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Abstract: In applications, real time smart signal and image analysis has now become crucial in 
applications like healthcare monitoring, autonomous systems, industrial automation, and 
smart communication networks to mention a few. It is thought that the proposed study would 
bring innovative deep learning systems and models that combine Convolutional Neural 
Networks (CNN), Long Short-Term Memory (LSTM) networks, Vision Transformer (ViT), and 
Hybrid CNN-LSTM network to increase predictive accuracy and computational efficiency 
within real-time constraints. Multi-modal signal and image datasets were trained and tested 
on multi-modal signals and image datasets with a controlled noise condition. This is 
demonstrated because the proposed Hybrid CNN-LSTM model showed the best classification 
accuracy of 96.4, F1-score of 96.4 and AUC of 0.97; exceeding those of standalone CNN (94.2%) 
and LSTM (91.6) models. The hybrid framework recorded a mean Intersection over Union 
(mIoU) of 94.2 in the task of image segmentation. The inference latency of 20 ms and 
throughput of 48 FPS indicated by real-time evaluation were a good balance between the speed 
and performance. Also, the framework proposed had the least performance degradation of 
3.9% in the absence of noise below 10 dB, which was robust. A comparison with other related 
work in the recent past reveals that the accuracy improves by up to 4.6 percent whilst still 
achieving competitive latency. The findings affirm that the deep learning designs that are 
optimized on the space-temporal scale have a great contribution to profound intelligent signal 
and image analysis platforms in real time. 
 
Keywords: Deep Learning, Real-Time Processing, Signal Analysis, Image Analysis, Hybrid CNN-
LSTM. 

