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Abstract 

The exponential growth of internet of things (IoT) devices has posed unprecedented challenges in 

managing the massive data generated by real-time monitoring, automation, and analytics. Existing 
network infrastructures lack scalability, bandwidth, and suffer from latency problems, further making 

data transmission less efficient. This study surveys innovative approaches using deep learning and 

compressive sensing to reduce IoT data traffic. Deep learning is able to upgrade data processing by 
means of very effective pattern extraction and predictive modeling, while compressive sensing reduces 

redundancy using sparsity in data. The number of IoT devices has been growing quickly, and data 
generated by these devices ranges from analytics to real-time monitoring and automation. Given that 

the world is largely dependent on the Internet, thanks to developments like 5G and fiber optics, which 
enable users to access and create IoT. Data generation has skyrocketed, and solutions are very 

inexpensive. Despite the fact that this expansion offers numerous benefits, it severely strains network 
infrastructures that were not built to handle the large volume of data traffic from IoT devices. All the 

three together are scalable, energy-efficient, and latency-aware solutions for the IoT ecosystems. These 
techniques together are studied across applications such as smart cities, healthcare, and industrial 

automation, underlining their transformative potential. Difficulties like resource constraints, 
heterogeneity, and security risks are also presented and future research directions along with 

technological progress are included. 
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INTRODUCTION 

Internet of things (IoT) devices have been rapidly increasing, with the generation of data spanning 
from real-time monitoring and automation to analytics. Since the world heavily depends on the Internet, 

spurred by technological advancements such as 5G and fiber optics, which allow people access and 
make IoT solutions highly affordable, data generation has exploded [1, 2]. Although this growth has 

many advantages, it puts massive pressure on 
existing network infrastructures not designed to 

absorb this tremendous amount of data traffic from 
IoT devices. Bottlenecks arise from bandwidth 

limitation, network congestion, and latency 
degrading the performance and user experience of 

these systems [3]. Poor data handling exacerbates 
these challenges, including latency and energy 

consumption, especially in latency-sensitive 
applications such as autonomous vehicles and 

healthcare monitoring. Excessive energy 

consumption due to redundant or unoptimized data 
transmission results in the shortening of IoT 

devices' lifespan and higher operational costs. 
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Scalability is another pressing concern as more devices join the network, posing barriers for widespread 

IoT adoption. In IoT environments, devices are heterogeneous and resource-constrained, requiring 
lightweight communication protocols (e.g., Zigbee, Bluetooth low-energy [BLE], long-range wide area 

network [LoRaWAN]), as well as efficient network management systems to function correctly [4, 5]. 
To that end, innovative techniques for instance deep learning and compressive sensing are being 

researched on. These methods optimize data management, improve energy efficiency, and enhance 
scalability and transform the IoT ecosystem into an even more efficient and sustainable one. The launch 

of IoT solutions is still plagued by security risks and unclear strategies on how to handle the same. The 
IoT is an evolving technology, and its benefit can only be taken advantage of with robust strategies for 

integrating and optimizing technologies so that secure and efficient operations of IoT applications are 
facilitated across all sectors [6]. Figure 1 illustrates a smart traffic management system that utilizes IoT 

layers, which are perception, network, and application layers, to integrate smart traffic signals, mobile 

users, Google Maps, and cloud-based data processing to control traffic efficiently and effectively 
manage congestion. 

 

The exponential growth of the IoT has revolutionized the way devices communicate, creating a 

dynamic and interconnected ecosystem that generates substantial data traffic. IoT networks encompass 

a wide range of devices, from smart home appliances to industrial sensors, all of which continuously 

transmit and receive data. This constant flow of information leads to an intricate web of data traffic that 

requires efficient management and analysis. With billions of devices expected to be connected in the 

coming years, understanding and optimizing this data flow becomes crucial for ensuring network 

reliability and performance. 

 

Data traffic in IoT networks presents unique challenges due to the diverse nature of the devices and the 

types of data being exchanged. Unlike traditional networks, where data is primarily generated by a limited 

number of users, IoT networks feature a vast array of devices that communicate at varying frequencies 

and volumes. This heterogeneity demands sophisticated algorithms for data routing and prioritization, as 

well as robust protocols to accommodate the latency and bandwidth constraints inherent in many IoT 

applications. Additionally, the reliance on cloud services for data processing introduces further 

complexity, as it necessitates effective strategies to minimize latency and maximize throughput. 

