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Communication barriers between hearing-impaired individuals and non-sign language users remain a significant challenge  
in modern society. Existing sign language recognition systems primarily focus on unidirectional communication and are often 
limited by high latency, excessive power consumption, and lack of robustness in uncertain environments. This paper proposes 
a novel FPGA-based Bidirectional Robotic Sign Language Communication System (BRSLCS) integrating Artificial 
Intelligence (AI), fuzzy logic, and robotic control for real-time assistive communication. The proposed architecture supports 
both forward communication, where sign language gestures are translated into text or speech, and reverse communication, 
where text or speech is converted into robotic sign language gestures through an actuated robotic hand. In the forward 
communication flow, gesture images captured using a camera are processed through preprocessing, feature extraction,  
AI-based classification, and fuzzy inference stages. In the reverse communication flow, speech or textual inputs are interpreted 
using Natural Language Processing (NLP) techniques and mapped into robotic sign gestures controlled using FPGA-based 
actuation logic. The integration of fuzzy logic improves classification robustness and interpretability under uncertain conditions 
such as illumination variation, gesture ambiguity, and motion blur. FPGA implementation provides deterministic timing, low 
latency, hardware parallelism, and energy efficiency suitable for embedded real-time systems. Experimental evaluation 
demonstrates that the proposed system achieves 92-95% recognition accuracy with latency between 10-25 ms while consuming 
only 4-6 W power, outperforming conventional CPU and GPU-based implementations. The proposed BRSLCS provides  
a scalable and practical framework for inclusive communication systems in healthcare, education, public services, and human-
robot interaction environments. 

Keywords: FPGA, fuzzy logic controller, sign language recognition, speech-to-sign translation, human-robot interaction, 
embedded AI, assistive technology, robotic hand control, edge computing, bidirectional communication 

 

1 Introduction 

Communication is a fundamental requirement for 
social interaction, education, healthcare, and profess-
sional engagement. However, deaf and mute individuals 
frequently encounter communication barriers because 
sign language is not universally understood by the gene-
ral population. This limitation significantly affects 
inclusivity and accessibility in various domains such as 
healthcare systems, public service environments, educa-
tional institutions, and emergency communication 
scenarios. 

Recent developments in Artificial Intelligence (AI), 
computer vision, machine learning, and embedded sys-
tems have contributed significantly to the advancement 
of sign language recognition systems. Most conven-
tional systems focus only on converting sign language 
into text or speech, resulting in unidirectional communi-
cation frameworks. Although these systems improve 
 

accessibility, they fail to support complete two-way 
interaction between sign language users and non-
signers. 

Moreover, traditional software-based sign language 
recognition systems suffer from several limitations 
including: 

1. High computational complexity 
2. Increased response latency 
3. Limited portability 
4. High power consumption 
5. Reduced robustness under uncertain 

environments 
 

To address these challenges, this paper proposes  
a Bidirectional Robotic Sign Language Communication 
System (BRSLCS) integrating AI-based classification, 
fuzzy logic reasoning, and FPGA-based hardware 
acceleration. 
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The proposed BRSLCS supports: 

• Forward communication: Sign Language → 
Text/Speech 

• Reverse communication: Text/Speech → Sign 
Language 

In the forward communication flow, visual gesture 
inputs are captured using a camera and processed 
through preprocessing, feature extraction, machine 
learning classification, and fuzzy inference stages. In the 
reverse communication flow, speech or text inputs are 
processed using Natural Language Processing (NLP) 
techniques and translated into robotic hand gestures 
using FPGA-controlled actuators. 

The use of FPGA technology offers several advan-
tages for embedded real-time systems including: 

• Parallel processing capability 
• Deterministic timing 
• Low latency operation 
• Reconfigurability 
• Energy-efficient execution 

 
Fuzzy logic is integrated to improve robustness and 

uncertainty handling in gesture interpretation. Human 
gestures naturally exhibit variations due to lighting 
conditions, user-dependent styles, motion blur, and 
partial occlusions. Fuzzy inference systems effectively 
address these uncertainties using linguistic reasoning 
and confidence evaluation mechanisms. 

