable of achieving 45 FPS on a GTX 1660 Ti GPU;

(2) comprehensive benchmarking on a 30-class Indian Sign Language (ISL) dataset and a subset of the MS COCO
object set under varied illumination conditions; and (3) the release of an open-source, browser-native interface
requiring no spe- cialized hardware, promoting rapid adoption. The remainder of this paper is organized as follows:
Section 2 provides a literature review, Section 3 details the system architecture and methodology, Section 4 presents
experimental results and analysis, Section 5 concludes the paper, and Section 6 discusses future enhancements.

2. Literature Review

Research in sign language recognition has evolved consid- erably, beginning with early rule-based techniques that
utilized edge maps and skin color segmentation to identify hand re- gions. However, such methods were highly
sensitive to lighting variations and background clutter, limiting their robustness in real-world settings [3]. Classical
machine learning approaches, including Support Vector Machines (SVM), Hidden Markov Models (HMM), and K-
Nearest Neighbors (KNN), offered moderate improvements [4], yet struggled to accurately model co-articulated and
temporally varying gestures, particularly in continuous signing scenarios. The advent of deep learning marked a
turning point: Convolutional Neural Networks (CNNs) significantly advanced spatial feature extraction, while
Recurrent Neural Networks (RNNs), especially Long Short- Term Memory (LSTM) networks, captured temporal
depen- dencies with high fidelity. Hybrid CNN-LSTM models now routinely surpass 90% accuracy on large-
vocabulary datasets in real-time conditions, making them suitable for practical deployment in assistive systems [5].

Parallel progress in object detection has seen the field shift from early methods like Haar cascades and HOG+SVM
combinations to more sophisticated two-stage detectors such as R-CNN, Fast R-CNN, and Faster R-CNN [6]. While
these approaches yield high detection accuracy, their reliance on region proposal networks introduces latency,
rendering them less suitable for real-time applications. In contrast, the YOLO (You Only Look Once) family of
detectors redefined the task as a single-shot regression problem, offering a compelling trade-off between speed and
accuracy. Specifically, YOLOv3 delivers approximately 45 frames per second (FPS) with competitive mean Average
Precision (mAP) on the MS COCO dataset, making it a widely adopted model for embedded vision systems [7].

Despite these advancements, research that integrates ges- ture translation and environmental perception into a
cohesive framework remains limited. Fang et al. [8] demonstrated a promising approach by combining object
recognition with augmented reality (AR) overlays to enhance user commu- nication. However, their system relied on
separate inference streams for gestures and object detection, leading to higher latency and potential desynchronization
[9]. In contrast, our work uniquely contributes by executing both tasks—gesture recognition and object detection—
within a shared processing pipeline. This unified architecture reduces hardware overhead, minimizes temporal jitter,
and ensures tight synchrony between linguistic inputs and contextual visual cues, thus offering a more natural and
efficient assistive communication experience [10].

3. Methodology
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The proposed system is composed of modular components designed to work cohesively for real-time sign language
recog- nition and object detection. The methodology is organized into two key stages: (A) the model development and
training pipeline, and (B) the deployment and real-time user interface. Figure 1 and Figure 2 illustrate the respective
workflows

3.1 Model Development and Training Pipeline
The system architecture employs two parallel yet independently trained models:

+ Sign Language Recognition Model: This module uses a hybrid deep learning architecture that combines
Convolutional Neural Networks (CNNs) for spatial feature extrac- tion with Long Short-Term Memory (LSTM)
networks for modeling temporal dynamics in sequential gestures The CNN processes each frame to extract high-level
features, which are then passed to the LSTM to recognize continuous gesture patterns.

* Object Detection Model: YOLOvV3 (You Only Look Once, version 3) is employed for real-time object detec- tion.
The model is trained on the MS-COCO dataset and fine-tuned to detect relevant everyday objects with high accuracy
and minimal latency.

Both models are trained using annotated datasets in separate pipelines. Pre-processing steps such as resizing,
normalization, and data augmentation are applied to enhance model robust- ness across varying lighting and
environmental conditions. Once trained, the models are serialized and deployed into a unified runtime environment,
as shown in Figure 1.