 

Moreover, security considerations play a vital role in managing data traffic in IoT networks. The 

proliferation of connected devices increases the potential attack surface for cyber threats, making it 

imperative to implement robust security measures to safeguard data in transit. Encryption, 

authentication, and anomaly detection are essential technologies that help protect sensitive information 

from unauthorized access. Furthermore, as data privacy regulations become more stringent globally, 

IoT networks must evolving to ensure compliance while efficiently handling the substantial volume of 

data traffic generated by these devices. 

 

In summary, data traffic in IoT networks is a multifaceted issue that necessitates careful consideration 

of technical, operational, and security aspects. As the IoT ecosystem continues to grow, advancing 

technologies such as edge computing, machine learning, and network slicing will play a crucial role in 

optimizing data flow, enhancing security, and enabling real-time analytics. Harnessing the full potential 

of IoT data traffic will not only improve system performance but also unlock new opportunities for 

innovation across various sectors, from healthcare to agriculture and smart cities. 

 

The IoT refers to the growing network of interconnected devices that communicate and exchange 

data seamlessly. From smart home appliances and wearable health monitors to industrial machinery and 

connected vehicles, IoT technologies are revolutionizing how we interact with the physical world. With 

the exponential growth in the number of IoT devices, understanding the characteristics of data traffic 

within these networks has become paramount. IoT-based architecture of smart traffic management 

system for metropolitan cities is shown in Figure 1. 
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Figure 1. Internet of Things (IoT)-based architecture of smart traffic management system for 

metropolitan cities. 

 
The Nature of Internet of Things Data Traffic 

At its core, IoT data traffic encompasses the transmission of data between devices and the cloud, as 
well as between devices themselves. This traffic can be categorized into several types: 

1. Real-Time Data: Many IoT applications, such as smart health monitoring systems or autonomous 
vehicles, require real-time data transmission. This involves rapid data processing and minimal 
latency to ensure timely actions based on the information received. 

2. Periodic Data: Devices such as weather stations and smart meters often send data at regular 

intervals. This type of transmission can be more manageable but must still account for potential 

congestion within the network. 

3. Event-Driven Data: Certain IoT applications operate based on specific triggers, such as security 

cameras sending alerts upon detecting motion. This sporadic yet crucial traffic must be handled 

efficiently to avoid bottlenecks and ensure reliability. 

4. Aggregate Data: With numerous devices generating continuous streams of information, 

aggregating and summarizing this data before transmission can be beneficial. This approach 

reduces the amount of data sent over the network and lowers congestion while still providing 

valuable insights. 

 

Deep learning is one of the tools used in IoT data processing, which has the capability of conducting 

advanced extracting patterns from complex and high-dimensional information. Such methodology also 

made feasible the kind of efficient data compression, anomaly detection, predictive analytics, and real-

time decision-making, which is adequately suited in dynamic and diverse requirements of a large 

amount of data required in IoT applications. For example, the most familiar ones include autoencoders 

and convolutional neural networks (CNNs) are more inclined for compressing or analyzing big volumes 

of IoT data [7]. Conversely, compressive sensing, is one of the mathematical frameworks conceived to 

eliminate redundancy in the collection and conveyance of data; it functions based on the sparsity 

principle, allowing the recovery of high-dimensional signals from fewer measurements than are 
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typically required. Compressive sensing is thus an optimal solution for IoT devices characterized by 

limited computational and communication resources as it diminishes the volume of data that must be 

transmitted with very minimal loss of information [8]. The synergy between deep learning and 

compressive sensing thus provides innovative ways to deal with some of the key challenges in IoT. 

Compressive sensing reduces the initial load of data by intelligently sampling and transmitting only the 

information considered necessary, whereas deep learning helps enhance signal reconstruction and 

optimizes further data processing. This blend enables scalable, energy-efficient, and latency-aware IoT 

ecosystems that accommodate the increasingly high demands in modern applications, including smart 

cities, health care, and industrial automation [9, 10]. 