The proposed BRSLCS is suitable for multiple real-
world applications including: 

• Assistive communication systems 
• Smart classrooms 
• Healthcare communication support 
• Public service accessibility 
• Human-robot interaction 
• Smart home automation 
• Emergency response systems 

 
The remainder of this paper is organized as follows. 

Section 2 reviews related work. Section 3 describes the 
proposed system architecture. Section 4 presents the 
mathematical model and methodology. Section 5 dis-
cusses FPGA implementation. Section 6 presents experi-
mental results and discussion. Section 7 outlines future 
work and Section 8 concludes the paper. 

 

2 Literature review 

Technological advancements in intelligent robotic 
systems have driven the need for state-of-the-art, adap-
tive, and real-time control mechanisms capable of 
operating efficiently in highly uncertain environments. 

Conventional control approaches often fail to address the 
uncertainties and nonlinearities inherent in human–
machine interaction systems. Consequently, the integra-
tion of artificial intelligence (AI), fuzzy logic, and Field 
Programmable Gate Arrays (FPGAs) represents a new 
paradigm for achieving efficient real-time robotic 
controllers, particularly in assistive technologies such as 
sign language interpreter systems. 

The introduction of fuzzy sets laid the foundation for 
fuzzy logic, providing a systematic approach to manage 
the imprecision and uncertainty characteristic of com-
plex systems [1]. Unlike classical binary logic, fuzzy 
logic allows for partial or gradual membership transi-
tions, making it more suitable for simulating real-world 
processes. Additionally, the communication and distri-
buted processing requirements of robotic and embedded 
systems have been addressed through network-based 
frameworks, focusing on system-level integration [2]. 

Type-2 fuzzy algorithms have further advanced fuzzy 
systems by enhancing their functionality in com-plex or 
noisy environments. Unlike traditional fuzzy systems, 
which primarily adapt to specific system characteristics, 
type-2 fuzzy logic explicitly addresses uncertainties 
within membership functions, providing robustness 
against complex noise [3]. 

FPGA technology has enabled practical and imple-
mentable fuzzy logic controllers. Features such as pa-
rallel processing, reconfigurability, and deterministic 
timing make FPGAs ideal for real-time applications. 
Research has demonstrated that embedded fuzzy logic 
controllers can be efficiently implemented on FPGA 
platforms for robotic applications, offering high speed 
and reliability [4]. FPGA architecture optimization, 
including VLSI-based placement techniques, has further 
improved hardware efficiency and resource utilization 
[5]. FPGA-based control systems have also been 
successfully applied to industrial processes, such as 
induction motor speed control, achieving high dynamic 
performance and low time constants [6]. 

Hardware description languages, such as VHDL, 
have facilitated the direct design and synthesis of fuzzy 
logic controllers on FPGAs. Implementations of fuzzy 
inference systems on hardware have demonstrated 
significant potential for real-time control [7], and sub-
sequent optimizations have reduced system complexity 
and resource usage [8]. The advantages of hardware-
based fuzzy controllers over software implementations 
are particularly pronounced in time-sensitive applica-
tions. 

Fuzzy logic has been widely employed to enhance 
system robustness against environmental uncertainties. 
Fuzzy controllers have been shown to mitigate the 
impact of external disturbances, improving overall sys-
tem reliability [9-11]. This capability is crucial for 
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robotic systems interacting with real-world environ-
ments, where sensor noise and environmental variability 
are inevitable. 

Adaptive and neuro-fuzzy methods have further 
contributed to the evolution of intelligent control sys-
tems. Adaptive fuzzy controllers, which adjust their 
parameters in real time, have been applied to motor 
control and other applications, demonstrating improved 
performance [12]. Neuro-fuzzy approaches, combining 
the learning capabilities of neural networks with the 
simplicity of fuzzy systems, enable automatic tuning of 
fuzzy control rules. These techniques have been suc-
cessfully implemented on FPGAs for robotic navigation 
[13]. High-level synthesis tools have facilitated rapid 
prototyping and hardware implementation of fuzzy 
systems [14]. 