 
I. INTRODUCTION 

The recent progress in artificial intelligence has drastically changed the techniques of signal 
and image processing, especially with the introduction of deep learning techniques. The 
classic methods of signal and image analysis were based on hand-designed features and 
domain-based knowledge that could be constrained in terms of scalability, flexibility and 
robustness in changing conditions [1]. As the number of data-intensive systems like 
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autonomous systems, smart healthcare, industrial automation, intelligent surveillance, and 
next-generation communication networks rapidly increase, the need to have intelligent 
structures able to process complex signals and high-dimensional data images on demand in 
real-time, increases. Convolutional Neural Networks (CNNs), Recurrent Neural Networks 
(RNNs), Long Short-Term Memory (LSTM) networks, Vision Transformers (ViTs), and hybrid 
attention-based networks have proven to be better in feature extraction, classification, 
segmentation, detection, and predictive analytics. These models automatically discover 
hierarchical representation of raw data, and are far more accurate and generalizing than 
traditional solutions [2]. Nevertheless, real-time deployment presents serious issues in the 
form of computational latency, memory, energy, model interpretability, noisy and adversarial 
perturbations. 
In practice, especially in medical diagnostics, edge computing devices, self-driving cars and 
autonomous robots, and industrial monitoring jobs, operating and safety costs of delayed or 
erroneous predictions can be catastrophic [3]. Thus, there is an urgent necessity to develop 
superior deep learning architecture that can achieve the best predictive accuracy and 
simultaneously be computationally efficient and able to provide low-latency inference. Some 
of the promising solutions include model compression, pruning, quantization, knowledge 
distillation, lightweight architecture, and hardware-aware optimization. The study aims to 
create and optimize the most powerful deep learning systems to be used to analyze signals 
and images in the intelligent format, taking into account real-time applications. The goal of 
the study is to increase the pace of processing, its accuracy and implementation capability 
and make it scalable and adaptable to various real-world conditions. 
II. RELATED WORKS 
The most recent developments in smart signal and image analysis are highly shaped by the 
fast development of machine learning and deep learning methodologies in healthcare, 
robotics, transportation, communication, and remote sensing industries. The literature pool 
remarks on increased focus towards scalability, robustness and real-time deployment issues. 
Khudhur et al. [15] conducted a survey of the issues presented by velocity and volume in 
medical data streams in healthcare big data settings, and argue that scalable non-
probabilistic deep learning models are necessary to handle large, heterogeneous medical 
data streams in near real-time. Their work identifies computational bottlenecks and the 
significance of distributed and optimized learning architectures, which clearly compares with 
the aims of real-timed signal and image processing systems. Deep convolutional engineering 
to enhance features has come under the focus too. Kilcilc et al. [16] suggested a ResNet50 
reflection on CBAM, and the proposition proved that attention mechanism has a tremendous 
positive effect on the discrimination of features and the identification of sperm morphology. 
The establishment of this finding justifies the inclusion of modules of attention on the basic 
model of intelligent image analysis. Likewise, Lee et al. [18] investigated nanozyme-based 
biosensors with deep learning in medical diagnostics demonstrating the augmentative effect 
of AI-based feature extraction on biomedical image diagnostic and image accuracy. Edge-
based and hardware-conscious optimization: Hardware-conscious authentication Some 
recent authentications focus on real-time signal processing and edge-sensitive optimizations. 
FPGA-accelerated ECG analysis was introduced by Laura-Ioana et al. [17], whereby there is a 
high decrease in inference latency along with the preservation of diagnostic accuracy by using 
a combination of deep learning and hardware acceleration. Their work reinforces a need for 
computational efficiency in medical signal processing in real-time use. 
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Li et al. [19] have addressed intelligent multi-robot exploration in non-exposed environments 
that are complex and not autonomous systems including perception and low-latency decision 
recognition. On the same note, Liu et al. [22] suggested a powerful sonar-image mosaicking 
protocol used in deep-sea mining, and the protocol focused on independent and autonomous 
reconstruction of images and noisy image conditions. These papers reveal the need of the 
powerful deep learning models of the challenging real-time settings. Methods of image 
enhancement and changing have also changed. A comparative study by Ma et al. [23] among 
the traditional and deep learning frameworks in terms of enhancing underwater images 
showed that deep architecture is much better than classical methods in quantitative 
measures. Li and Li [20] also proved the effectiveness of deep learning in the transformation 
of image style, showing better adaptability and representation learning. 
Li et al. [21] conducted a review of AI applications in ultrasound-assisted diagnosis in the 
medical imaging field and observed that convolutional and hybrid models yield a better 
diagnostic result and alleviate the reliance of operators. Their results coincide with the 
incorporation of spatial-temporal deep learning structures of real-time clinical applications. 
Advanced signal intelligence frameworks have also been useful in transportation and 
intelligent communication systems. Medvei et al. [24] developed DeepSIGNAL-ITS, which is 
an adaptive signal control over traffic lights, and they show how the deep learning approach 
optimizes traffic flow by considering real-time signal analysis. Mengxuan et al. [25] 
investigated the use of intelligent modulation recognition in frequency-hopping 
communications, in which deep neural networks played an important part in classifying 
complex signals under dynamical conditions. 
Lastly, Mobini Seraji et al. [26] have reviewed machine learning tools on driving behavior 
analysis, where temporal modeling and multi-modal data fusion, alongside real-time 
inference may be relevant to safety-critical systems. 
On the whole, it can be concluded that the current literature presents considerable advances 
in the research of deep learning in the analysis of intelligent signals and images. Nevertheless, 
a significant amount of literature concerns domain-oriented optimization instead of the 
unified scalable frameworks balanced between the accuracy, robustness, and the efficiency 
in the real-time. The current study fills the mentioned gap with the introduction of 
sophisticated, hybrid deep learning architectures that are optimized to signal and image 
modalities subject to real-time functionality requirements. 
 

III. METHODS AND MATERIALS 
 

1. Data Description 
The two types of datasets used in the study are (i) multi-modal signal data and (ii) high-
resolution image data to assess the performance of the novel frameworks in deep learning on 
real-time conditions. The signal dataset is made of physiological signal and environmental 
signal time-series that are 12-bit (1-bit per sample) and sampled at 1 field per second (1 Hz). 
It holds about 50,000-labelled signal segments, each having a length of 5 seconds. Synthetic 
noise elements like the Gaussian noise, motion artifacts, and surrounding noise are 
introduced to mimic real world situations [4]. The dataset of images has 25,000 images in an 
annotated format that are 256x256. The dataset has object detection, classification and 
segmentation labels to facilitate multi-task learning. The preprocessing of images is 
conducted by the means of normalization, histogram equalization, and augmentation, like 
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rotating (15) with rotation (±15 A), scaling (0.8–1.2), and horizontal flipping. The dataset is 
divided into three subsets, namely, training (70%), validation (15%), and testing (15%). 
Throughout all experiments, it is performed on a workstation with an NVIDIA RTA 4090 
(24GB VRAM), an Intel i9, and 64GB of RAM. Error-metrics are considered real-time in terms 
of inference latency (ms), throughput (frames per second) and computational efficiency 
(GFLOPs) [5]. 
 

