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1. Introduction 

The field of artificial intelligence (AI) and deep learning technologies has enhanced the intelligent systems 

significantly by allowing the automated analysis of data, pattern recognition, and making adaptive decisions in a 

wide range of applications. Various types of heterogeneous data have become increasingly important in modern 

smart environments, like healthcare monitoring, autonomous vehicles, industrial automation, and smart 
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surveillance (Baltrus aitis et al., 2018; Gao et al., 2020; Summaira et al., 2021). Conventional single-mode learning 

systems essentially work with a single type of data only, e.g. text, image, sensor data. Yet, though efficient in 

accomplishing certain tasks, these approaches do not seem to be able to retrieve complementary data in various 

modalities. Text information give semantic context, image information give location features, and sensor data 

give time behavioral patterns. These modalities are studied in isolation and thus cannot provide layered 

contextual insight into decision making in dynamic environments (Muhammad et al., 2021; Radu et al., 2018; Gu 

et al., 2021). Multi-modal deep learning has surfaced as a potential solution to incorporate heterogeneous data 

into single, shared, applications. New transformer networks, convolutional neural networks (CNNs), recurrent 

neural networks (RNNs), and attention-based fusion mechanisms have been developed and successfully learned 

cross-modal representations and predictive capabilities (Lee et al., 2021; Minaee et al., 2021; Roy et al., 2021). 

Nevertheless, there are still gaps in synchronization, imbalance between modalities, complexity of computations 

and ineffective fusion strategies in existing systems. Most of the existing models primarily address dual-modal 

integration and do not effectively integrate textual, visual and sensor information all at once in real-time 

intelligent systems (Shoumy et al., 2020; Zhang et al., 2020). This paper presents a multi-modal deep learning 

architecture to combine text, image and sensor data in smart systems to overcome these limitations. The 

proposed framework is a hybrid of transformer-based textual feature extraction, CNN-based visual 

representation learning and LSTM-based temporal sensor analysis in an attention-guided fusion network. The 

significant contributions of this study are:  

1. Creation of a homogeneous multi-modal architecture of the assembly of heterogeneous modalities.  

2. An attention-directed hybrid fusion mechanism of better contextual learning.  

3. Combination of transformer, CNN and LSTM models to extract semantic, spatial, and temporal features.  

4. Benchmark multimodal data test.  

5. Real time deployment statistically valid and computationally complex analysis.  

The rest of this paper is divided into the following. Section 2 discusses related work. The proposed methodology 

is presented in section 3. The dataset and the experimental setup are described in section 4. Section 5 provides 

the performance evaluation and discussion and Section 6 ends the study. 

 

2. Related Work 

Deep learning Multi-modal deep learning has been given a lot of research interest in that it can deal with 

heterogeneous data provided by multiple sources. The current intelligent systems are becoming more and more 

integrated in terms of textual, visual, and sensor-based input and output to enhance the understanding of the 

context and accuracy of the prediction (Gu et al., 2021; Radu et al., 2018; Yadav et al., 2021). Multi-modal systems 

developed early on primarily were based on the notion of feature concatenation to combine heterogeneous 

representations. Nevertheless, these methods were usually, poorly contextually aligned and dimensional. To 

address these shortcomings, convolutional neural networks (CNNs) and recurrent neural networks (RNNs) were 

developed as deep learning platforms to efficiently extract features and learn sequentially (Baltrus aitis et al, 

2018; Gao et a, 2020; Summaira et al, 2021). The recent transformer-based architectures have contributed to 

semantic representation learning in computer vision and natural language processing applications to a great 

extent. Transformer models were combined by researchers with CNN-based visual encoders to improve 

multimedia analysis and intelligent recognition activities (Huang et al., 2020; Muhammad et al., 2021; Sait et al., 