Modern robotic platforms have benefited signi-
ficantly from advances in AI, particularly in artificial 
neural networks and deep learning. Deep convolutional 
networks have demonstrated superior performance in 
visual recognition tasks, critical for robots to understand 
human gestures and sign language [15, 16]. While AI-
based solutions excel in feature extraction from visual 
data, they are computationally intensive, necessitating 
hardware acceleration, for which FPGAs provide an 
attractive solution. FPGA-based architectures have 
enabled the development of real-time robotic systems. 
Visual control systems implemented on FPGAs have 
demonstrated lower latency and highly responsive 
robotic behaviour [17]. 

Sign language recognition systems have emerged as 
a crucial research area in assistive robotics. Early 
systems employed wearable devices, such as smart 
gloves, to capture hand gestures and translate them into 
text or speech [18, 19]. While reliable, these systems 
lacked scalability and natural interaction. Later 
approaches utilized vision-based methods with cameras 
and image processing techniques, providing more natu-
ral interaction [20]. Despite these advantages, vision-
based systems demand substantial computational 
resources, underscoring the need for efficient real-time 
processing.  

The development of interpretable fuzzy controllers 
has further enhanced usability and transparency in 
contemporary systems [21]. Recent studies highlight the 
trade-off between interpretability and performance,  
a critical consideration for human-centric applications. 
Similarly, FPGA-based fuzzy control systems have 
allowed autonomous vehicles to navigate efficiently 
[22, 23]. Reviews of FPGA applications confirm their 
speed, flexibility, and energy efficiency for embedded 
and real-time systems [24]. The exploration of micro-
controller- and FPGA-based intelligent control systems 
has facilitated compact hardware platforms capable of 
executing sophisticated control algorithms [25]. Recent 

trends in hardware-algorithm co-design aim to maxi-
mize system performance. FPGA-based fuzzy feedback 
controllers have achieved improved efficiency and 
scalability [26]. Co-design methodologies have been 
applied to autonomous guided vehicles, demonstrating 
superior real-time performance [27]. Embedded fuzzy 
control systems implemented on reconfigurable FPGAs 
have increased flexibility and adaptability [28]. Re-
searchers are increasingly leveraging FPGA technology 
for gesture and sign language recognition. FPGA-based 
gesture detection has shown potential for real-time 
implementation, with reduced latency and improved 
system efficiency [29].  

FPGA-in-the-loop techniques have demonstrated 
complex control algorithms for advanced robotic sys-
tems, such as robotic manipulators, effectively bridging 
simulation and physical implementation [30]. Emerging 
research in hardware-accelerated AI systems indicates 
that the integration of fuzzy logic, AI, and FPGA techno-
logies can significantly advance intelligent systems. 
Hardware-accelerated AI architectures using fuzzy logic 
have improved adaptability and security [31]. FPGA-
based fuzzy inference systems have been applied to 
complex datasets in areas such as sports analytics, 
demonstrating the versatility of fuzzy logic [32]. 

Recent reviews highlight FPGA applications in 
healthcare and embedded systems, emphasizing their 
growing relevance for real-time intelligent applications 
[33]. Hybrid controllers combining PID and fuzzy 
approaches have demonstrated enhanced stability and 
performance in robotic systems [34]. FPGA-based acce-
leration of deep neural network algorithms has proven 
highly effective for real-time AI implementations [35]. 
AI-based algorithms have further enhanced these sys-
tems, enabling multilingual sign language recognition 
with high accuracy and generalization [36]. Addi-
tionally, FPGA-based fuzzy learning control systems 
adapt to dynamic system conditions [37], and advanced 
fuzzy control techniques have been successfully em-
ployed in multi-robot systems [38]. 

In industrial robotics, FPGA-based adaptive fuzzy 
controllers, combined with image processing, have 
achieved high accuracy and efficacy [39]. Optimization 
of lightweight convolutional neural networks for FPGA-
based systems has addressed resource and power 
constraints [40]. Despite the high accuracy achievable 
with deep learning models, optimized hardware is 
essential for real-time processing [41-43]. Neuro-fuzzy 
controller implementations for robotic manipulators 
have demonstrated real-time learning and execution 
capabilities [44-46]. 