 

CHALLENGES IN REDUCING DATA TRAFFIC IN INTERNET OF THINGS NETWORKS 

Scalability and Device Heterogeneity 

IoT networks are made up of an enormous number of devices, ranging from basic sensors measuring 

temperature or humidity to sophisticated industrial machinery performing complex operations. This 

diversity creates great difficulties in creating standardized protocols for communication and data 

handling. Each device could have its own varied hardware specifications, communication standards, 

and data formats, thus causing problems with interoperability within the network. Thus, the inability to 

have a uniform architecture seriously creates seamless integration of these heterogeneous devices into 

a comprehensive IoT system that hinders the efficiency of data collection and processing mechanisms 

[11]. The scalability of IoT networks increases with the exponential growth in the number of connected 

devices; increased density of devices increasingly puts immense strain on bandwidth and network 

infrastructure, thereby causing bottlenecks that hinder the performance of systems. With this 

burgeoning data traffic, routing and management systems become hard to cope with, eventually 

resulting in slow responses, reduced reliability, and thereby decreased user satisfaction. Without proper 

solutions for dealing with the issues related to scalability and heterogeneity, large-scale IoT ecosystems, 

like smart cities or industrial IoT setups, are hard to deploy [12]. 

 

Resource Constraints on Internet of Things Devices and Networks 

Then, as a fundamental characteristic, IoT devices are usually characterized by small, low-cost, and 

energy-efficient designs, which inherently limit their ability in terms of computational power, memory, 

and storage capacity. This limitation becomes a significant challenge in processing and storing large 

volumes of data generated by such devices. Further, many IoT systems still rely on central servers or 

cloud platforms for complex data analytics, which introduces latency and increases dependency on 

network connectivity [13]. This reliance can be particularly problematic in remote or bandwidth-limited 

environments, where access to cloud resources may not be readily available. Another pressing issue is 

the trade-off between energy efficiency and performance. IoT devices often run on limited battery 

power, making energy consumption a critical factor. Frequent data transmission and processing 

consume significant energy, shortening device lifespans and escalating operational costs. The need to 

balance energy consumption with performance demands the development of lightweight and energy-

efficient algorithms for data compression and traffic reduction. These techniques must optimize data 

handling without overburdening the limited computational and storage capacities of IoT devices, 

ensuring their long-term viability in resource-constrained environments [14, 15]. Challenges in 

reducing data traffic in IoT networks are shown in Figure 2. 

 

Security, Privacy, and Real-Time Data Processing Issues 

Techniques like data compression, despite its efficiency in reducing data redundancy, inherently 

introduce new security risks. Compressed streams are subject to easier compromise from interception 

if uncompressed data is accessed, as redundancy-less data does not correct errors as easily. In healthcare 

and financial systems and any other such critical application that deals with privacy-sensitive 

information, it becomes quite essential to ensure proper encryptions and privacy-preserving 

mechanisms [16, 17]. Without these safeguards, the risk of data breaches or leaks can damage user trust 

and lead to non-compliance with the law, affecting the mass adoption of IoT solutions.  
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Figure 2. Challenges in reducing data traffic in internet of things (IoT) networks. 

 

Low-latency high-speed applications in IoT, such as autonomous vehicles, industrial automation, and 

emergency response, pose additional challenges. It is much more complex to ensure that low-latency 

data processing applications have sufficient guarantees on data security and efficiency simultaneously. 

Any delay due to encryption/compression protocols can compromise system performance and, in 

critical scenarios, endanger lives. Developing solutions that can process data in real time with privacy 

and security is important in reducing data traffic effectively and making IoT systems operate reliably 

in dynamic environments [18]. 

 

Thus, addressing these challenges requires an integrated approach that harmonizes scalable network 

management, lightweight algorithms for data reduction, and robust security measures that take into 

consideration the constraints of IoT ecosystems. 

 

THE ROLE OF DATA TRAFFIC IN INTERNET OF THINGS NETWORKS FOR 

APPLICATIONS IN WEATHER AND ENVIRONMENTAL MONITORING 

IoT networks consist of interconnected devices that collect, transmit, and analyze data. These  

devices can range from simple sensors that measure temperature and humidity to more complex systems 

that monitor air quality, soil moisture, and water levels. The key to these networks is the ability to 

transmit vast amounts of data in real-time, ensuring timely decision-making and response to 

environmental conditions. 

 

At the core of IoT networks is the data traffic generated by various sensor nodes. This data traffic 

represents the flow of information, which is essential for effective monitoring and analysis. The type 

and volume of data generated can depend on several factors, including the number of sensors deployed, 

the frequency of data collection, and the bandwidth of the network. 

 

Real-Time Monitoring 

One of the primary benefits of leveraging IoT networks for weather and environmental monitoring 

is the capacity for real-time data collection and analysis. Continuous data flow allows researchers and 

authorities to track weather patterns, air quality, and other environmental parameters as they unfold. 