2. Deep Learning Algorithms 
 

2.1 Convolutional Neural Network (CNN) 
The Convolutional Neural Network (CNN) is used to extract spatial features in image and 
signal spectrogram data. The structure comprises four convolutional layers which have ReLU 
activation, another layer is batch normalization, and the third one is max-pooling. The 
features are chorined into two fully linked layers with dropout regularization (0.5) [6]. CNN 
learns the hierarchical spatial representations automatically hence it is suitable in pattern 
recognition problems. To enable real-time optimization, the size of kernels is restricted to 
3X3, and depthwise separable convolutions are also combined to save on computational 
overhead and achieve accuracy [7]. 

“Input: Image I 
Preprocess I (normalize, resize) 
For each convolution layer: 
Apply convolution (3×3 kernel) 
Apply ReLU activation 
Apply batch normalization 
Apply max pooling 
Flatten feature maps 
Apply fully connected layer 
Apply dropout 
Output prediction” 
 

2.2 Long Short-Term Memory (LSTM) Network 
The LSTM model is used when modeling sequencing signals. It has two LSTM layers each 
consisting of 128 hidden units and a dense output layer. The gating mechanism (input, forget 
and output gates) allows the network to hold long-term dependencies and prevent the 
irrelevant information. This architecture fits especially well in predicting a temporal signal 
and anomaly detection [8]. The dropout is set to 0.3 and gradient clipping to 5 to avoid 
overfitting and exploding gradients, and the real-time learning remains stable. 

“Input: Sequential signal S   
Initialize hidden state h0, cell state c0   
For each time step t:   
    Compute input gate it   
    Compute forget gate ft   
    Update cell state ct   
    Compute output gate ot   
    Update hidden state ht   
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Pass final hidden state to dense layer   
Output prediction”   
 

2.3 Vision Transformer (ViT) 
The Vision Transformer (ViT) is adopted to improve global features. The input picture is split 
into 16 by 16 patches which are flattened and stored in a 1-dimensional projection area. The 
sequence is then fed into multi-head self-attention layers, but positional encoding is already 
added before it. Transformer encoder is more efficient in capturing long-range dependencies 
as opposed to CNNs [9]. In real-time application, it uses a light version of ViT which consists 
of 8 attention heads and 6 transformer blocks that decreases the number of parameters but 
still maintains performance in classification. 

“Input: Image I   
Divide I into patches   
Flatten and embed patches   
Add positional encoding   
For each transformer block:   
    Apply multi-head self-attention   
    Apply layer normalization   
    Apply feed-forward network   
Extract class token   
Output classification result”   
 

2.4 Hybrid CNN-LSTM Model 
The hybrid CNN-LSTM network integrates spatial and temporal learning. The CNN part 
obtains spatial characteristics of signal spectrograms or picture frames and applies them to 
LSTM layers to captivate temporal characteristics. This architecture is useful for the video-
based image sequences and continuous stream of signals. The process of integration 
enhances contextual knowledge without increasing computation levels so that they are 
manageable [10]. At LSTM input, feature dimensionality reduction is used to reduce the 
latency in real-time inference. 

“Input: Frame sequence F   
For each frame:   
    Extract spatial features using CNN   
Stack feature vectors sequentially   
Pass sequence to LSTM   
Compute temporal representation   
Apply dense layer   
Output final prediction”   
 

Performance Evaluation 
 

Table 1: Model Architecture Parameters 
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Model Layer
s 

Parameters 
(Million) 

Input Size Drop
out 

FLOPs 
(G) 

CNN 10 8.5 256×256 0.5 3.2 

LSTM 3 4.2 500×1 0.3 1.1 

Vision 
Transformer 

8 12.6 256×256 0.2 4.8 

Hybrid CNN-
LSTM 

12 10.4 256×256 0.4 3.9 

The design combines developed deep learning architectures that facilitate real-time signal 
and image processing. The experimental architecture to be used facilitates planned testing of 
computational efficiency, predictive performance, and deployability, which is used to design 
intelligent and scalable real-time analytical structures [11]. 
 

