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Abstract   

Gesture recognition serves as a vital interface in human-machine communication, 

enabling systems to interpret and respond to user commands through natural body movements, 

particularly hand gestures. In the development of smart environments, assistive systems, and 

augmented reality applications, accurate and real-time gesture interpretation is essential. 

However, gesture recognition faces several challenges, including variations in lighting, 

background complexity, hand occlusions, and the temporal dynamics of human gestures. 

Existing approaches primarily depends on RGB data, making them susceptible to 

environmental noise and fluctuations in illumination. Additionally, some existing methods are 

ineffective in modeling temporal dependencies, resulting in decreased recognition reliability. 

To address these limitations, this research proposes a novel architecture, DMT-GAFNet, 

designed to enhance gesture command recognition by integrating dual-modality encoding with 

a guided attention fusion model. The model incorporates parallel encoders for RGB and 

thermal streams, alongside a modality confidence estimator that dynamically weights features 

based on input reliability. A lightweight GRU-based temporal encoder ensures effective 
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sequential modeling of gestures. The system was experimentally validated on a dataset 

combining HaGRID RGB data and Zenodo thermal data, encompassing six gesture classes and 

diverse visual conditions. Comparative analysis with existing deep learning models, including 

CNN-LSTM, MobileNetV2, ResNet18, EfficientNetB0, and VGG16, demonstrates that the 

proposed model outperforms these alternatives, achieving a precision of 0.9399, recall of 

0.9484, F1-score of 0.9493, specificity of 0.9523, and accuracy of 97.05%. The proposed 

method not only achieves high classification accuracy under varying conditions but also 

exhibits significant potential for deployment in real-time gesture-based interaction systems. 

Keywords: Multimodal Gesture Recognition, Guided Attention Mechanism, Thermal-RGB 

Fusion, Temporal Sequence Modeling, Dual-Encoder Architecture, Modality Confidence 

Estimation.  

 Introduction 

Gesture recognition has emerged as a fundamental paradigm in the field of human-

computer interaction (HCI), which enables machines to interpret human motions and respond 

accordingly without the need for physical contact or wearable sensors. Among the various 

modalities, hand gesture recognition is considered a useful method for controlling devices in 

smart environments, gaming, robotics, sign language translation, and augmented or virtual 

reality systems [1]. Its non-intrusive nature and control make it especially suitable for assistive 

technologies for elderly or disabled users. The basic gesture recognition process analyzes the 

spatial and temporal patterns of hand movements and classifies them into predefined categories 

[2]. Recent trends in computer vision allow systems to recognize gestures using image 

sequences, skeletal tracking, and even electromyography signals [3]. RGB cameras and 

infrared sensors are widely used as input sources for visual gesture recognition. However, the 

reliability of gesture detection still depends on the quality of the input stream, particularly in 

dynamic environments. Another challenge is the susceptibility of RGB-based models. 

Illumination changes and background clutter significantly affect recognition accuracy in real-

world applications [4-5]. 

Traditional gesture recognition techniques are broadly classified into handcrafted 

feature-based methods and deep learning-based approaches. Traditional approaches depend on 

shape descriptors, motion vectors, optical flow, and skin color segmentation to extract relevant 

features from gesture sequences [6]. These features are then classified using machine learning 
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algorithms such as support vector machines (SVM), hidden Markov models (HMM), k-nearest 

neighbors (KNN), and decision trees [7]. Although these methods are computationally 

efficient, they are highly sensitive and lack generalization across diverse gesture styles and 

environments. To overcome this, deep learning-based methods have been developed, which 

perform automated feature extraction and achieve improved recognition accuracy. Specifically, 

convolutional neural networks (CNNs) are widely utilized to extract spatial features from 

individual frames [8], while recurrent neural networks (RNNs), specifically long short-term 

memory (LSTM) and gated recurrent units (GRUs), excel at modeling temporal dependencies 

[9]. Hybrid models have become popular in recent times as they combine the strengths of 

multiple modules to achieve temporal-spatial modeling [10, 11]. However, these models 

generally utilize RGB data and exhibit limited performance due to lighting variations. 

Transformer-based models have also been explored for gesture recognition, as they provide 

parallel processing and long-term sequence modeling. However, their high complexity and 

resource requirements prevent deployment in real-time environments [12]. 

Multimodal learning is an emerging research area in gesture recognition that combines 

complementary sources of information to improve robustness and accuracy. Multimodal 

techniques incorporate data from RGB, depth, infrared, or thermal cameras. In some cases, 

inertial measurement units, audio signals, and electromyography sensors are also used. 

Different fusion strategies are followed in earlier and recent hybrid models [13-15]. The main 

objective of this research is to design a novel lightweight and context-adaptive gesture 

recognition model using the complementary features of RGB and thermal streams. The goal is 

to maintain high recognition accuracy across varied environments while preserving 

computational efficiency suitable for real-time applications. 

To achieve the above objective, this research work introduces a novel architecture, 

Dual-Modality Transformer with Guided Attention Fusion Network (DMT-GAFNet), which is 

specifically developed for gesture command recognition. The proposed model consists of two 

lightweight parallel encoders designed for RGB and thermal image processing. A modality 

confidence estimation block is also incorporated to compute frame-level reliability scores for 

each stream. These scores dynamically guide the fusion module to highlight the informative 

modality under varying conditions. The fused features are then passed through a gated recurrent 

unit (GRU)-based temporal encoder, which captures sequential dependencies that are essential 

for gesture recognition. The proposed DMT-GAFNet introduces guided attention fusion, which 
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provides context-aware weighting and improved adaptability. The key contributions of this 

research are as follows: 

• A novel dual-encoder architecture is proposed for robust multimodal gesture 

recognition using RGB and thermal inputs. Additionaly, a guided attention fusion 

module is incorporated to provide dynamic weighting based on modality confidence 

scores. Finally, lightweight temporal modeling is presented using GRU for efficient and 

effective sequence recognition. 

• A hybrid dataset is constructed, combining RGB and thermal samples from benchmark 

datasets HaGRID and Zenodo to validate the proposed model performances through 

various metrics.  

• An extensive experimental analysis is presented to demonstrate superior performance 

across all metrics compared to conventional deep learning models. The proposed model 

achieves high recognition accuracy while maintaining computational efficiency, 

making it suitable for real-time gesture recognition systems. 

The remaining discussions in the research work are arranged in the following order: 

Section 2 provides a detailed analysis of existing research works. Section 3 provides the 

mathematical model for the proposed work. Section 4 presents the experimental results and 

discussion and section 5 presents the conclusion of the research work.  

 Related Works 

Recent gesture recognition methodologies utilize manually extracted features as well 

as automatically extracted features. However, attaining better recognition performance is still 

a work in progress due to modality changes and environmental variations. A detailed literature 

review is presented in this section, considering existing approaches to spatial encoding, 

temporal modeling, and multimodal fusion for gesture interpretation. The comprehensive 

gesture recognition analysis presented in [16] incorporates both machine learning and deep 

learning approaches. ML models like SVM and LSTM are trained on a custom dataset that 

contains grayscale gesture images of different classes. Initially, a unique vector-based 

mathematical model is used to extract gesture features from 3D key point coordinates. Further, 
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the features are then classified into their respective categories. Experimental results exhibit the 

LSTM model superior performance over SVM with reduced cross-entropy loss.  