For instance, real-time monitoring of air pollution levels can help identify pollution sources and 

facilitate timely interventions to protect public health. 

 

Data Aggregation and Analysis 

IoT networks enable the aggregation of data from remote and diverse locations, providing a 

comprehensive picture of weather and environmental conditions. This accumulated data can be 

analyzed to identify trends, predict weather events, and assess environmental impacts over time. For 
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example, data collected from multiple sensors can be processed using machine learning algorithms to 

enhance forecasting accuracy, leading to more reliable weather predictions. 

 

Enhancing Accuracy and Decision-Making 

The data collected from IoT sensors contributes to more informed decision-making. By utilizing large 

datasets, policymakers and environmental scientists can develop models that predict future 

environmental conditions and weather patterns. This capability is critical for disaster preparedness and 

management, such as predicting floods, hurricanes, or drought conditions. 

 

Smart Agriculture 

The integration of IoT networks in agriculture has enabled smart farming practices. Farmers can 

access real-time weather updates, soil moisture levels, and crop health data, optimizing their irrigation 

and fertilization routines. This smart application not only increases yield but also contributes to 

sustainable practices by minimizing water and chemical usage. 

 

Climate Change Monitoring 

IoT networks play a crucial role in monitoring climate change. Sensors measuring temperature, 

precipitation, and atmospheric conditions provide valuable data for studying climate trends over time. 

This data aids researchers in understanding the effects of climate change on ecosystems and 

biodiversity, facilitating informed conservation efforts. 

 

Despite the immense potential of IoT networks for weather and environmental monitoring, there are 

challenges associated with data traffic: 

1. Data Overload: The sheer volume of data generated can lead to overcrowded networks, posing 

challenges in data management and transmission. Efficient data handling techniques, such as 

edge computing, are necessary to mitigate this issue. 

2. Security Concerns: The transmission of sensitive ecological data is susceptible to cyber threats. 

Robust security measures must be in place to protect data integrity and privacy. 

3. Standardization: The lack of universal data standards poses challenges for interoperability. 

Developing common protocols can enhance data sharing and collaboration among institutions 

and countries. 

 

Data traffic in IoT networks plays an essential role in advancing weather and environmental 

monitoring capabilities. As technology continues to evolve, the potential for improved data collection, 

analysis, and reporting will only grow. By harnessing the power of real-time data, stakeholders can 

make informed decisions that enhance climate resilience, promote sustainable practices, and ultimately 

protect our planet. The future of environmental monitoring lies in embracing IoT technology and the 

vast data it generates, paving the way for a more efficient and adaptive approach to understanding and 

responding to our changing environment. 

 

DATA TRAFFIC REDUCTION METHODS IN INTERNET OF THINGS NETWORKS 

APPLICABLE FOR WEATHER AND ENVIRONMENTAL MONITORING 

The IoT has transformed the landscape of connectivity, enabling smart devices to communicate and 

share data across various applications. However, the rapid proliferation of IoT devices has led to an 

exponential increase in data traffic. This surge poses significant challenges to network efficiency, 

bandwidth consumption, and data storage. As organizations embrace IoT technology, it becomes crucial 

to implement effective data traffic reduction methods to optimize performance and minimize resource 

usage. This article explores several strategies to mitigate data traffic in IoT networks [19–35]. 

 

Data Aggregation 

One of the most effective ways to reduce data traffic in IoT networks is through data aggregation. 

Instead of sending individual data points from each device to the cloud or central server, data from 
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multiple devices can be collected and combined locally before transmission. This method decreases the 

frequency and size of data packets being sent over the network [36–46]. 

 

Techniques for Data Aggregation 

• Local Processing: Perform initial processing on-device to filter out redundant data before 

transmitting it. 

• Event-Based Aggregation: Send data only when specific events occur, rather than continuously 

transmitting data points at regular intervals. 

 

Data Compression 

Data compression techniques can substantially reduce the amount of transmitted data by encoding 

information more efficiently. This approach ensures that the relevant data can be sent with lower 

bandwidth requirements without losing essential information [47–63]. 

 

Common Compression Techniques: 

• Lossless Compression: Algorithms such as Gzip or LZ77 can compress data without losing any 

information, making them suitable for critical applications where data integrity is paramount. 

• Lossy Compression: Techniques such as JPEG or MP3 can be used for non-critical data where 

some loss of information is acceptable for the sake of reduced data sizes, such as in video or 

audio transmission. 