IV. RESULTS AND ANALYSIS 
 

1. Experimental Setup 
In order to investigate the efficiency of the advanced deep learning frameworks in intelligent 
signal and image analysis in real time application, large-scale experimentation in controlled 
environment and deployment-oriented environment was pre-carried out. The experiments 
were further categorized into three big groups which included: (i) signal classification and 
anomaly detection, (ii) image classification and segmentation and (iii) real time streaming 
evaluation. The dataset was separated into the training (70), validation (15), and testing (15) 
parts. The models were all trained on the Adam optimizer, learning rate of 0.001, batch size 
of 32, and 100 epochs. Overfitting was avoided by using a patience of 10 epochs. Glosses of 
cross-entropy were applied to classification operations whereas the Dice loss was applied in 
segmentation assessment. 

 
Figure 1: “A Hybrid Deep Learning and Knowledge Graph Approach for Intelligent 

Image Indexing and Retrieval” 
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Inference latency at batch size = 1 was recorded to simulate real-time different conditions 
and means at 1 000 runs were taken. Measurements in frames per second (FPS) of image 
work and samples per second of signal work were used to measure throughput. Accuracy, 
Precision, Recall, F1-score, Mean Intersection over Union (mIoU), and Area Under Curve 
(AUC) were also used as performance metrics. 
2. Signal Analysis Experiments 
The LSTM and Hybrid CNN-LSTM models have mostly been tested on time-series signal 
prediction and anomaly detection. Noise-robustness was experimented through the addition 
of Gaussian noise to the signal-to-noise ratios (SNR) of 20 dB and 10 dB. Findings indicate 
that Hybrid CNN- LSTM model outperformed single LSTM in noisy situations because it is 
able to extract strong spatial-frequency representations followed by temporal model [12]. 

Table 1: Signal Classification Performance 

Model Accuracy 
(%) 

Precisio
n (%) 

Recall 
(%) 

F1-Score 
(%) 

AUC 

LSTM 91.6 90.9 92.1 91.5 0.93 

CNN 
(Spectrogram

) 

92.8 92.2 93.0 92.6 0.94 

Hybrid CNN-
LSTM 

95.3 95.0 95.8 95.4 0.97 

Vision 
Transformer 

93.7 93.2 94.1 93.6 0.95 

The hybrid architecture recorded the highest F1-score (95.4 percent) and AUC (0.97), which 
shows greater ability to learn over time and space. 
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Figure 2: “Approach for Intelligent Image Indexing and Retrieval” 
 
 

3. Image Analysis Experiments 
Experiments of image classification and image segmentation compared CNN and Vision 
Transformer models. ViT model was lowly sensitive in extracting global features whereas 
CNN was effective in terms of computational efficiency [13]. 
 

Table 2: Image Classification Results 

Model Accuracy 
(%) 

Precision 
(%) 

Recall 
(%) 

F1-Score 
(%) 

mIoU 
(%) 

CNN 94.2 93.8 94.5 94.1 91.6 

Vision 
Transformer 

95.8 95.2 96.0 95.6 93.4 

Hybrid CNN-
LSTM 

96.4 96.1 96.7 96.4 94.2 

LSTM 88.3 87.9 88.5 88.1 85.0 

The Hybrid CNN-LSTM was the most accurate (96.4) and mIoU (94.2) making it most useful 
in sequence-based image recognition such as video frames. 
4. Real-Time Performance Evaluation 
Autonomous systems or medical monitoring are the best examples of real-time feasibility. As 
such, latency, throughput and computational efficiency were quantified [14]. 
 

Table 3: Real-Time Inference Performance 

Model Latenc
y (ms) 

FPS GFLOP
s 

Memory Usage 
(GB) 

CNN 18 55 3.2 3.5 

LSTM 12 70 1.1 2.1 

Vision 
Transformer 

24 42 4.8 5.2 

Hybrid CNN-
LSTM 

20 48 3.9 4.3 

The latency of the LSTM model was the lowest (12 ms), thus it can be used in high-speed 
signal applications. Nevertheless, the Hybrid model had a trade-off that was balanced 
between latency (20 ms) and high predictive performance [27]. 
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Figure 3: “Theoretical Understanding of Convolutional Neural Network” 

 
5. Noise Robustness Analysis 
In order to test the soundness, both signal and image data were introduced with controlled 
noise levels. Measurement of degradation of performance was done. 
 