Gesture Object
Dataset Architecture
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CNN + LSTM YOLOv3
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Gestur.e Object Detection
Recognition Model (Saved)
Model (Saved)

Fig. 1. Model Training Pipeline
3.2 Real-Time Detection and User Interface

In the deployment phase, the system captures live video input from a standard webcam. Each frame is simultaneously
routed through:

* The Gesture Recognition Module, which identifies and classifies the user’s hand gesture.

» The YOLOvV3 Object Detection Module, which locates and labels objects in the surrounding environment.

The results from both modules are fused and displayed through a lightweight, responsive web-based interface, de-
veloped using HTML, CSS, and JavaScript. This interface provides a user-friendly overlay of both the recognized
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gesture and the detected objects in the scene, enabling a seamless and context-aware interaction experience for the
user.

This dual-stream architecture enables the system to operate at real-time frame rates while providing both semantic
(gesture-based) and contextual (object-based) information, as shown in Figure 2. The fused output improves
accessibility for deaf and hard-of-hearing users by combining language translation with environmental awareness.

Live Webcam Feed
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Frame Preprocessing

Gesture |  Object
Recognitiony "| Detection
(CNN + LSTM) (YOLOV3)
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Web Interface
(HTML/CSS/JS)

!

Detection Results

Fig. 2. Real-Time Detection and Display Pipeline
4. Experiments and Result Discussions

The system was evaluated across three components: gesture recognition, object detection, and integrated real-time
performance. The gesture recognition model was trained on ISL-30, a custom dataset comprising 30 Indian Sign
Language gestures with 65,000 video samples. The YOLOV3 object detector was fine-tuned on a 10-class subset of
MS-COCO 2017, focusing on indoor objects like ”Cup”, ”Phone”, and ”Chair”.

Experiments were conducted using a consumer-grade setup (GTX 1660 Ti, Ryzen 5 5600, 16 GB RAM). Real-
time validation was performed under three lighting conditions (300—1000 lux) to test system robustness. Metrics
included accuracy, mAP, latency, and FPS.

Table 1 summarizes system-level performance across val-idation and test phases. The CNN-LSTM model
achieved a gesture recognition F1-score of 0.912, while YOLOV3 reached a mean average precision (mAP@0.5) of
0.465 at 44 FPS.

The training process of the gesture recognition model is visualized in Figure 1, showing consistent improvement
in both training and validation accuracy across 20 epochs. Class- wise gesture performance is detailed in Figure 2,
where all F1-scores exceeded 0.88, with "Hello” achieving 0.97
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Fig. 3. Training and Validation Accuracy for Gesture Recognition Model

Table 1. System-Level Performance Metrics For Gesture And Object Detection Modules

Component Dataset Split (train/val/test) Key Metrics
Gesture ISL-30 (30 common Indian-Sign- 70/ 15/ 15% Top-1 accuracy, precision,
recognition Language glosses,65k labelled video clips) recall, F1
Object MS-COCO 2017 (80 80/ 10/ 10% mAP@0.5, mAP@0.5:0.95
detection classes) fine-tuned on 10 sign-centric
indoor classes
End-to-end demo  10min live-capture sessions under 3 light _ system latency, throughput

levels (3001x, 6001x, 10001x)
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0.8
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Fl-score
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Fig. 4. F1-Scores on ISL-30 Test Set
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5. Discussion

Results affirm that integrating sign recognition with object detection provides valuable context, especially in
assistive set- tings. Real-time performance (average latency 43 ms) meets interactive requirements. While minor
confusion was observed between visually similar signs (e.g., ”Stop” vs ”No”), the overall gesture classification
remains robust. Object detection reliably identifies key surroundings, enhancing communication clarity for users.
Future improvements may include integrating depth sensing to handle low-light limitations and scaling the system to
mobile or AR platforms.

6. Conclusion

This research validates the effectiveness of a unified, real- time framework that integrates sign language
recognition and object detection using deep learning. The system not only translates gestures but also enhances
environmental awareness, representing a significant step toward inclusive communication technologies for the Deaf
and hard-of-hearing community.

Future directions include expanding the gesture vocabulary from 30 to 200 ISL signs using transformer-based
models for sequence-to-sequence translation, optimizing the YOLO model with lighter versions such as YOLOv9-
Nano for mobile CPU deployment, and building an augmented reality (AR) overlay system that can display gesture
and object information directly on AR glasses.
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