 

Edge Computing 

Edge computing pushes data processing closer to the source of data generation, thereby reducing the 

need to send large amounts of data to centralized servers. By processing data locally on edge devices, 

unnecessary data transfers can be minimized, leading to lower latency and reduced bandwidth usage. 

 

Benefits of Edge Computing: 

• Real-Time Processing: Critical applications needing immediate responses can be processed 

without relying on distant cloud services. 

• Reduced Latency: Local processing decreases the time data takes to travel across networks, which 

is vital for applications like autonomous vehicles or real-time monitoring. 

 

Protocol Optimization 

IoT networks often utilize various communication protocols, each with inherent efficiencies and 

inefficiencies. Optimizing these protocols can significantly reduce data traffic and improve overall 

network performance. 

 

Recommended Protocols: 

• MQTT (Message Queuing Telemetry Transport): This lightweight protocol is designed for low-

bandwidth, high-latency networks. It uses a publish-subscribe model that minimizes the need for 

constant connections. 

• CoAP (Constrained Application Protocol): Developed specifically for constrained devices, 

CoAP reduces overhead significantly, making it ideal for IoT applications. 

 

Intelligent Data Filtering 

Implementing intelligent data filtering mechanisms can help prevent unnecessary data from being 

transmitted in the first place. By utilizing techniques such as machine learning or rule-based filters, IoT 

devices can evaluate and selectively transmit data that is most relevant for analysis. 

 

Approaches to Filtering 

• Threshold-Based Filtering: Data is sent only if it exceeds a predefined limit, reducing traffic 

from event noise. 
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• Anomaly Detection: Non-normative data can trigger alerts while ignoring routine streams, 

ensuring that only significant deviations require attention. 

 

Scheduled Data Transmission 

In many IoT applications, real-time data transmission is not critical. Scheduling data transmission 

can greatly alleviate network congestion by allowing devices to transmit data during non-peak hours or 

at predefined intervals. 

 

Advantages of Scheduled Transmission 

• Bandwidth Optimization: By transmitting at off-peak hours, overall network utilization can be 

significantly improved. 

• Energy Conservation: Scheduled transmissions can allow devices to enter low-power modes, 

conserving battery life. 

 

The continuous growth of IoT devices poses significant challenges in data traffic management. 

Employing strategies such as data aggregation, compression, edge computing, protocol optimization, 

intelligent filtering, and scheduled transmission can effectively reduce data traffic and enhance overall 

network efficiency. As organizations increasingly rely on IoT technology, implementing these methods 

will be essential for maintaining robust, scalable, and cost-effective IoT architectures, ultimately driving 

innovation across industries while minimizing resource consumption. 

 

DEEP LEARNING-BASED TECHNIQUES FOR INTERNET OF THINGS TRAFFIC 

REDUCTION 

Data Compression Using Neural Networks 

Autoencoders are special neural networks tailored for unsupervised learning with a significant 

application in compressing the IoT data while retaining all significant features of it. Autoencoders 

decrease the dimensionality of data to only transfer necessary information, thereby reducing the traffic 

within resource-scant IoT networks. Autoencoders balance compression with fidelity of reconstruction 

at the receiver's end. Generative adversarial networks (GANs) take this ability one step further by 

compressing inputs into realistic data. GANs are combinations of a generator and a discriminator 

network operating in tandem to produce approximations of high-quality data. Such applications make 

GANs useful in scenarios where missing or incomplete IoT data needs to be reconstructed or 

augmented, with the process ensuring data consistency while keeping transmission volumes low [64]. 

Hybrid techniques tend to blend compression techniques with predictive modeling in order to optimize 

IoT data traffic. Hybrid models do deep learning for the ability to predict future trends of data. This 

helps reduce redundant transfers by only updating in cases of significant deviations. For example, 

hybrid frameworks can integrate autoencoders with recurrent neural networks (RNNs) in order to 

compress historical data while making predictions about future values. Results on various case studies 

have established that these approaches outperform the traditional compression algorithms and support 

more efficient and scalable IoT networks [65]. 