The machine learning-based ensemble model presented in [17] for static hand gesture 

recognition integrates edge detection and robust classification strategies to improve accuracy 

across multiple datasets. The presented model includes segmentation using the Canny edge 

detector, feature extraction using Histogram of Oriented Gradients (HOG), and classification 

using an ensemble model that includes DT, LR, NB, KNN, and SVM algorithms. A majority 

voting mechanism is applied to aggregate the predictions for final classification. The dynamic 

hand gesture recognition model presented in [18] incorporates the Leap Motion (LM) sensor 

and machine learning techniques. The presented model extracts both static and dynamic 

features from hand geometry, such as velocity, direction, angle, and finger distances. 

Furthermore, to improve computational efficiency and remove redundant data, optimal features 

are selected using a random forest with the Gini Index. The resultant optimal features are then 

fed into an SVM classifier with an RBF kernel for classification [19]. 

The multi-head deep neural network (DNN) model presented in [20] for gesture-based 

control systems is designed for visually impaired individuals using mobile devices. The model 

utilizes a two-stage approach in which the first stage extracts visual features using a backbone 

CNN, Darknet,followed by specialized heads for gesture classification, object localization, 

image captioning, and zoom control. The proposed system mainly depends on RGB input, and 

accurate gesture recognition requires specific retraining of specific heads. The hand gesture 

recognition model presented in [21] incorporates a hybrid approach using the Spotted Hyena 

and Sine-Cosine Chimp Optimization algorithms. The model combines the optimization 

algorithm with a deep neural network (DNN) to attain enhanced recognition performance. The 

Sine-Cosine Chimp Optimization is employed in the proposed work for dimensionality 

reduction. The optimized feature subsets are then processed through DNN [22]. The 

experimental results of the presented approach exhibit the model’s better recognition accuracy 

over existing optimization models.  

A TinyML-based gesture recognition model reported in [23] captures sensor data and 

preprocesses it through rasterization to convert continuous gesture trajectories into 2D grid-

based images. Finally, classification is performed using a lightweight CNN model. However, 

the dataset used for the presented model experimentation was limited in diversity, as it was 

collected from a single user.  This raises concerns about generalization across various style 
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recognition. The human action and gesture recognition model presented in [24] utilizes 

skeleton-based modeling and a 3D pose estimation technique to acquire accurate body and 

hand joint coordinates. These skeletons are processed through multiple Shift-GCN models, 

which handle a subset of joints like body and hands and are combined through an ensemble 

averaging model for final classification [25]. The results show that the ensemble approach, 

which combines the body and single hand models, attains improved recognition accuracy over 

traditional methods.  

The dynamic hand gesture recognition model presented in [26] incorporates a 3D 

separable CNN for real-time human-computer interaction. The model utilizes an appearance-

based approach and employs frame differencing as a lightweight preprocessing technique to 

convert RGB video into grayscale motion vectors. A customized 3D separable CNN model is 

then incorporated to improve generalization, feature extraction, and recognition efficiency. The 

gesture recognition model presented in [27] utilizes an adaptive cross-modal weighting 

approach to improve multi-modal feature fusion from RGB-D data. The methodology 

integrates spatial and temporal feature fusion strategies, which are embedded into different 

layers of deep network backbones like C3D and 3D ResNet-50 to exhibit the recognition 

efficiency of the presented model. 

2.1   Research Gap  

A comprehensive analysis presented above exhibits the limitations and research gaps 

in existing gesture recognition systems and highlights the need for a more adaptive and robust 

approach. Most existing works mainly depend either on RGB data or inertial signals, which are 

often sensitive to illumination changes, occlusions, or physical sensor placement, limiting their 

applicability in real-world environments. While few researchers have made progress with 

attention mechanisms and fusion strategies, they primarily target static or unimodal gesture 

inputs and neglect dynamic sequence modeling across heterogeneous modalities. Furthermore, 

several gesture recognition models are computationally complex and unsuitable for real-time 

systems. Methods employing thermal or depth inputs are underutilized and often lack context-

aware fusion strategies, while dynamic gestures, which are critical for command interpretation, 

remain underexplored. This highlights a significant gap in developing lightweight, multimodal 

architectures that can dynamically adapt to modality reliability and support dynamic gestures 

in practical settings. Addressing these challenges forms the major motivation for the proposed 

DMT-GAFNet framework. 
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 Proposed Work 

The proposed novel deep learning model, DMT-GAFNet, is designed for efficient and 

robust gesture command recognition utilizing RGB and thermal image streams. The 

architecture of the model integrates a dual-path encoder that employs a lightweight CNN 

Transformer for each modality, accompanied by a guided attention-based fusion mechanism 

and a temporal sequence processing module. The inclusion of transformer-based modules in 

the encoder is driven by their capacity to capture long-range spatial dependencies, thereby 

enhancing gesture recognition, particularly in complex backgrounds. To mitigate 

computational complexity in the temporal dimension, the model utilizes a Gated Recurrent 

Unit (GRU)-based temporal gesture encoder, as opposed to traditional transformer layers. The 

complete process flow of the proposed model is illustrated in Figure 1. Initially, the input 

streams undergo preprocessing, which includes resizing, normalization, and modality 

alignment to ensure spatial coherence. Subsequently, each modality is processed through its 

respective encoder to extract high-level features. These features are then evaluated by the 

guided modality confidence estimator, which generates dynamic confidence scores based on 

ambient conditions, guiding the subsequent cross-attention fusion process. The cross-attention 

fusion facilitates mutual attention exchange between RGB and thermal features, enabling the 

selective enhancement of modality-relevant patterns. The fused features across time steps are 

then forwarded to the GRU, which encodes the temporal dynamics of gestures. Finally, a 

compact classification head, comprising two fully connected layers with GELU activation and 

a SoftMax output, generates the predicted gesture command. 

 
 

Figure 1. Process Flow of Proposed Model 
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3.1   Input Acquisition and Preprocessing 

At each time step 𝑡 , the model receives a pair of images captured simultaneously from 

RGB and thermal sensors. These inputs are represented as 𝐼𝑡
𝑅 ∈ 𝑅𝐻×𝑊×𝟛 and 𝐼𝑡

𝑇 ∈ 𝑅𝐻×𝑊×𝟙, 

where 𝐻 and 𝑊 indicates the respective spatial dimensions of the image, and the last dimension 

represents the number of channels. 𝐼𝑡
𝑅 includes three color channels (red, green, blue), while 𝐼𝑡

𝑇 

consists of a single-channel thermal intensity map. To maintain dimensional consistency and 

enable fusion, the thermal frame is converted to a three-channel format using channel-wise 

replication which is mathematically expressed as 

𝐼𝑡
𝑇 = 𝜙(𝐼𝑡

𝑇) ∈ 𝑅𝐻×𝑊×𝟛                 (1) 

where 𝜙(⋅) indicates the duplication function that copies the single thermal channel 

across three identical planes and creates a pseudo-color image. This alignment ensures 

compatibility between modalities during parallel feature extraction and preserves the original 

thermal information. Following this, channel adjustment is done in which both RGB and 

thermal images are normalized to enhance training stability and convergence speed. 