Table 4: Performance Under Noise Conditions 

Model Clean 
Accuracy 
(%) 

20 dB 
Noise (%) 

10 dB 
Noise (%) 

Performance 
Drop (%) 

CNN 94.2 91.5 87.2 7.0 

LSTM 91.6 89.1 84.3 7.3 

Vision 
Transformer 

95.8 93.7 90.2 5.6 
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Hybrid CNN-
LSTM 

96.4 94.8 92.5 3.9 

The performance degradation in the Hybrid model was the least (3.9%), which showed the 
high resiliency to noise. 
6. Comparison with Related Work 
To justify the value of the presented framework, the results were compared with the recent 
similar methods that were reported in the recent literature. Older CNN-based systems 
achieve 89%93% accuracy in classification in real-time. Lightweight models that are based 
on the transformers feature an accuracy as high as 93%-95% and are characterized by 
increased computational cost [28]. 

 
Figure 4: “Example applications of deep learning for spectral data” 

 
The Hybrid CNNLSTM proposed model is more accurate and has a low enough latency as 
compared to its counterparts, which indicates that it is not inferior to other related works. 
 
Table 5: Comparison with Related Work 
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Method (Related 
Work) 

Year Accura
cy (%) 

Latency 
(ms) 

FPS Improve
ment 
(%) 

Conventional CNN 
Model 

2022 91.8 22 40 +4.6 

Lightweight ViT 
Model 

2023 94.1 27 38 +2.3 

Attention-Based 
RNN 

2023 92.7 19 50 +3.7 

Proposed Hybrid 
Model 

2026 96.4 20 48 — 

The proposed model achieves 96.4% accuracy, outperforming conventional CNN methods by 
approximately 4.6% and lightweight transformer approaches by 2.3%, while maintaining 
competitive real-time latency. 
 

7. Discussion of Results 
The results of the experiment prove that there is a single model that does not dominate within 
each of these performance measures. CNNs are efficient spatial feature extractors that have 
moderate computational costs. The LSTM networks are very effective on temporal signal 
modeling with little latency. Vision Transformers are better in representing global features 
but are more expensive to run [29]. The Hybrid CNN-LSTM framework has the best balanced 
performance that involves high spatial-temporal learning, great strength against noise and 
high enough real-time inference speed. This also makes it especially appropriate in 
applications that require high accuracy and speed like in intelligent medical monitoring 
systems, automated navigation systems and monitoring of process quality in the industrial 
sector [30]. 
In general, the experiments confirm that the combination of complex deep learning 
architectures and optimization algorithms is a significant improvement to analyze intelligent 
signals and images in real-time conditions. Its findings indicate better predictive power, 
computational efficiency and strength than the available related literature, proving the 
efficiency of the proposed framework along with its practical feasibility. 
V. CONCLUSION 
This study gave a progressive deep learning model of smart signal and image analysis 
configured to real-time implementation. The study was based on the integration of 
Convolutional Neural Networks (CNN), Long Short-Term Memory (LSTM) networks, Vision 
Transformers (ViT) and Hybrid CNN-LSTM architecture to systematically analyze spatial, 
temporal, and combined learning abilities under realistic time conditions. It was shown in an 
experimental study that, although the standalone CNN and LSTM models exhibit efficient and 
low-latency behaviour, the Hybrid CNN-LSTM model has a high predictive accuracy, noise 
resistance and moderate computational efficiency. It was demonstrated that the proposed 
framework was significantly better than other relevant work in similar approaches based on 
their classification accuracy, F1-scores, and their performance loss in noisy conditions. 
Moreover, the real-time real-world analysis confirmed that optimized deep learning models 
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have a tolerable latency and throughput that can support intelligent healthcare monitoring, 
autonomous system, inspection system, and adaptive communication networks. The results 
indicate that combining spatial-temporal learning and computational optimization strategies 
is important in compromising the challenges of a practical deployment. In general, the study 
makes contributions to a scalable and effective deep learning platform that is capable of 
advancing the state of the art in intelligent systems of signal and image analysis in real time. 
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