 

Optimized Data Transmission Using Reinforcement Learning 

Reinforcement learning (RL) brings about a new paradigm in IoT data transmission with adaptive 

strategies to optimize devices' transmission policies. It allows the IoT devices to learn by trying and 

decide dynamically based on real-time parameters, for example, network congestion, device states, and 

application demands regarding transmission of frequency, size, and priority of the data. Among the 

many RL techniques, Q-learning and deep Q-networks (DQNs) stand out because of their capacity to 

learn the complex state-action maps. For example, DQNs can analyze and learn from network traffic 

patterns so that resources can be intelligently allocated for efficient communication in heterogeneous 

and dynamic IoT environments [66, 67]. Adaptability is indeed crucial for managing the diverse traffic 

loads caused by applications at one end (such as wearable health monitors) and industrial automation 

systems at the other end. RL can be applied to IoT data traffic management, showing potential utility 
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in smart traffic routing; it optimizes the usage of roads by real-time redirection of vehicles and energy-

efficient communication through optimal reduction of transmissions to be made on the devices for 

conserved power. Applications of congestion control in IoT networks take advantage of RL-based 

approaches that suppress delays and packet loss in times of heavy flows [68]. These implementations 

also result in enhanced efficiency in the network while ensuring increased reductions in operational 

costs through optimal resource utilization. The integration of RL into IoT systems can facilitate more 

efficient and scalable data transmission, robust service delivery with quality, and the ability to adapt to 

ever-changing network conditions. This adaptation to changing network conditions makes RL an 

important tool for future applications in IoT [69, 70]. 

 

COMPRESSIVE SENSING METHODS FOR INTERNET OF THINGS OPTIMIZATION 

Sparse Signal Representation in Internet of Things Data 

The core idea behind compressive sensing (CS) is the representation of data as a sparse signal where 

only a few elements contain significant information. In IoT, data streams are generally sparse in their 

native domain or can be made sparse by transforming them (e.g., by wavelets or Fourier transforms). 

By exploiting this sparsity, compressive sensing enables efficient sampling and transmission by IoT 

devices without gathering every data point, significantly reducing the amount of data traffic [71]. Sparse 

representation techniques are especially useful in resource-scarce contexts like low-power IoT devices. 

They guarantee that data acquisition and processing remain lightweight, a characteristic that is essential 

for deployment, especially in applications such as wireless sensor networks and battery-operated 

devices [72, 73]. 

 

Signal Recovery and Reconstruction Algorithms 

Compressive sensing relies on advanced algorithms to reconstruct the original signal from sparse 

measurements, ensuring efficient data recovery. Among the most popular reconstruction methods are 

basis pursuit (BP) and matching pursuit (MP). BP uses optimization techniques to identify the sparsest 

signal that aligns with the measured data, offering high precision but demanding significant 

computational resources [74]. On the other hand, MP employs an iterative approach, incrementally 

reconstructing the signal by matching it to a dictionary of potential components. While MP is faster and 

computationally lighter, it can sometimes sacrifice accuracy compared to BP. Given the diverse 

requirements of IoT applications, selecting the appropriate reconstruction algorithm involves balancing 

accuracy, computational efficiency, and resource utilization [75]. For real-time IoT scenarios with 

limited processing capabilities, such as edge devices or low-power sensors, this trade-off becomes 

particularly critical. Achieving the right balance ensures that IoT systems maintain reliable performance 

without overburdening their constrained resources, enabling the effective deployment of compressive 

sensing in practical, dynamic environments [76]. 

 

Real-Time Applications of Compressive Sensing in Internet of Things 

Based on how critical rapid data processing is for real-time IoT applications, compressive sensing 

has high potential in edge computing environments. Reducing the amount of data transmitted to the 

centralized server is one-way CS minimizes latency and conserves bandwidth, making it suited for real-

time monitoring systems-such as smart cities, healthcare, and industrial automation [77]. Integrating 

compressive sensing with IoT protocols and architectures, for instance, lightweight communication 

frameworks (e.g., MQTT, CoAP) further adds to its utility. Such integrations enable efficient end-to-

end data handling at the device level to reconstruction at the edge or cloud. More and more CS 

techniques are being deployed together with machine learning models to enhance the efficiency and 

accuracy of IoT data processing, ensuring real-time response with reduced consumption of resources. 