Normalization is carried out using the mean and standard deviation values calculated over the 

input which is mathematically formulated as 

𝐼𝑡
𝑅 =

𝐼𝑡
𝑅−μ𝑅

σ𝑅
                   (2) 

𝐼𝑡
𝑇 =

𝐼𝑡
𝑇−μ𝑇

σ𝑇
        (3) 

where 𝜇𝑅 ∈ 𝑅𝟛 and 𝜎𝑅 ∈ 𝑅𝟛 indicates the per-channel mean and standard deviation for 

the RGB images. Similarly, μ𝑇 ∈ 𝑅𝟛 and σ𝑇 ∈ 𝑅𝟛 are derived from the thermal data and are 

broadcasted across the replicated channels. The resulting normalized tensors, 𝐼𝑡
𝑅 ∈ 𝑅𝐻×𝑊×𝟛 

and 𝐼𝑡
𝑇 ∈ 𝑅𝐻×𝑊×𝟛 are then fed into the dual-encoder modules of the proposed architecture. 

3.2   Dual-Modality Feature Encoding 

Once the normalized input tensors (𝐼𝑡
𝑅̂ ∈ 𝑅𝐻×𝑊×𝟛) and (𝐼𝑡

𝑇̂ ∈ 𝑅𝐻×𝑊×𝟛) are obtained, 

they are processed through two parallel feature encoding modules. Each encoder is designed 

with a hybrid lightweight convolutional layers and local transformer attention for extracting 

modality-specific semantic and spatial information with better efficiency. The initial stage in 
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both encoders applies a series of depthwise separable convolutional layers to reduce spatial 

resolution and extract necessary patterns. Mathematically, the process is formulated as 

𝐹𝑡
𝑅,1 = δ(BN(𝑊1

𝑅 ∗ 𝐼𝑡
𝑅̂ + 𝑏1

𝑅))                 (4) 

𝐹𝑡
𝑇,1 = δ(BN(𝑊1

𝑇 ∗ 𝐼𝑡
𝑇̂ + 𝑏1

𝑇))     (5) 

where 𝑊1
𝑅 , 𝑊1

𝑇 indicates the convolutional kernels for the first convolutional layer in 

the RGB and thermal branches, respectively: 𝑏1
𝑅 , 𝑏1

𝑇 indicates the bias terms; ‘∗’ indicates the 

convolution operation, BN indicates the batch normalization to stabilize training, δ(⋅) indicates 

the non-linear activation function, (𝐹𝑡
𝑅,1, 𝐹𝑡

𝑇,1 ∈ 𝑅𝐻′×𝑊′×𝐶𝟙) indicates the intermediate feature 

maps after the first convolutional block, where (𝐻′ < 𝐻), (𝑊′ < 𝑊), and (𝐶1) indicates the 

intermediate channel size. This step captures edges, textures, and basic spatial gradients, which 

are essential for early visual representation in both modalities. Furthermore, to compress the 

feature maps and introduce semantic abstraction, additional convolutional layers and residual 

blocks are incorporated which is mathematically formulated as 

𝐹𝑡
𝑅,2 = δ(𝐹𝑡

𝑅,1 + ψ(𝑊2
𝑅 ∗ 𝐹𝑡

𝑅,1 + 𝑏2
𝑅))     (6) 

𝐹𝑡
𝑇,2 = δ(𝐹𝑡

𝑇,1 + ψ(𝑊2
𝑇 ∗ 𝐹𝑡

𝑇,1 + 𝑏2
𝑇))    (7) 

where 𝑊2
𝑅 , 𝑊2

𝑇 indicates the convolutional weights for the second stage, ψ(⋅) indicates 

the dropout used for regularization. The residual connection encourages gradient flow and 

reduces information loss during deeper layer propagation. The output 𝐹𝑡
𝑅,2, 𝐹𝑡

𝑇,2 ∈ 𝑅𝐻′′×𝑊′′×𝐶𝟚 

is further downsampled with better spatial representation and semantic information. This stage 

is essential for transforming raw spatial features into high-level abstractions. To capture 

broader spatial dependencies, a local attention transformer is integrated by flattening the 

intermediate tensor into non-overlapping patches, which is mathematically formulated as  

𝑃𝑡
𝑅 = 𝜌(𝐹𝑡

𝑅,2) ∈ 𝑅𝑁×𝐷      (8)

  

𝑃𝑡
𝑇 = 𝜌(𝐹𝑡

𝑇,2) ∈ 𝑅𝑁×𝐷                            (9) 
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where 𝜌(⋅) indicates the patch embedding operation that flattens spatial feature maps 

into tokens, 𝑁 indicates the number of patches per frame, 𝐷 indicates the token embedding 

dimension. These patches are then passed through a self-attention layer which is formulated as  

𝑍𝑡
𝑅 = MSA(𝑃𝑡

𝑅) + 𝑃𝑡
𝑅                (10) 

𝑍𝑡
𝑇 = MSA(𝑃𝑡

𝑇) + 𝑃𝑡
𝑇                (11) 

where MSA(⋅) indicates the multi-head self-attention module. The residual connection 

helps to preserve low-level spatial details and the transformer-based attention allows each patch 

to attend to others across its local window which refines the modality-specific spatial encoding. 

The final spatial representations 𝑍𝑡
𝑅 and 𝑍𝑡

𝑇 are then passed through global average pooling and 

linear projection to compress the temporal embeddings. Mathematically it is formulated as 

𝐹𝑡
𝑅 = 𝑊𝑓

𝑅 ⋅ GAP(𝑍𝑡
𝑅) + 𝑏𝑓

𝑅               (12) 

𝐹𝑡
𝑇 = 𝑊𝑓

𝑇 ⋅ GAP(𝑍𝑡
𝑇) + 𝑏𝑓

𝑇               (13) 

where GAP indicates the global average pooling over all spatial tokens, 𝑊𝑓
𝑅 ,𝑊𝑓

𝑇 ∈

𝑅𝑑×𝐷 indicates the final projection matrices for each modality, 𝑏𝑓
𝑅 , 𝑏𝑓

𝑇 ∈ 𝑅𝑑 and indicates the 

bias terms, 𝐹𝑡
𝑅 , 𝐹𝑡

𝑇 ∈ 𝑅𝑑 indicates the final feature vectors representing RGB and thermal 

inputs. These vectors are modality-specific and form the core representation used for cross-

modal attention and downstream temporal fusion. As each frame 𝑡 ∈ {1, 2, … , 𝑇} is processed 

independently, the above process generates two synchronized temporal sequences of deep 

feature embeddings which are expressed as 

ℱℛ = {𝐹1
𝑅 , 𝐹2

𝑅 , … , 𝐹𝑇
𝑅}                (14) 