2021). On the same note, long short term memory (LSTM) networks have extensively been used in time sensors 

and time series prediction systems. Attention-guided fusion mechanisms have also come out as effective 

mechanism to adaptive modality weighting and learning contextual features. These models are dynamically 

focused on the highlight of the relevant information in various modalities hence enhancing the robustness of 

systems and predictive performance (Lee et al., 2021; Roy et al., 2021). In spite of the latest developments, the 

current frameworks still contain such issues as inconsistency in synchronization, imbalance in the modality, high 

computational cost and inefficient fusion policies. Most of the methods are simply dual-modal integration but 

they do not integrate the text, image, and sensor information in real-time and in an intelligent system (Samek et 

al, 2021). 
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Table 1. Summary of Related Studies 

Author Method Modalities Accuracy Limitation 

Minaee et al. (2021). CNN-LSTM Fusion Image + Sensor 91.2% Limited text integration 

Lee et al. (2021). Transformer-Based Fusion Text + Image 93.5% High computational cost 

Gao et al. (2020). Attention Fusion Network Text + Sensor 92.8% Weak spatial representation 

Gu et al. (2021). Hybrid Deep Learning Image + Sensor 94.1% Poor temporal consistency 

Proposed Method CNN-Transformer-LSTM Fusion Text + Image + Sensor 96.8% Reduced computational complexity 

 

According to the review of literature, the real-time intelligent systems still need a scalable and integrated 

architecture with the ability to seamlessly integrate the text, image, and sensor modalities. 

 

3. Proposed Methodology 

3.1 Overall System Architecture 

The proposed multi-modal deep learning system aimed at amalgamating textual, visual and sensor data into a 

single intelligent learning system as shown in figure 1. The system comprises of four key modules namely, the 

text processing, image feature extraction, sensor signal processing, and multi-modal fusion and classification. 

The framework will acquire semantic, spatial and temporal representation based on heterogeneous modalities 

and integrate them into a single feature space to make intelligent decisions. The text, image and sensor data are 

first preprocessed separately based on their modality specifics. Data (textual) are tokenized and sequence 

padded, image samples are normalized and downsampled, sensor streams are synchronized and normalized to 

eliminate anomalies. The modality-specific features are then pooled together with the help of an attention-

directed fusion system to produce a multimodality representation. Lastly, the merged feature vector is subjected 

to fully connected layers to make a classification. 

 

 

Fig. 1. Proposed multi-modal deep learning architecture for integrating text, image, and sensor data 

 

3.2 Text Processing Module 

It has a text processing module that makes use of transformer-based architecture in the extraction of semantic 

features. The preprocessed text sequences are tokenized and the text sequences are encoded with the help of a 

pre-trained Bidirectional Encoder Representations from Transformers (BERT) model. Transformer encoder 

captures textual contextual dependencies and semantic relations among textual tokens. The feature vector of a 

text is extracted and presented as: 

𝐹𝑡 = 𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑇)__________________(1) 

where 𝑇denotes textual input and 𝐹𝑡represents textual feature embeddings. 

The dropout regularization rate of 0.3 was used in order to decrease the overfitting and enhance the capacity of 

generalization. 
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3.3 Image Feature Extraction Module 

The image processing unit uses the convolutional neural network in extraction of spatial features. A ResNet-50 

was used due to its effective hierarchical learning of features. The procedure to extract the image features can be 

described as: 

𝐹𝑖 = 𝐶𝑁𝑁(𝐼)_________________________(2) 

where 𝐼denotes image input and 𝐹𝑖represents extracted visual features. 

CNN architecture is composed of convolutional, batch normalization, ReLU activation, max-pooling and global 

average pooling layers. The operations facilitate strong extraction of spatial and structural image 

representations. 

 

3.4 Sensor Data Processing Module 

A long short-term memory (LSTM) network is used to extract temporal dependencies and sequential patterns of 

behavior reflected in real-time sensor streams. Sensor signals such as accelerator, gyroscopes, environmental, 

physiological measurements are normalised prior to processing. The extraction process of sensor features can 

be given as: 

𝐹𝑠 = 𝐿𝑆𝑇𝑀(𝑆)_______________________(3) 

where 𝑆represents sensor inputs and 𝐹𝑠denotes temporal sensor features. 