Overall, the literature reflects a progression from 
foundational fuzzy logic theory to high-level AI-
integrated FPGA-based control systems. Initial studies 
focused on fuzzy logic principles and hardware imple-
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mentation. Subsequent research emphasised optimi-
sation, adaptation, and AI integration. Current trends 
prioritise real-time performance, hardware acceleration, 
and intelligent perception, enabling applications such as 
sign language interpreters. Despite these advances, 
challenges remain in integrating sophisticated AI models 
with fuzzy logic algorithms on FPGA platforms, 
highlighting ongoing opportunities for research and 
development in this domain. 

 

3 System architecture 

The proposed system implements a staged pipeline, 
beginning with visual sensing and concluding with 
multimodal output. A camera captures hand gestures and 
forwards the frames to a preprocessing unit that norma-
lizes illumination, suppresses noise, and isolates the 
region of interest (ROI). Feature extraction then converts 
these images into compact vectors encoding geometric 
contours, key points, and motion cues. These vectors are 
processed by an AI classifier, which proposes candidate 
labels for the observed gestures. Subsequently, a fuzzy 
inference module evaluates these candidates using 
predefined rule sets that consider confidence levels, 
temporal consistency, and environmental factors. All 
critical processing blocks are hosted on an FPGA, 
ensuring parallel execution and low-latency perfor- 

mance. Interfaces are provided for both display and 
speech synthesis, allowing recognized signs to be 
presented in text or audio form. Feedback loops smooth 
predictions across consecutive frames, enhancing stabi-
lity during rapid hand movements. Communication 
interfaces facilitate data logging and optional cloud 
connectivity for model updates and analytics.  

 

3.1 Forward flow: Sign → Text/Speech 

Figure 1 shows block diagram of the forward flow 
pipeline from hand gestures to text or speech output, 
illustrating image acquisition, preprocessing, feature 
extraction, AI classification, fuzzy logic refinement, and 
output generation. Initially, the camera captures real-
time hand gestures, which are preprocessed to reduce 
noise, normalize lighting, and extract the ROI. Spatial 
and temporal features, including shape, contour, motion, 
and orientation, are then extracted from these frames. 
The extracted features are fed into an AI-based classifier, 
such as an SVM or CNN, which predicts candidate 
gesture classes. To enhance reliability, a fuzzy inference 
module evaluates these candidate labels based on fuzzy 
rules that incorporate confidence levels and motion 
consistency. Finally, the recognized gesture is converted 
into text or speech through the output interface. 

 

 

Fig. 1. Block diagram of the forward flow for sign-to-text/speech conversion 

 

 

Mathematically, the fuzzy inference output can be 
expressed using the weighted average defuzzification 
method: 

𝑌𝑌 =
∑ 𝑊𝑊𝑖𝑖
𝑛𝑛
𝑖𝑖=1 𝐹𝐹𝑖𝑖
∑ 𝑊𝑊𝑖𝑖
𝑛𝑛
𝑖𝑖=1

                                                      (1) 

This equation represents the defuzzification process, 
specifically the weighted average method, used to con-
vert fuzzy results into a crisp output. 

• 𝐹𝐹𝑖𝑖: Represents the output of the i-th fuzzy rule. 
Each rule corresponds to a linguistic condition 
such as Low, Medium, or High confidence in 
gesture classification.  
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• 𝑊𝑊𝑖𝑖: Represents the weight (firing strength) of the 
corresponding fuzzy rule. It indicates how 
strongly a rule is activated based on the input 
features.  

• 𝑛𝑛: Total number of fuzzy rules in the system  
• 𝑌𝑌: Final crisp output after combining all fuzzy 

rules  

Working principle: 

1. Input features (gesture confidence, motion con-
sistency, etc.) are converted into fuzzy values 
(fuzzification).  

2. Fuzzy rules are applied (e.g., IF confidence is high 
AND motion is stable THEN output is strong 
match).  

3. Each rule produces an output 𝐹𝐹𝑖𝑖with a strength 𝑊𝑊𝑖𝑖.  
4. The final output is computed as a weighted 

average, ensuring that stronger rules contribute 
more to the decision.  