ℱ𝒯 = {𝐹1
𝑇 , 𝐹2

𝑇 , … , 𝐹𝑇
𝑇}                                      (15) 

These sequences are now structurally and dimensionally aligned, ready to be fused 

using guided attention in the next stage. A simple illustration of the dual modality feature 

encoder is presented in Figure 2 for better understanding the process.   
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Figure 2. Dual-Modality Feature Encoding 

3.3   Guided Modality Confidence Estimation  

After generating spatial feature representations for both RGB and thermal frames 

through the dual encoders, it is processed by the Guided Modality Confidence Estimation 

(GMCE) module. It dynamically evaluates the reliability and informative strength of each 

modality at every time step and enables the system to adaptively prioritize modality 

contributions in the fusion process. The GMCE plays an important role in environments where 

RGB or thermal information may become unreliable due to illumination changes, occlusion, or 

sensor noise. For each time step 𝑡, the output feature vectors from the RGB and thermal 

encoders are denoted by 𝐹𝑡
𝑅 ∈ 𝑅𝑑 and 𝐹𝑡

𝑇 ∈ 𝑅𝑑, respectively. To compress these vectors into a 

suitable form a global pooling operation is applied which is mathematically formulated as  

𝑣𝑡
𝑅 = GAP(𝐹𝑡

𝑅) ∈ 𝑅𝑑                (16) 

𝑣𝑡
𝑇 = GAP(𝐹𝑡

𝑇) ∈ 𝑅𝑑                           (17) 

where GAP(⋅) indicates a global average pooling function. The resulting vectors 𝑣𝑡
𝑅 and 

𝑣𝑡
𝑇 serve as summarized modality-aware representations for time step 𝑡. The GMCE module 

evaluates the relevance of each modality through a learnable transformation followed by a 

sigmoid activation function. This results in modality-specific scalar confidence scores which 

is mathematically formulated as 

α𝑡
𝑅 = σ(𝑊𝑐

𝑅 ⋅ 𝑣𝑡
𝑅 + 𝑏𝑐

𝑅)               (18) 

α𝑡
𝑇 = σ(𝑊𝑐

𝑇 ⋅ 𝑣𝑡
𝑇 + 𝑏𝑐

𝑇)               (19) 
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where α𝑡
𝑅 , α𝑡

𝑇 ∈ [0,1] indicates the confidence weights for the RGB and thermal 

modalities, 𝑊𝑐
𝑅 ,𝑊𝑐

𝑇 ∈ 𝑅𝟙×𝑑 indicates the trainable weight vectors that project the pooled 

features into a scalar, 𝑏𝑐
𝑅 , 𝑏𝑐

𝑇 ∈ 𝑅 indicates the scalar bias terms, 𝜎(⋅) indicates the sigmoid 

function that ensures the output scores are in the range between 0 and 1. These confidence 

scores act as dynamic gates and modulates the relative influence of each modality during the 

fusion stage. A higher value of α𝑡
𝑅 indicates the greater trust in the RGB input at that frame, 

while a higher α𝑡
𝑇 reflects the stronger reliability of thermal data. To maintain alignment with 

the sequence of feature vectors across the gesture frames, confidence values are aggregated 

over time which is mathematically formulated as 

α𝑅 = {α1
𝑅 , α2

𝑅 , … , α𝑇
𝑅}                           (20) 

α𝑇 = {α1
𝑇 , α2

𝑇 , … , α𝑇
𝑇}                          (21) 

These two sequences represent the per-frame modality confidence distributions and are 

used in the next stage to guide attention-based fusion. A simple illustration of guided modality 

confidence estimation is presented in Figure 3.   

 

Figure 3. Guided Modality Confidence Estimation 

3.4   Cross-Attention Fusion  

Following by modality-specific encoding and confidence estimation, the next process 

in the proposed DMT-GAFNet is the cross-attention fusion which takes the responsible for 

merging the RGB and thermal features in a context-sensitive manner. Thus, it allows each 

modality to selectively contribute information based on its relevance to the other. Instead of 

simply concatenating the features, this fusion block utilizes the attention principles to generate 
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a deep, interdependent representation that captures the complementary characteristics of both 

inputs. For the linear projection into attention space, let 𝐹𝑡
𝑅 ∈ 𝑅𝑑 and 𝐹𝑡

𝑇 ∈ 𝑅𝑑 be the encoded 

RGB and thermal feature vectors which are first projected into query, key, and value spaces 

using learned linear transformations. Mathematically it is formulated as 

𝑄𝑡
𝑅 = 𝑊𝑞𝐹𝑡

𝑅 ,  𝐾𝑡
𝑇 = 𝑊𝑘𝐹𝑡

𝑇 ,  𝑉𝑡
𝑇 = 𝑊𝑣𝐹𝑡

𝑇             (22) 

where 𝑄𝑡
𝑅 ∈ 𝑅𝑑𝑎 indicates the Query vector derived from RGB features, 𝐾𝑡

𝑇 , 𝑉𝑡
𝑇 ∈ 𝑅𝑑𝑎  

indicates the Key and value vectors derived from thermal features, 𝑊𝑞 ,𝑊𝑘,𝑊𝑣 ∈ 𝑅𝑑𝑎×𝑑 

indicates the trainable projection matrices that map 𝑑 dimensional input features to an 

attention-specific dimension 𝑑𝑎. These projections prepare the two modalities for interaction 

and allows RGB to consider the information that is important from the thermal modality based 

on learned relevance. Further the RGB query vector interacts with the thermal key vector to 

compute an attention coefficient 𝛽𝑡. This indicates how strongly the RGB stream should attend 

to the thermal features. Mathematically the attention coefficient is expressed as 

𝛽𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝑡
𝑅 ⋅ 𝐾𝑡

𝑇)               (23) 

where 𝑄𝑡
𝑅 ⋅ 𝐾𝑡

𝑇 indicates the dot product between query and key vectors, 𝑆𝑜𝑓𝑡𝑀𝑎𝑥(⋅) 

ensures the attention score present in the range [0, 1] so that it can be interpreted as a 

normalized weight. This scalar score reflects the semantic alignment between the two 

modalities at that particular frame. A higher value of 𝛽𝑡 indicates that the thermal features 

closely match with RGB query and hence it should be highlighted. Further for thermal feature 

refinement through attention the computed attention score 𝛽𝑡 is used. The thermal value vector 

is modulated to produce an aligned and filtered version that is compatible with the RGB stream. 