 

These methods make compressive sensing a more scalable and energy-efficient solution for 

optimizing IoT networks facing problems such as high data traffic and limited resources in real-time 

operational demands [78]. 
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INTEGRATING DEEP LEARNING AND COMPRESSIVE SENSING 

Deep learning integrated with compressive sensing provides a robust framework for the optimization 

of IoT data management using sparse measurements that capture the essence of the data, thereby 

enabling efficient reconstruction with neural networks. Since it reduces data transmission costs, 

improves computational speed, and delivers high accuracy at low latency, collaborative models are 

especially suited to resource-constrained IoT environments. For example, CNNs and autoencoders have 

proven to exhibit superior real-time signal reconstruction performance comparing with traditional 

methods [79]. When the complexity of IoT systems increases, the balance between compression 

efficiency and reconstruction quality becomes indispensable, with regard to evaluation metrics of 

compression ratio (CR), reconstruction accuracy in terms of mean square error (MSE) or signal-to-noise 

ratio (SNR), as well as latency. These integrated approaches always outperform their traditional 

counterparts, thus justifying the interest in bandwidth- and energy-limited settings [80]. The importance 

of model compression goes beyond IoT to wider machine learning applications. Compression 

techniques have become an essential tool to deploy artificial intelligence (AI) systems in environments 

with limited computational resources, such as mobile devices and edge computing. By researching 

lightweight design architectures systematically, it becomes clear that the relationship between model 

performance and computational burden must be optimized so as to not compromise sustainability. 

Hybrid approaches that use more than one compression promise improved efficiency, and intelligent 

frameworks that can select the best strategy for a given application hold large promise for advancing 

AI technology. Such methods increase sustainability while preserving high performance in constrained 

resource settings, thus ushering in responsible AI innovation [81, 82]. 

 

In the realm of image CS, the adaptive technique-based deep learning models have drastically 

transformed the performance scenario. Adaptive sensing allows the sampling matrix to be dynamic, 

whereas adaptive feature learning employs the associations within image data to enhance 

representation. Third, scalable model adaptation schemes have brought out scalability features across 

all sampling modes. Some of these innovations, which have struck out the major drawbacks of 

inflexibility and weak generalization, open up the doors for practical applications in multimedia and 

real-time image reconstruction. Further developments must achieve their broadest impact by refining 

these techniques to develop adaptive frameworks by overcoming the remaining challenges [83]. The 

rapid progress of next generation wireless communications has accelerated machine learning adoption 

in cognitive radio networks (CRNs), especially in spectrum sensing and dynamic spectrum sharing. The 

different types of machine learning algorithms applied here are supervised and unsupervised learning 

and reinforcement learning, which help optimize cooperative spectrum sensing and the dynamic 

distribution of spectrum resources in dynamic spectrum sharing (DSS). Efficient use of spectrum can 

be established in the CRNs addressing the continually increasing demand for wireless communications. 

The integration of machine learning algorithms into CRNs presents intelligent, scalable solutions that 

can optimize network efficiency and overcome the scarcity of spectrum [84]. 

 

Deep learning combined with federated learning (FL) and blockchain technology provides innovative 

solutions for specific challenges, such as detecting deepfakes. This approach will address data 

heterogeneity by integrating both SegCaps and CNNs for image feature extraction and CNs for 

enhanced generalization, ensuring secure global model training. Extensive experiments demonstrate 

that such methods can outperform existing detection systems in order to show significant improvements 

in both accuracy and AUC metrics. This approach not only counters the proliferation of deepfake 

content but also emphasizes media authenticity and security, thus making the relevance of such a 

technique well-spread across journalism, entertainment, and digital security [85]. Recent advancements 

in compressive sensing have also escalated innovation in reconstruction networks. Deep unfolding 

networks (DUNs), which rely on optimization principles, face certain limitations in feature 

characterization based on single-channel input-output structures. Addressing these limitations, MMU-

Net introduces multi-channel, multi-scale architectures incorporating attention mechanisms and multi-

scale blocks to enhance feature extraction. On benchmark datasets, MMU-Net shows superior 
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reconstruction performance for all the images, both natural and remote sensing, bearing testimony to 

the applicability of this model in the image recovery task [86]. Video SCI has also made effective use 

of memory-efficient models like multi-group reversible 3D convolutional neural networks. These 

models use much fewer memory resources without reducing state-of-the-art results in large-scale video 

SCI applications, for example, high-speed reconstruction, color video reconstruction, and bridging the 

practical implementation challenges in video compression. 

 

As a whole, integrating deep learning with compressive sensing offers a profoundly transformative 

approach to data management in the IoT and advanced applications domains, while optimizing 

efficiency and ensuring scalability. These developments, along with improvements in spectrum sensing, 

image CS, and video SCI, indicate the potential of hybrid models for revolutionizing AI and IoT 

ecosystems that are adaptable, efficient, and sustainable for diverse domains. Comparative analysis of 

research contributions in machine learning and compressive sensing applications is shown in Table 1. 