Equation (1) handles uncertainty and ambiguity in 
gesture recognition and improves decision reliability 
under noise, occlusion, and lighting variation, it also 
provides smoother and more stable outputs compared to 
hard classification 

Gesture classification is further supported by a linear 
SVM, expressed as: 

𝑓𝑓(𝑥𝑥) = 𝑤𝑤𝑇𝑇𝑥𝑥 + 𝑏𝑏                                                   (2) 
This equation represents a linear decision boundary 

used for classification. 

• 𝑥𝑥: Input feature vector extracted from gesture 
images (shape, motion, orientation)  

• 𝑤𝑤: Weight vector learned during training  
• 𝑏𝑏: Bias term  
• 𝑤𝑤𝑇𝑇𝑥𝑥: Dot product between weights and input 

features  
• 𝑓𝑓(𝑥𝑥): Output score used to classify the gesture 

 

Working principle: 

• The SVM separates data into classes using  
a hyperplane  

• If:  𝑓𝑓(𝑥𝑥) > 0→ belongs to Class 1  
 𝑓𝑓(𝑥𝑥) < 0→ belongs to Class 2  

Figure 2 shows the mathematical representation of 
the forward flow, showing integration of fuzzy inference 
and SVM classification for robust gesture recognition. It 
represents membership value μ and peak of the triangle 
classifies low medium and high values of SVM. 
Weighted fuzzy outputs are combined (Eqn. 1) and 
processed via a linear SVM decision boundary (Eqn. 2) 
to generate a crisp classification result. Multi-class 
gesture recognition is achieved using a one-vs-all 
approach. The SVM is well-suited for FPGA imple-
mentation due to its high accuracy with high-
dimensional features and the simplicity of its linear 
operations. 

 

 

 

Fig. 2. Mathematical representation of the forward flow incorporating fuzzy output and SVM classification 

 

3.2 Reverse Flow: Text/Speech → Sign 

Figure 3 shows the reverse flow, converting text or 
speech into corresponding gestures, involves multiple 
processing stages. It also depicts the block diagram of 
the reverse flow from text or speech input to gesture 

execution using fuzzy decision logic. The stages include 
input processing, speech-to-text conversion (if ne-
cessary), NLP analysis, gesture mapping, fuzzy rule 
optimization, and robotic hand control. The system first 
accepts text or speech input. If the input is speech, it is 
converted into text through a speech-to-text module.  
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A natural language processing (NLP) module then 
analyzes the textual input to extract semantic meaning, 
identify key phrases, and map them to corresponding 
gesture sequences. The gesture mapping module 
references a predefined database to select the appropriate 
static or dynamic sign language gestures. To handle 
ambiguity in language and select the most suitable 
gesture representation, a fuzzy decision module

is applied. Finally, the FPGA generates control signals 
to actuate the robotic hand, executing the mapped 
gestures. The fuzzy output in the reverse flow is 
represented mathematically as: 

𝑌𝑌 =
∑ 𝑊𝑊𝑖𝑖
𝑛𝑛
𝑖𝑖=1 𝐹𝐹𝑖𝑖
∑ 𝑊𝑊𝑖𝑖
𝑛𝑛
𝑖𝑖=1 𝐼𝐼

                                                      (3) 

 

 

Fig. 3. Block diagram of reverse flow using fuzzy decision logic for gesture mapping 

 

 

Fig. 4. Block diagram of reverse flow using NLP module and FPGA control logic 

 

The NLP module processes raw text or speech input 
to extract meaningful linguistic information, including 
keywords, intent, and grammatical structure. It converts 
unstructured text into a structured format, performs 
tokenization and semantic analysis, identifies important 
words while removing irrelevant components, and 
manages variations in language, such as synonyms and 
sentence structure. This ensures that the system accura-
tely interprets the input for gesture mapping. 