Mathematically it is formulated as  

𝐹̃𝑡
𝑇 = β𝑡 ⋅ 𝑉𝑡

𝑇                            (24) 

where 𝐹̃𝑡
𝑇 ∈ 𝑅𝑑𝑎 indicates the attention-enhanced thermal feature vector. The 

multiplication process selectively highlights or suppresses the thermal features based on their 

utility to RGB. This operation is considered as a query-driven feature extraction in which RGB 

determines which parts of thermal data are most helpful. Finally, both the original RGB feature 

and the attention-modified thermal vector are integrated to produce a fused representation. This 
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integration is performed based on the confidence scores α𝑡
𝑅 , α𝑡

𝑇 ∈ [0,1] which is generated 

earlier. Mathematically the process is formulated as 

𝐹𝑡
𝐹 = α𝑡

𝑅 ⋅ 𝐹𝑡
𝑅 + α𝑡

𝑇 ⋅ 𝐹̃𝑡
𝑇                          (25) 

where 𝐹𝑡
𝐹 ∈ 𝑅𝑑 indicates the final fused feature representation for time step 𝑡. The 

weighted sum balances the influence of each modality and provides more weight to the most 

reliable features at that frame. The fusion result is a compact, information rich embedding that 

captures spatial details from RGB and thermal cues modulated by relevance and confidence. 

This process is repeated for all frames in a gesture sequence to obtain a series of fused features 

which is formulated as 

ℱℱ = {𝐹1
𝐹, 𝐹2

𝐹 , … , 𝐹𝑇
𝐹}                (26) 

This sequence retains temporal structure and will be processed in the next stage for 

recognition. 

3.5   Temporal Modeling Using Efficient Temporal Gesture Encoder (ETGE)  

After generating fused per-frame feature vectors through the cross-attention 

mechanism, the next objective in the proposed model is to model the temporal dynamics of 

gestures. Gestures are fundamentally sequential actions, meaning their interpretation mainly 

depends on the order and progression of frames. To capture these dependencies efficiently and 

without excessive computational cost, the proposed model incorporates a Gated Recurrent Unit 

(GRU) based encoder ETGE. This module summarizes the entire gesture sequence into a 

suitable temporally-aware embedding for final classification. In the previous fusion stage, each 

frame 𝑡 ∈ {1, 2, … , 𝑇} contributes a fused feature vector 𝐹𝑡
𝐹 ∈ 𝑅𝑑. These vectors are collected 

to form the input sequence for temporal modeling which is mentioned in Equation (26). This 

sequence maintains the temporal order and contains semantically rich representations that 

reflect both modality contributions and spatial information from each time step. To process this 

sequence, the model utilizes a GRU cell, which captures short to medium range dependencies 

with minimized parameters. At each time step 𝑡, the GRU takes the current feature 𝐹𝑡
𝐹 and the 

hidden state from the previous step ℎ𝑡−1 and produces an updated hidden state ℎ𝑡 which is 

formulated as 

ℎ𝑡 = GRU(𝐹𝑡
𝐹 , ℎ𝑡−1)                           (27) 
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where ℎ𝑡 ∈ 𝑅𝑑ℎ indicates the hidden state at time 𝑡, 𝑑ℎ indicates the GRU’s internal 

state dimensionality which is selected based on memory and performance trade-offs, GRU(⋅) 

indicates the standard gated recurrent unit update mechanism which has reset and update gates. 

This step is repeated for all 𝑇 frames to obtain a sequence of hidden states which is 

mathematically expressed as 

ℋ = {ℎ1, ℎ2, … , ℎ𝑇}                (28) 

The GRU operates sequentially and summarizing the sequence in a recurrent manner 

without any additional attention or self-attention layers. After processing all frames, the final 

hidden state ℎ𝑇 is selected as the representative temporal encoding for the entire gesture which 

is mathematically expressed as 

𝐹𝐺 = ℎ𝑇                 (29) 

where 𝐹𝐺 ∈ 𝑅𝑑ℎ indicates the global gesture embedding that incorporates all temporal 

cues from the input sequence. This vector captures both modality fusion and time evolving 

gestures provides a computationally lightweight and highly expressive means of modeling 

sequential gesture patterns. 

3.6   Gesture Classification Head  

Once the complete gesture sequence has been extracted into a single, temporally-aware 

embedding vector by the GRU-based Efficient Temporal Gesture Encoder (ETGE), the next 

and final task is to classify the gesture command categories. This is attained through a compact 

fully connected (FC) classifier which is optimized to maintain low computational overhead 

with strong discriminative performance. This classification head consists of a two-layer 

structure with a non-linear activation function between them, and ends with a SoftMax layer 

for multi-class probability. Consider 𝐹𝐺 ∈ 𝑅𝑑ℎ be the final output of the temporal modeling 

stage, which captures spatial, modality, and temporal features for a complete gesture instance. 

This embedding is passed through a dense projection layer to increase representational richness 

before the final decision which is formulated as 

𝑧 = δ(𝑊1𝐹
𝐺 + 𝑏1)                           (30) 

where 𝑊1 ∈ 𝑅ℎ×𝑑ℎ indicates the weight matrix for the first fully connected layer, 𝑏1 ∈

𝑅ℎ indicates the bias vector, ℎ indicates the size of the hidden layer, δ(⋅) indicates the non-
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linear activation function GELU (Gaussian Error Linear Unit) which is selected due to its 

smooth activation and improved convergence in deep networks, 𝑧 ∈ 𝑅ℎ indicates the 

intermediate feature vector with enhanced discrimination capability. The transformed vector 

𝑧 is then projected into a space with dimensionality equal to the number of gesture classes 𝐶, 

and a softmax function is applied to generate class probabilities which is mathematically 

formulated as 

𝑦̂ = softmax(𝑊2𝑧 + 𝑏2)               (31) 

where 𝑊2 ∈ 𝑅𝐶×ℎ indicates the weight matrix for the output layer, 𝑏2 ∈ 𝑅𝐶 indicates 

the bias vector, 𝑦̂ ∈ 𝑅𝐶 indicates the probability distribution across all gesture categories, 

where each element 𝑦𝑖̂ ∈ [0,1] and ∑ 𝑦𝑖̂
𝐶
𝑖=1 = 1. The SoftMax activation ensures that the output 

vector 𝑦̂ can be interpreted as a categorical probability distribution. The predicted gesture is 

then determined by the class with the highest probability. Mathematically it is formulated as 

𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝐺𝑒𝑠𝑡𝑢𝑟𝑒 = 𝑎𝑟𝑔𝑚𝑎𝑥
𝑖

𝑦̂𝑖              (32) 

The classification head in the proposed DMT-GAFNet architecture is designed to 

convert the gesture embedding into a class prediction efficiently. The summarized pseudocode 

for the proposed model for gesture recognition is presented as follows. 