The LSTM architecture has two hidden layers and 128 hidden units in each and dropout regularization of 0.25 to 

enhance the model robustness and reduce overfitting. 

 

3.5 Multi-Modal Fusion Strategy 

To combine the textual, visual and sensor feature representations, a hybrid attention-guided fusion mechanism 

was put in place as shown in Figure 2. First, the modality features extracted are concatenated and then given 

attention mechanism to adaptive importance weights depending on the relevance to the situation. Writing: The 

fusion process can be represented by: 

𝐹𝑚 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝐹𝑡 ⊕𝐹𝑖 ⊕𝐹𝑠)_________________________(4) 

where 𝐹𝑚represents fused multimodal features and ⊕denotes feature concatenation. 

The attention process enhances the representation learning in cross-modes by focusing on the informative 

characteristics and minimizing the redundant information. 

 

 

Fig. 2. Attention-guided multimodal fusion mechanism 

 

3.6 Classification Layer 

The composite multi-modal feature representation is subjected to fully-connected layers and Softmax 

classification to make the ultimate prediction. The classification function is given as: 
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𝑌 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐹𝑚 + 𝑏)____________________(5) 

where 𝑊represents trainable weights, 𝑏denotes bias parameters, and 𝑌indicates the prediction output. 

The use of batch normalization and dropout regularization led to the enhancement of model stability and 

reduction of overfitting. The general architecture was trained with the Adam optimization algorithm and 

categorical cross-entropy minimization of the loss to train the architecture in an efficient manner in multimodal 

learning. 

 

4. Dataset Description and Experimental Setup 

4.1 Dataset Description 

The proposed multi-modal deep learning model was tested on benchmark datasets having textual, visual and 

sensor-based data. The chosen datasets are CMU-MOSEI to sentiment analysis in multimodality, UCI Human 

Activity Recognition (HAR) to activity recognition with sensors, and MSCOCO to understand tasks in images and 

text. The datasets were chosen to assess the learning of semantics, spatial and time features in heterogeneous 

modalities. 

 

Table 2. Dataset Summary 

Dataset Modality Samples Application 

CMU-MOSEI Text + Video 23,500 Sentiment analysis 

UCI HAR Sensor 10,299 Human activity recognition 

MSCOCO Text + Image 120,000 Visual understanding 

 

The datasets were also processed before training with preprocessing steps having normalization, tokenization, 

image resizing, missing-value, and temporal synchronization. Sequences of text were tokenized and padded, 

image samples were resized and normalized, and sensor streams were synchronized to minimize time variations 

and noise. The entire data was separated into: 70% training, 15% validation, 15% testing. Model learning was 

done using the training dataset, hyperparameter tuning and performance evaluation used validation and testing 

datasets respectively. 

 

4.2 Experimental Setup 

Python 3.10 and TensorFlow 2.15 were used to implement the experiments in a workstation that has an NVIDIA 

RTX 4090 graphics card and an Intel Core i9 processor. 

 

Table 3. Experimental Parameters 

Parameter Value 

Python Version 3.10 

Framework TensorFlow 2.15 

GPU NVIDIA RTX 4090 

Batch Size 32 

Epochs 100 

Learning Rate 0.001 

Optimizer Adam 

Activation Function ReLU 

 

Using the Adam optimization algorithm with a learning rate of 0.001, the proposed framework was trained until 

it converged. To trade-off between the efficiency and performance of the model, a batch size of 32 and 100 

training epochs were adopted. ReLU activation, batch normalization, dropout regularization, and early stopping 

measures were included to enhance training stability, decrease overfitting, and increase the ability of the model 

to be generalised. 

 

5. Results and Discussion 
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5.1 Performance Evaluation 

The suggested multi-modal deep learning design exhibited better results than traditional single- and multi-modal 

and baseline multimodal strategies. Addition of text, visual and sensor modalities into an attention-driven fusion 

model greatly enhanced contextual learning and predictive validity. 