Figure 4 shows the block diagram of the reverse flow 
from text or speech input (using ASR/TTS) to gesture 
execution using NLP processing (fuzzy logic gesture 
mapping) and FPGA-based control logic driving motor 
control signals. NLP extracts semantic meaning, maps 
phrases to gesture sequences, and FPGA hardware 
generates control signals for robotic actuation. The 
gesture mapping database stores pre-defined mappings 

between textual elements – words, phrases, or sentences 
– and their corresponding sign language gestures. It 
maintains a repository of static and dynamic gestures, 
supports vocabulary lookup, indexing, and expansion for 
multiple languages and regional variations. This module 
bridges language understanding and robotic execution, 
ensuring that each recognized word or phrase is 
translated into the correct gesture sequence. 

The fuzzy decision module enhances system ro-
bustness by handling ambiguity and uncertainty in both 
forward and reverse flows. It evaluates multiple possible 
interpretations of input, applies fuzzy rules to select the 
most appropriate gesture or output, assigns confidence 
levels to competing options, and resolves conflicts when 
multiple gestures correspond to similar inputs. In real-
world scenarios, where language and gestures often 
contain inherent ambiguity, this module ensures smooth 



522                Kshitij Shinghal et al.: Hardware implementation of AI-based fuzzy logic for real-time sign language interpreter … 

and reliable decision-making, improving system accu-
racy, stability, and adaptability under uncertain con-
ditions. 

 

4 Methodology 

The proposed methodology integrates data prepa-
ration, model training, fuzzy rule design, and hardware 
mapping to achieve robust and real-time sign language 
interpretation. A curated dataset of sign gestures is 
captured under varied lighting conditions and back-
grounds to enhance system generalization. Images are 
preprocessed and converted into features that are 
invariant to scale and rotation. A supervised classifier 
maps these features to gesture labels, while validation 
procedures optimize hyperparameters and prevent 
overfitting. In parallel, a fuzzy rule base is designed to 
interpret classifier outputs contextually, considering 
confidence scores and temporal continuity. The 
defuzzification step produces a crisp decision that 
balances competing hypotheses. 

For hardware realization, the pipeline is partitioned 
into modules suitable for parallel execution on an FPGA. 
Fixed-point representations are adopted where appro-
priate to minimize resource usage without compro-
mising accuracy. Careful scheduling and pipelining are 
applied to reduce latency. The result is a cohesive 
framework that merges learning-based classification 
with rule-based reasoning, enabling dependable real-
time interpretation. 

Implementing the interpreter on an FPGA provides 
deterministic timing and efficient parallelism. Core 
modules include preprocessing accelerators, feature 
extraction blocks, a classifier engine, and a fuzzy 
inference unit. Each module is described using hardware 
description constructs and optimized through pipelining 
to process streaming data. Lookup tables are used to 
store membership functions for the fuzzy system, while 
memory buffers manage frame flow and support 
temporal smoothing across consecutive inputs. The 
design exposes clear interfaces for camera input and 
output peripherals, facilitating integration with display 
and audio modules. Power efficiency is achieved by 
tailoring the datapath to the workload, avoiding over-
head typical of general-purpose processors. The modular 
design also simplifies upgrades, allowing integration of 
newer classifiers or expanded rule sets with minimal 
impact on surrounding logic. 

The system is evaluated using real-time camera input 
under diverse lighting and background conditions, with 
multiple users contributing gestures. Performance 
metrics include classification accuracy, latency, power 
consumption, and temporal stability. Observations 
demonstrate that FPGA implementation significantly 
reduces latency, fuzzy logic improves classification near 
ambiguous boundaries, the system is robust under noise 
and occlusion, and power consumption is lower than 
CPU-based systems. 