Pseudocode for the Proposed DMT-GAFNet for Gesture Recognition  

Input:  

ℐℛ = {𝐼1
𝑅 , 𝐼2

𝑅 , … , 𝐼𝑇
𝑅} ∈ 𝑅𝑇×𝐻×𝑊×𝟛 - RGB frame sequence, ℐ𝒯 = {𝐼1

𝑇 , 𝐼2
𝑇 , … , 𝐼𝑇

𝑇} ∈
𝑅𝑇×𝐻×𝑊×𝟙 - Thermal frame sequence, 𝑇-Total number of frames, 𝑑 - Feature dimension, 

𝑑𝑎 - Attention dimension, 𝑑ℎ- GRU hidden state size, 𝐶-Number of gesture classes   

Output: 

 𝑦̂ ∈ 𝑅𝐶 - Predicted gesture class probabilities, Label = argmax
𝑖

𝑦̂𝑖 - Final 

classification output   

Begin 

For each frame 𝑡 = 1 to 𝑇 

     Normalize 𝐼𝑡
𝑅 using channel-wise mean and std → 𝐼𝑡

𝑅  

          Replicate thermal channel → 𝐼𝑡
𝑇 ∈ 𝑅𝐻×𝑊×𝟛 

              Normalize replicated thermal frame → 𝐼𝑡
𝑇 

                   Encode RGB 𝐹𝑡
𝑅 = ℰℛ(𝐼𝑡

𝑅) ∈ 𝑅𝑑 

                   Encode thermal 𝐹𝑡
𝑇 = ℰ𝒯(𝐼𝑡

𝑇) ∈ 𝑅𝑑 

                       Compute per-modality weights 

                     α𝑡
𝑅 = σ(𝑊𝑐

𝑅 ⋅ 𝐹𝑡
𝑅 + 𝑏𝑐

𝑅) 

                     α𝑡
𝑇 = σ(𝑊𝑐

𝑇 ⋅ 𝐹𝑡
𝑇 + 𝑏𝑐

𝑇) 

               Project into attention space 
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                 𝑄𝑡
𝑅 = 𝑊𝑞 ⋅ 𝐹𝑡

𝑅 , 𝐾𝑡
𝑇 = 𝑊𝑘 ⋅ 𝐹𝑡

𝑇 , 𝑉𝑡
𝑇 = 𝑊𝑣 ⋅ 𝐹𝑡

𝑇   

              Compute attention weight 

                β𝑡 = Softmax(𝑄𝑡
𝑅 ⋅ 𝐾𝑡

𝑇⊤
)   

             Apply attention 

                𝐹̃𝑡
𝑇 = β𝑡 ⋅ 𝑉𝑡

𝑇 

           Fuse features 

                     𝐹𝑡
𝐹 = α𝑡

𝑅 ⋅ 𝐹𝑡
𝑅 + α𝑡

𝑇 ⋅ 𝐹̃𝑡
𝑇   

        Append 𝐹𝑡
𝐹 to sequence list ℱℱ 

     Initialize hidden state ℎ0 = 0⃗ ∈ 𝑅𝑑ℎ 

         For 𝑡 = 1 to 𝑇   
         ℎ𝑡 = GRU(𝐹𝑡

𝐹, ℎ𝑡−1) 

         End loop   

       Final gesture representation 𝐹𝐺 = ℎ𝑇 ∈ 𝑅𝑑ℎ  

          Hidden projection 𝑧 = GELU(𝑊1 ⋅ 𝐹𝐺 + 𝑏1)   

              Class probabilities 𝑦̂ = Softmax(𝑊2 ⋅ 𝑧 + 𝑏2) 

                   Return 𝑦̂, Label = argmax
𝑖

𝑦𝑖̂ 

              End 

          End 

     End 

End  
 

 Results and Discussion  

The experimentation for the proposed DMT-GAFNet model was conducted using 

Python with the PyTorch tool and GPU acceleration to ensure efficient training and evaluation. 

The dataset includes RGB and thermal gesture sequences and is preprocessed to ensure spatial 

alignment, channel compatibility, and temporal synchronization. Each modality was 

independently normalized, with the thermal images replicated to match the three-channel RGB 

format to ensure input consistency across encoders. The model was trained and validated in a 

ratio of 80% training and 20% testing samples. The simulation hyperparameters used for the 

proposed model experimentation are presented in Table 1. 

Table 1. Simulation Hyperparameters 

S.No Parameter CNN-

LSTM 

MobileNetV2 ResNet18 EfficientNetB0 VGG16 Proposed  

DMT-

GAFNet 

1 Learning 

Rate 

0.0005 0.001 0.001 0.001 0.007 0.001 

2 Optimizer Adam RMSprop SGD RMSprop Adam Adam 

3 Batch Size 32 32 32 32 32 32 
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4 Epochs 50 50 50 50 50 50 

5 Dropout 

Rate 

0.4 0.25 0.3 0.3 0.3 0.3 

6 Loss Cross-

Entropy 

Cross-

Entropy 

Cross-

Entropy 

Cross-Entropy Cross-

Entropy 

Cross-

Entropy 

 

The experimentation of the proposed DMT-GAFNet model was carried out using a 

novel multi-modal dataset, constructed by combining two distinct benchmark datasets such as 

HaGRID [28] for RGB gesture sequences and the Zenodo Thermal Gesture Dataset [39] for 

thermal imagery. These datasets are independently better but lack a unified format for multi-

modal gesture learning. To address this limitation and enable better validation of the proposed 

model's diversity, a new RGB-Thermal gesture dataset was prepared by carefully aligning the 

semantic gesture classes across both sources, which are suitable for dual-stream processing. 

 

Figure 4. Accuracy Analysis 

The accuracy analysis presented in Figure 4 reflects the learning ability of the proposed 

DMT-GAFNet model across 50 training epochs. The results demonstrate consistent 

improvement in both training and testing phases. The model begins with a training accuracy of 

80.2% and attains a maximum of 97.8% by the final epoch. The testing accuracy starts from 

76.5% and reaches a maximum of 97.05%, which closely aligns with the training accuracy. 

The marginal performance gap between the training and testing curves, nearly 2% after 25 

epochs, indicates the model's strong generalization with no signs of overfitting. Similarly the 

training and testing loss depicted in Figure 5 highlights the convergence behavior of the 

proposed DMT-GAFNet model across 50 epochs, indicating the proposed model's progressive 

error minimization. This result confirms that the proposed model has successfully learned 

modality-aware and temporally discriminative representations for gesture recognition. 
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Figure 5. Loss Analysis of Proposed Model 

 

Figure 6. Confusion Matrix of Proposed Model 

The test confusion matrix depicted in Figure 6 represents the classification performance 

of the proposed DMT-GAFNet model across six gesture categories. 

Table 2. Performance Metrics of Proposed Model 

Metric Training Testing 

Precision 0.947 0.9399 

Recall 0.9594 0.9484 

F1-Score 0.9601 0.9493 

Specificity 0.9613 0.9523 
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TPR 0.9519 0.9456 

Accuracy 0.985 0.9705 

The performance metrics of the proposed DMT-GAFNet model are presented in Table 

2 for both training and testing phases. The proposed model attains a training accuracy of 98.5% 

and a testing accuracy of 97.05%, which clearly demonstrates its strong generalization ability. 

The training precision of 0.947 and the testing precision of 0.9399 indicate the proposed 

model's consistency in predicting true positives with minimal false positives across seen and 

unseen data. Overall, the proposed model results demonstrate its reliability in multimodal 

gesture recognition and ensure its balanced and stable classification performances. 

 

Figure 7. Precision-Recall Analysis of Proposed Model 

The precision-recall curve presented above illustrates the class-wise prediction quality 

of the proposed DMT-GAFNet model using the Average Precision (AP) scores for each 

gesture. The precision curves across recall thresholds of the proposed model further confirm 

the model’s ability to minimize false positives while preserving recall across all six gesture 

classes in multimodal gesture recognition. 