 

Table 1. Comparative analysis of research contributions in machine learning and compressive sensing 

applications. 

Ref. 

No. 

Key Findings Model Used Limitations Applications 

[82] Emphasizes the role of 

model compression 

techniques in enhancing AI 

model efficiency for 

resource-constrained 

environments and 

sustainability. 

Hybrid model 

compression 

methods combining 

multiple techniques. 

Lack of intelligent 

frameworks for 

automatic selection of 

compression 

techniques for specific 

applications. 

Mobile devices, 

edge computing, 

IoT systems, 

sustainable AI 

development. 

[83] Reviews adaptive learning 

for image compressed 

sensing (CS), focusing on 

adaptive sensing, feature 

learning, and model 

adaptation to improve 

flexibility and 

generalization. 

Adaptive sensing 

and deep learning-

based CS 

frameworks. 

Limited scalability and 

weak generalization 

across different 

sampling modes. 

Image 

compression, 

multimedia 

applications, real-

time image 

reconstruction. 

[84] Surveys ML-based 

algorithms for cooperative 

spectrum sensing (CSS) and 

dynamic spectrum sharing 

(DSS) in cognitive radio 

networks (CRNs). 

Supervised, 

unsupervised, and 

reinforcement ML 

algorithms. 

Challenges in applying 

ML to diverse CRN 

scenarios and 

addressing 

performance trade-

offs. 

Spectrum sensing 

and sharing in next-

generation wireless 

communication 

systems. 

[85] Proposes a blockchain-

based federated learning 

(FL) framework to counter 

deepfake threats while 

preserving data source 

anonymity. 

Federated learning 

combined with 

SegCaps and CNN 

models. 

High computational 

requirements for 

blockchain integration 

and potential data 

heterogeneity issues. 

Deepfake 

detection, media 

authenticity, 

journalism, and 

digital security. 

[86] Introduces MMU-Net, a 

multi-channel and multi-

scale CS reconstruction 

network that enhances 

feature characterization and 

performance. 

Multi-channel and 

multi-scale 

unfolding network 

(MMU-Net) with 

Adap-SKConv 

attention mechanism. 

Limited to specific 

benchmark datasets 

and may require 

adaptation for other 

data types or domains. 

Image 

reconstruction for 

natural and remote 

sensing datasets. 

[87] Develops a memory-

efficient network for large-

scale video snapshot 

compressive imaging (SCI) 

using multi-group reversible 

3D convolutional neural 

networks. 

Multi-group 

reversible 3D 

convolutional neural 

networks with Bayer 

measurement 

reconstruction. 

High computational 

cost of deep networks 

and memory 

occupation, limiting 

their practicality in 

broader applications. 

High-speed video 

compression, color 

video recovery, 

large-scale SCI 

applications. 
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Deep learning and compressive sensing together have all sorts of applications across IoT domains: 

• Smart Cities: With lower data volume, real-time analytics would help infrastructures like traffic 

monitoring and energy management. In fact, compressive sensing reduces the amount of data 

transmitted through sensors whereas deep learning models examine patterns for congestion 

management and efficient power distribution. 

• Healthcare: Such amalgamation in healthcare applications, like wearable devices and remote 

patient monitoring, compress and analyze high-speed streams of continuous health data so that 

accurate diagnostics could be done without overloading network and computation resources. 

• Industrial IoT (IIoT): Predictive maintenance of processes across industries generates very high 

frequency data. In their integrated models, real-time anomalous or maintenance signals can be 

identified without overloading the network. 

 

CONCLUSION 

The convergence of deep learning with compressive sensing, which seems to be one of the game-

changing approaches at addressing data traffic problems on an IoT network, takes advantage of methods 

that diminish redundancy in data, enhancing reconstruction efficiency to optimize this resource-

constrained environment for IoT, contributing to scalability and improved operational performance. 

Real-time analytics and energy-efficient systems are demonstrations of smart cities, healthcare, and 

industrial automation. Despite such transformative abilities, heterogeneity, resource constraints, and 

data security issues have remained to date significant unmet challenges for further considerations. 

Hybrid models and adaptive frameworks combining both techniques will be essential when IoT 

networks are developed on scales to come nearer to sustainable and efficient IoT ecosystems. Future 

work is to improve interoperability, defend against security breaches, and exploit emerging technologies 

for developing a strong, scale-out, and secure IoT infrastructure. 
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