 

5 Experimental setup 

Evaluation was conducted using both recorded data-
sets and live camera feeds to simulate realistic operating 
conditions. The testbed included varied back-grounds, 
lighting levels, and user profiles to examine robustness. 
Key metrics included classification accuracy, end-to-end 
response time, energy usage, and system reliability over 
extended runs. Baseline comparisons against CPU 
implementations highlighted latency and power benefits. 
Temporal stability was assessed by measuring prediction 
consistency across consecutive frames. Error analysis 
identified misclassifications due to occlusion, motion 
blur, and ambiguous gestures, informing refinements to 
the classifier and fuzzy rules. Logging mechanisms 
captured detailed traces for offline inspection, while on-
device counters tracked throughput and timing. This 
comprehensive setup ensures that results reflect practical 
performance rather than idealized laboratory conditions. 

The experimental setup included recognition and 
generation modules. Figure 5 depicts hardware compo-
nents consisting of an FPGA board (Xilinx/Altera), 
camera module, microphone for speech input, robotic 
hand with actuators, and display and speaker modules. 
Evaluation scenarios encompassed multiple users with 
different gesture styles, variable lighting conditions, and 
real-time speech and text inputs. Performance metrics 
were recognition accuracy, gesture generation accuracy, 
end-to-end latency, power consumption, and system 
robustness. Observations indicated that FPGA ensures 
low-latency real-time processing, fuzzy logic improves 
decision accuracy under ambiguous conditions, reverse 
flow enables effective communication for non-signers, 
and the robotic hand provides intuitive visual feedback. 

  



Journal of Electrical Engineering, Vol. 77, No. 5, 2026                                                                  523 

  

Fig. 5. FPGA-based robotic gesture generator hardware implementation 

 

 

6 Results and discussion 

The results demonstrate that the FPGA-based pipe-
line achieves faster and more stable inference compared 
to software-only baselines. Accuracy improved when 
the fuzzy layer was combined with the classifier, 
particularly near decision boundaries where ambiguity is 
common. Parallel processing and streamlined dataflow 
reduced response times, enabling near real-time feed-
back suitable for interactive use. Power measurements 
showed lower consumption relative to CPU-based 
execution, supporting extended portable deployment. 
Temporal smoothing further enhanced user experience 
by reducing flicker in predictions during rapid motion. 
Challenges remain in handling highly dynamic gestures 
and extreme lighting variations, which can degrade 
feature quality; however, fuzzy rules incorporating con-
fidence and continuity partially mitigate these issues. 
Overall, a hybrid approach leveraging learning and rule-
based reasoning on FPGA provides a balanced solution 
for assistive communication tasks. 

Performance evaluation focused on latency, accu-
racy, throughput, and power efficiency, with compa-
risons to existing FPGA, CPU, and GPU implement-
tations. 

Figure 6 shows that the proposed system achieves 
significantly lower latency due to FPGA parallelism and 
pipelined architecture. FPGA-based systems consis-
tently outperform CPU/edge implementations in real-
time responsiveness. Table 1 shows the latency com-
parison of different FPGA with proposed system, it is 
evident that proposed system has low latency of  
10-25 ms. 

 

 
Fig. 6. Latency comparison for various FPGA systems 

with the proposed system 
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Table 1. Latency comparison of different FPGA implementations 

System / Approach Tiny YOLO FPGA 
[41] 

IoT CNN-LSTM 
[42] 

FPGA ASR 
[43, 44] 

Proposed system 
(BRSLCS) 

latency 30 ms 65 ms 125 ms 10-25 ms 
 

Table 2. Accuracy comparison of the proposed system with existing FPGA implementations 

System / Approach Tiny YOLO FPGA 
[41] 

IoT CNN-LSTM 
[42] 

FPGA ASR 
[44, 45] 

Proposed system 
(BRSLCS) 

accuracy 61.2% 86.7% 92.4% 92-95% 
 

Table 3. Throughput comparison of the proposed system with other FPGA systems 

System / Approach Tiny YOLO FPGA 
[41] 

IoT CNN-LSTM 
[42] 

3D CNN 
[44] 

Proposed system 
(BRSLCS) 

throughput 32.7 FPS 12-15 FPS 7580 img/s 30-60 FPS 
 

Table 4. Power efficiency comparison of FPGA-based implementations 

System / Approach Tiny YOLO FPGA 
[41] 