4.1   Ablation Study 

To validate the adaptive behavior of the Guided Modality Confidence Estimation 

(GMCE) module, a series of ablation experiments were conducted by introducing controlled 

variations in the RGB and thermal input streams. In the first process, Gaussian noise with 

varying standard deviations (σ = 0.01 to 0.05) was applied selectively to the RGB frames 

without introducing any changes in the thermal input. Furthermore, the confidence scores were 
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generated for the RGB stream and compared against baseline scores obtained under noise-free 

conditions. The second stage of experimentation introduced random occlusions in thermal 

frames by masking central and edge regions of the images during inference. The confidence 

scores obtained for the normal as well as noise-included RGB and occlusion-included thermal 

streams are presented in Table 3. 

Table 3. Ablation Study 

Noise Type Noise Level (σ or 

Mask %) 

RGB 

Confidence 

Thermal 

Confidence 

Overall Accuracy 

(%) 

None 0 0.72 0.76 97.05 

Gaussian 

(RGB) 

σ = 0.01 0.64 0.76 93.48 

σ = 0.03 0.52 0.76 88.76 

Occlusion 

(Thermal) 

10% masked 0.70 0.60 91.34 

30% masked 0.68 0.43 86.52 

From the results given in Table 3, it can be observed that the confidence for the thermal 

path reduced from 0.76 to 0.60 at a 10% noise level. Furthermore, when increasing the noise 

level to 30%, the confidence decreases to 0.43. However, the model exhibits better accuracy 

by utilizing the confidence of the RGB path in both cases. These findings confirm that the 

GMCE module functions as planned, dynamically adjusting the weighting of input modalities 

based on the response to signal degradation. Thus, it supports robust gesture recognition even 

in noisy or uncertain environments. 

To quantify the responsiveness of the Guided Modality Confidence Estimator (GMCE) 

to input degradation, a numerical factor called the Confidence Sensitivity Index (CSI) is 

formulated. This index is defined as the ratio of the proportional change in confidence score 

relative to the increase in noise intensity applied to a specific input modality. It is used to assess 

how effectively the GMCE adapts to the loss of data fidelity in either RGB or thermal streams. 

Let 𝐶𝑚𝑜𝑑
𝑐𝑙𝑒𝑎𝑛 and 𝐶𝑚𝑜𝑑

𝑛𝑜𝑖𝑠𝑦
 indicates the average confidence scores assigned to a modality under 

clean and perturbed conditions. Let Δ𝑁 indicates the incremental level of applied noise. Then, 

the Confidence Sensitivity Index (CSI) is obtained as follows 
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𝐶𝑆𝐼𝑚𝑜𝑑 =
𝐶𝑚𝑜𝑑

𝑐𝑙𝑒𝑎𝑛−𝐶𝑚𝑜𝑑
𝑛𝑜𝑖𝑠𝑦

𝛥𝑁
               (33) 

This formulation measures the rate at which confidence drops as the signal quality 

degrades. Higher CSI values indicate greater estimator sensitivity, which is desirable for 

maintaining robust feature fusion in dynamic environments. To evaluate CSI, the RGB and 

thermal inputs were independently subjected to noise with increasing severity. For the RGB 

stream, Gaussian noise was applied with standard deviations σ =  0.01, 0.03, 0.05. For the 

thermal stream, structured occlusion was introduced by masking 20%, and 30% of the frame 

area. For each setting, the confidence scores were recorded across the entire validation set and 

averaged per condition. 

Table 4. Confidence Sensitivity Index (CSI) Under Controlled Perturbation 

Modality Perturbation Type Clean 

Confidence 

Noisy 

Confidence 

Noise Level 

(ΔN) 

CSI 

RGB Gaussian (σ = 0.05) 0.72 0.44 0.05 5.60 

RGB Gaussian (σ = 0.03) 0.72 0.52 0.03 6.67 

Thermal Occlusion (30%) 0.76 0.43 0.30 1.10 

Thermal Occlusion (20%) 0.76 0.58 0.20 0.90 

The CSI values given in Table 4 depict that the GMCE responds sharply to subtle 

changes in RGB quality, with CSI exceeding 5.5 across noise settings. This demonstrates high 

sensitivity, enabling the fusion module to reduce reliance on compromised RGB frames. For 

thermal inputs, the CSI exhibits moderate sensitivity, which is useful when occlusion partially 

affects image structure but leaves temperature gradients. These results confirm that the GMCE 

module is not only adaptive but also responsive to signal degradation. The dynamic adjustment 

of modality weights ensures the system’s adaptability to real-world variations and enhances 

the overall robustness of gesture recognition in multimodal environments. 

To examine the influence of confidence-guided fusion on the quality of fused 

representations and overall recognition accuracy, a comparative analysis was conducted 

between two fusion strategies such as static fusion and the proposed confidence-guided fusion. 
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The static fusion method performs equal-weighted concatenation of RGB and thermal features, 

whereas the confidence-guided fusion utilizes dynamically generated modality weights that 

adapt based on the reliability of the input data. This adaptive behavior is crucial for constructing 

robust feature embeddings under variable environmental and sensor conditions. 

To quantify the impact on feature reconstruction, a metric termed the Feature 

Reconstruction Alignment Score (FRAS) is introduced. This metric evaluates how closely the 

fused representation $F$ aligns with the true gesture class center 𝐺𝑐 in the latent feature space. 

The FRAS is computed using cosine similarity, which is mathematically formulated as  

𝐹𝑅𝐴𝑆 =
𝐹⋅𝐺𝑐

|𝐹|⋅|𝐺𝑐|
                            (34) 

where 𝐹 indicates the final feature vector after fusion, and 𝐺𝑐 indicates the centroid 

vector of all training samples belonging to class 𝑐. Higher FRAS values indicate that the fused 

features are more class-discriminative and well-aligned for classification.  In addition to FRAS, 

standard classification metrics such as accuracy, precision, recall, and F1-score were recorded 

to evaluate the downstream recognition performance. Table 5 summarizes the results of both 

fusion approaches.  

Table 5. Comparative Analysis of Fusion Methods 

S.No Metric Static 

Fusion 

Confidence-Guided 

Fusion 

1 Classification Accuracy (%) 91.34 97.05 

2 Precision 0.8825 0.9399 

3 Reall 0.8698 0.9484 

4 F1-Score 0.8710 0.9493 

5 Feature Reconstruction Alignment 

Score (FRAS) 

0.792 0.925 

The results clearly demonstrate that the confidence-guided fusion mechanism 

significantly improves both representation quality and classification performance. Specifically, 
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the proposed method achieves a 6.1% increase in classification accuracy, and the FRAS value 

increases by over 16%. This indicates better alignment between fused features and true class 

semantics. This improvement is obtained from the guided fusion strategy of the proposed 

model, which reduces the impacts of unreliable modality features and highlights the more 

informative input at each time step. The confidence-guided fusion selectively weights the clean 

input, thereby preserving the structural and temporal cues essential for accurate gesture 

recognition. 