 

Table 4. Performance Comparison 

Model Accuracy Precision Recall F1-Score 

CNN Only 90.8% 89.9% 89.1% 89.5% 

LSTM Only 88.6% 87.9% 87.2% 87.5% 

Transformer Only 91.5% 90.7% 90.1% 90.4% 

CNN-LSTM Fusion 94.3% 93.8% 93.2% 93.5% 

Proposed Multi-Modal Model 96.8% 96.2% 95.9% 96.0% 

 

The proposed framework demonstrated an estimated improvement of about 6.0 percent in comparison with 

CNN-only models, 8.2 percent in comparison with LSTM-only models, and a 2.5 percent in comparison with the 

conventional fusion architectures. The findings suggest that the attention-guided fusion mechanism is able to 

effectively learn the semantic, spatial, and temporal representations concurrently. 

 

 

Fig. 3. Performance comparison of single-modal and multimodal architectures 

 

5.2 Ablation Study 

A study (ablation) was done to determine the contribution of each modality to the performance of the system as 

a whole. 

 

Table 5. Ablation Study Results 

Configuration Accuracy 

Text Only 88.2% 

Image Only 90.1% 

Sensor Only 86.9% 

Text + Image 93.2% 

Image + Sensor 92.7% 

Text + Sensor 91.8% 

Proposed Multi-Modal Fusion 96.8% 

 

The finding validates the fact that combination of heterogeneous modalities can greatly enhance contextual 

comprehension and predictive accuracy. The suggested model multimodal fusion architecture got the highest 

accuracy because of the effective learning of cross-modal representations. 
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Fig. 4. Ablation study analysis of multimodal feature integration 

 

5.3 Statistical Validation 

In order to measure the strength and the ability of generalization, 10-fold cross-validation was used. 

 

Table 6. Statistical Validation Results 

Metric Mean ± SD 95% Confidence Interval p-value 

Accuracy 96.8 ± 0.4 96.1–97.2 <0.05 

Precision 96.2 ± 0.5 95.6–96.8 <0.05 

Recall 95.9 ± 0.4 95.3–96.4 <0.05 

F1-Score 96.0 ± 0.5 95.4–96.6 <0.05 

 

Standard values of the standard deviation are relatively low, meaning that there are stable model performances 

through repeated experiments. The obtained p-values that are less than 0.05 verify significant performance 

increases as compared to baseline techniques. 

 

 

Fig. 5. Cross-validation performance stability analysis 

 

5.4 Computational Complexity Analysis 

Analysis of the computational complexity was done to assess the capability to deploy in real-time. 

 

Table 7. Computational Complexity Evaluation 

Parameter Value 

Model Parameters 12.4 Million 

FLOPs 3.2 GFLOPs 
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Inference Time 24 ms 

Memory Usage 18.6 MB 

 

The suggested framework was computationally efficient enough and with a high predictive performance (Lee et 

al., 2021; Sait et al., 2021). The short inference time and average memory consumption suggest its use in real-

time intelligent applications like medical monitoring systems, autonomous systems, and intelligent surveillance. 

 

Conclusion 

This paper captured a multi-modal deep learning system to combine text, image, and sensor data in an intelligent 

framework. The suggested system involved a textual feature extraction with transformers, visual representation 

learning with CNNs, and temporal sensor analysis with LSTMs using an attention-based fusion mechanism. The 

contextual understanding and smart decision-making were well enhanced through simultaneous learning of 

semantic, spatial and temporal representations. The experimental analysis showed that the suggested 

architecture overcame the proposed conventional single-modes and the baseline multimodal strategies in terms 

of precision, accuracy, F1-score, and recall. The soundness, consistency and the generalization of the model was 

statistically validated with a cross-validation of 10 folds. Furthermore, the inference latency and memory 

consumption were found to be acceptable to deploy real time intelligent systems. The suggested framework can 

be efficiently utilized in smart healthcare, intelligent survey, industrial robots, autonomous systems, and in 

human-machine interaction settings. The future direction of work will be on lightweight edge deployment, 

federated multimodal learning, explainable AI integration, and energy efficient optimization of real-time 

inference to enhance even more scalability and deployment efficiency in real-world intelligent systems. 
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