GPU systems [44] CPU 
systems 

Proposed system 
(BRSLCS) 

Power consumption 
(W) 5.6 50-250 15-65 4-6 

 
Table 5. Reverse flow latency (Text/Speech → Sign) performance 

Parameter Speech processing 
latency 

Gesture generation 
delay 

Total end-to-end 
delay 

Latency / Delay 
time (ms) 80-125 5-15 ~100-150 

 
 

Figure 7 shows that accuracy comparison with the 
integration of fuzzy logic improves decision accuracy 
near uncertain boundaries, outperforming standalone 
deep learning models in noisy environments. 

 
 

 
Fig. 7. Accuracy comparison of the proposed system 

with various FPGA systems 
 

Figure 8 shows that FPGA systems provide signi-
ficantly higher throughput due to parallel execution and 
pipelining. Table 3 shows the throughput comparison of 
the proposed system with various FPGA systems. The 
proposed system has a throughput of 30-60 FPS. 

 

 
Fig. 8. Throughput comparison for the proposed system 

against various FPGA systems 
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The power efficiency comparison of FPGA-based 
implementation is significantly more energy-efficient, 
making it suitable for portable assistive devices as 
shown in Tab. 4. Table 5 shows the reverse flow intro-
duces slight latency due to speech processing but re-
mains within acceptable real-time limits for human inter-
action. The comparison summary of various systems for 
accuracy, latency, throughput and power with proposed

 system is given in Tab. 6. The proposed system has 
accuracy of 92-95%, a slightly higher delay 10-25 ms 
with a throughput of 30-60 FPS with maximum power 
consumption of 6 W. 

The FPGA-based system demonstrates lower latency, 
higher accuracy, and power efficiency, validating the 
hybrid AI–fuzzy approach as suitable for real-time, 
bidirectional assistive communication. 

 

Table 6. Summary comparison of various systems 

System / Approach 
Platform Accuracy (%) Latency 

(ms) 
FPS / 

Throughput 
Power 
(W) 

Proposed system (AI + Fuzzy + 
FPGA) FPGA 92-95 10-25 30-60 FPS ~4-6 

Tiny YOLOv2 FPGA (2025) FPGA 61.2 30 32.7 FPS 5.6 
IoT SLR (LSTM + 3D CNN, 
2026) Edge ~90 65 12-15 FPS — 

FPGA CNN image system FPGA — 0.13 7580 img/s — 

FPGA ASR system FPGA+ 
Mobile 

~90  
(WER-based) 125 Real-time — 

FPGA OCR accelerator FPGA — 2.1-4.2 458-922 FPS ~1.5 
 

 

7 Future scope 

Future enhancements aim to incorporate deep 
learning models tailored for spatiotemporal gesture 
recognition, including convolutional and sequence-
based architectures, while maintaining real-time con-
straints through hardware optimization. Expanding 
vocabulary to cover regional and international sign 
languages can increase applicability. Multimodal sen-
sing, such as depth and wearable inputs, may improve 
robustness under challenging conditions. Adaptive 
learning can personalize the system to individual users 
over time. Cloud integration can support model updates 
and analytics while preserving privacy. Improvements in 
robotic hand dexterity, multimodal feedback, and edge 
AI accelerators may further enhance user interaction. 

 

8 Conclusion 

This paper presents a novel FPGA-based bidirec-
tional sign language communication system that 
integrates AI and fuzzy logic. The system effectively 
translates sign language into text and speech while 
enabling reverse translation from text and speech into 
robotic sign gestures. 

The hybrid AI–fuzzy approach enhances robustness, 
accuracy, and interpretability, while FPGA imple-

mentation ensures real-time performance and energy 
efficiency. Experimental evaluation confirms improve-
ments in responsiveness, stability, and robustness under 
uncertain conditions. The modular pipeline design 
supports scalability and continuous refinement. This 
work demonstrates a practical pathway for next-
generation, real-time assistive communication systems 
that balance performance, reliability, and inclusivity. 
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