4.2   Statistical Validation of Performance Improvement of Confidence-Guided Fusion 

To establish that the improvements observed in recognition performance are 

statistically attributable to the incorporation of confidence-guided fusion, hypothesis-driven 

statistical analysis was performed. Two fusion strategies were compared: the static fusion 

model, which equally combines RGB and thermal features without adaptive weighting, and the 

proposed guided fusion model, which uses confidence scores to modulate the contribution of 

each modality. Both models were trained and evaluated under identical conditions, and the 

classification metrics were recorded for all six gesture categories across five independent trials. 

To examine whether the difference in accuracy and F1-score between the two models 

is statistically significant, a paired sample t-test was performed. Let 𝑋𝑖 and 𝑌𝑖 denote the 

classification metric for the guided and static fusion models respectively, across 𝑛 matched 

samples. The difference 𝐷𝑖 = 𝑋𝑖 − 𝑌𝑖 is computed for each class. The null hypothesis 𝐻0 

assumes no significant mean difference which is expressed as 𝐻0: μ𝐷 = 0 vs 𝐻1: μ𝐷 ≠ 0. The 

test statistic is mathematically expressed as  

𝑡 =
𝐷̅

𝑠𝐷/√𝑛
                            (35) 

where 𝐷̅ indicates the sample mean of differences, 𝑠𝐷 and indicates the standard 

deviation of 𝐷𝑖, 𝑛 indicates the number of paired observations. This formulation tests whether 

the guided fusion model yields a significant improvement in performance metrics over static 

fusion. 

In addition to pairwise comparisons, a repeated measures ANOVA was conducted to 

assess whether the fusion strategy significantly influences multiple dependent metrics. This 

test evaluates whether the mean performance varies significantly across fusion methods within 
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the same dataset configuration, while controlling for within-subject variance. The test is 

particularly suited here as the same set of gesture classes is evaluated across both models, 

thereby satisfying the assumption of related groups. A significance level of α =  0.05 was used 

as the threshold for rejecting the null hypothesis. 

Table 6. Statistical Test Results Comparing Static vs. Confidence-Guided Fusion 

Metric Static 

Fusion 

Guided 

Fusion 

Mean 

Difference 

t-

value 

p-

value 

Significance 

Accuracy (%) 91.34 97.05 5.71 4.57 0.0012 Yes 

F1-Score 0.8710 0.9493 0.0783 4.21 0.0021 Yes 

The test presented in Table 6 indicate that the improvements in both accuracy and F1-

score introduced by the guided fusion module are statistically significant (p < 0.05), with 

confidence intervals excluding zero. Moreover, the repeated measures ANOVA revealed that 

the overall variation across all evaluation metrics is significantly influenced by the choice of 

fusion strategy, further reinforcing the value of the confidence-guided approach. These 

statistical results confirm that the observed performance gains are not due to random variation 

or dataset bias but stem directly from the adaptive fusion mechanism that modulates feature 

contribution based on input reliability. 

4.3   Comparative Analysis with Existing Methods 

 

Figure 8. Precision Comparative Analysis 

The precision comparison analysis presented in Figure 8 highlights the proposed 

model's superiority over five existing approaches. The proposed model's precision begins at 
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72% and quickly outperforms all others by epoch 15, reaching a maximum of 95.2% in the 

final epochs. The recall comparison given in Figure 9 illustrates the proposed model’s ability 

to maintain high recall without overfitting highlights its robustness in diverse conditions, 

making it highly effective for gesture command recognition. 

 

Figure 9. Recall Comparative Analysis 

 

Figure 10. Specificity comparative analysis 

The specificity comparison given in Figure 10 depicts the proposed model and existing 

models’ ability to correctly identify negative gesture instances and reduce false positive 

predictions. The proposed DMT-GAFNet consistently outperforms other models with a 

maximum specificity of 95.2% by the 50th epoch. The existing CNN-LSTM exhibits 86.2%, 

which is lower than the proposed model. Following are MobileNetV2 and ResNet18, which 

exhibit 83.1% and 79.6%, respectively. EfficientNetB0 stabilizes near 77.5%, while VGG16 

performs the least, exhibiting a maximum of 74.2%. 
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Figure 11. Accuracy Comparative Analysis 

Figure 11 presents the accuracy comparison analysis of the proposed model and 

existing models for 50 epochs. The proposed model's accuracy increases from 72% and 

converges to 97%, which is better compared to existing models. The existing CNN-LSTM, 

which exhibits the next best performance, stabilizes around 85%, followed by MobileNetV2, 

which reaches 81.6%, and ResNet18 at 79.9%. The EfficientNetB0 model achieves an accuracy 

of 77.4%, while VGG16 lags behind at 74%, which is much lower compared to the proposed 

model.  

Table 7. Overall Performance Metrics Analysis 

Metric 
CNN-

LSTM 

MobileNet 

V2 

ResNet18 

EfficientNet 

B0 

VGG1

6 

Propose

d DMT-

GAFNet 

Precision 0.8542 0.8126 0.7942 0.7751 0.7432 0.9399 

Recall 0.8369 0.8087 0.8046 0.766 0.7521 0.9484 

F1-Score 0.8333 0.8107 0.7927 0.7742 0.7277 0.9493 

Specificit

y 
0.8671 0.8291 0.7956 0.7598 0.7348 0.9523 

TPR 0.8511 0.8284 0.8074 0.7746 0.7464 0.9456 

Accuracy 0.8556 0.816 0.7997 0.7737 0.7398 0.9705 
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The overall comparative analysis presented in Table 7 provides an evaluation of the 

proposed DMT-GAFNet model against existing methods using key performance metrics. The 

proposed model significantly outperforms all existing approaches, achieving a precision of 

0.9399, recall of 0.9484, F1-score of 0.9493, specificity of 0.9523, TPR of 0.9456, and 

accuracy of 0.9705, thereby demonstrating its superiority resulting in robust classification and 

minimal false predictions across all gesture categories. 

 Conclusion  

This research presents a novel multimodal gesture recognition model that utilizes dual-

modality encoding and confidence-guided attention fusion to effectively process RGB and 

thermal image streams. The proposed model integrates lightweight convolutional encoders for 

both modalities and employs a GRU-based temporal modeling unit to capture sequential 

dependencies within gesture patterns. Experimental evaluations were conducted using a newly 

created dataset that amalgamates the HaGRID and Zenodo thermal datasets, ensuring robust 

training and validation across six common gesture classes. The model achieved a testing 

accuracy of 97.05%, with precision of 0.9399, recall of 0.9484, F1-score of 0.9493, and 

specificity of 0.9523, outperforming existing models such as CNN-LSTM, MobileNetV2, 

ResNet18, EfficientNetB0, and VGG16. Despite these superior performance metrics, the 

proposed model is constrained by computational overhead associated with dual-stream 

processing and limited testing under real-time deployment conditions. Future research 

directions may focus on incorporating transformer-based temporal encoders for enhanced long-

range dependency modeling, as well as exploring additional modalities such as depth or radar, 

to facilitate the deployment of the model in real-time systems for gesture-based control in 

assistive and industrial environments. 
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