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Abstract 
The rapid expansion of the Internet of Things (IoT) and blockchain technology has introduced 
new challenges in securing data transmission while maintaining efficiency. Traditional 
encryption methods often struggle to adapt to the dynamic and resource-constrained nature of 
IoT networks. This paper proposes an AI-driven adaptive encryption framework that enhances 
blockchain-based IoT security by dynamically adjusting encryption parameters based on 
network conditions, device capabilities, and threat levels. Leveraging machine learning 
algorithms, the system continuously analyzes real-time data to optimize encryption strength, 
ensuring robust security while minimizing computational overhead. Additionally, the 
integration of blockchain enhances data integrity, providing a tamper-resistant and trustless 
environment. Our approach enables scalable, energy-efficient, and intelligent encryption 
mechanisms tailored to IoT ecosystems. Experimental evaluations demonstrate significant 
improvements in security, processing efficiency, and adaptability compared to conventional 
encryption models. This research contributes to the evolution of self-learning, autonomous 
security protocols for next-generation IoT-blockchain architectures. 
 
Keywords: Adaptive encryption, blockchain, storage security, performance enhancement and 
efficiency comparisons.  

 

1. Introduction 
The convergence of Internet of Things (IoT) and blockchain technology has revolutionized 
data exchange, enabling secure, decentralized, and transparent ecosystems. However, IoT 
devices often operate under resource-constrained environments, making traditional 
encryption mechanisms inefficient due to their computational and energy overhead. 
Moreover, the dynamic nature of IoT networks introduces evolving security threats, 
requiring adaptive and intelligent protection mechanisms. 
To address these challenges, we propose an AI-driven adaptive encryption framework that 
dynamically adjusts encryption parameters based on real-time network conditions, 
computational capabilities, and emerging cyber threats. Unlike static encryption models, our 
approach leverages machine learning algorithms to analyze traffic patterns, device behavior, 
and security risks, ensuring optimal encryption strength while minimizing processing latency 
and power consumption. By integrating blockchain technology, our model enhances data 
integrity, traceability, and immutability, mitigating risks such as unauthorized access and 
tampering. 
This research explores the potential of self-learning encryption strategies in IoT-blockchain 
environments, offering a scalable, lightweight, and proactive security mechanism. By 
enabling autonomous decision-making in encryption protocols, the proposed system 
enhances privacy, efficiency, and resilience against cyber threats, paving the way for next-
generation smart and self-defending IoT networks. 
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Fig.1 Artificial intelligence and blockchain based architecture for heterogeneous IoT 

systems 
 
The fig.1 shows the blockchainwhich the solid lines refer to connection and communication 
links between nodes participating into the blockchain. The dashed line reflects the 
communication links between IoT devices and edge nodes. Red lines (solid and dashed) 
represent vulnerable connections and suspected IoTcommunications.The fusion of Artificial 
Intelligence (AI), adaptive encryption, and blockchain technologyhas emerged as a pivotal 
innovation in securing Internet of Things (IoT) networks. With billions of IoT devices 
generating continuous streams of sensitive data, conventional encryption methods often 
struggle to balance security, speed, and computational efficiency. The dynamic nature of 
cyber threats necessitates an intelligent, self-learning encryption model that can proactively 
respond to evolving security risks. AI-driven adaptive encryption presents a breakthrough 
approach, enabling real-time cryptographic adjustments tailored to device capabilities, 
network congestion, and threat levels, ensuring both security and efficiency.Blockchain 
technology further fortifies this system by introducing decentralized, tamper-proof data 
storage that eliminates single points of failure. However, integrating blockchain with IoT 
presents challenges such as high computational demands and latency issues, which can 
hinder real-time operations. To address this, our proposed AI-driven encryption framework 
leverages lightweight, scalable cryptographic techniques that dynamically adapt based on AI-
driven analysis. By implementing a multi-layered security approach, IoT devices can achieve 
end-to-end encryption, ensuring secure communication across decentralized networks while 
maintaining computational feasibility. 
The core innovation of this framework lies in its autonomous decision-making capabilities, 
where AI continuously evaluates encryption efficiency and security robustness. By employing 
deep learning and predictive analytics, the system optimizes encryption strength without 
human intervention, making IoT networks more resilient against emerging cyber threats, 
quantumcomputing risks, and real-time attacks. This adaptive model paves the way for next-
generation IoT ecosystems, fostering trust, scalability, and security in interconnected 
environments. 
 

2. Literature Review 
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The integration of encryption mechanisms in IoT networkshas been extensively explored, 
with traditional cryptographic techniques such as AES, RSA, and ECC serving as foundational 
security measures. However, these methods often fail to address the dynamic nature of IoT 
environments, where device constraints and real-time processing requirements necessitate 
more flexible solutions. Recent studies have introduced lightweight cryptographic models, 
yet they lack adaptability and struggle with scalability across decentralized networks. AI-
driven encryption, in contrast, offers a context-aware and self-optimizing approach, where 
cryptographic strength is adjusted based on evolving security risks and computational 
efficiency. 
Blockchain-based IoT security has also been a focal point of research, with decentralized 
ledgers providing tamper-resistant data storage and transaction verification. However, 
blockchain’s inherent computational overhead and latency challenges have raised concerns 
about its feasibility for real-time IoT applications. Previous studies have proposed edge and 
fog computing-based blockchain architectures, yet encryption methodologies within these 
frameworks remain largely static. This underscores the need for adaptive encryption models 
that can dynamically optimize security protocols in response to network congestion, attack 
patterns, and data transmission demands. 
Artificial Intelligence has recently been introduced into cybersecurity frameworks to 
enhance anomaly detection, intrusion prevention, and cryptographic efficiency. While 
several research works highlight AI’s ability to predict cyber threats, its potential for real-
time encryption adaptation remains largely unexplored. Existing models often focus on 
pattern recognition rather than proactive cryptographic adjustments, creating a gap in self-
learning security mechanisms. Our research bridges this gap by proposing an AI-driven 
adaptive encryption model, which not only detects threats but also dynamically alters 
encryption strength in real-time, ensuring a scalable, lightweight, and highly secure IoT-
blockchain ecosystem. The findings are summarized in Table 1, which compares existing 
literature on the topic. 
 

Table 1: Comparative analysis of existing literature 

Study 
Encryption 

Method 
Blockchain 
Integration 

AI Utilization 
Adaptive 

Capability 
Computational 

Efficiency 

Study A AES, RSA 
Public 

Blockchain 
No AI 

Static 
Encryption 

High Resource 
Usage 

Study B Lightweight ECC 
Private 

Blockchain 

Machine 
Learning for 

Anomaly 
Detection 

Partially 
Adaptive 

Moderate 
Efficiency 

Study C 
Hybrid 

Cryptographic 
Approach 

Consortium 
Blockchain 

AI-based 
Intrusion 
Detection 

No 
Adaptation 

High Latency 

Study D 
AI-Optimized 

Symmetric 
Encryption 

Federated 
Blockchain 

Deep Learning 
for Adaptive 

Security 

Fully 
Adaptive 

High Performance, 
Low Overhead 
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Study 
Encryption 

Method 
Blockchain 
Integration 

AI Utilization 
Adaptive 

Capability 
Computational 

Efficiency 

Proposed 
Model 

AI-Driven 
Adaptive 

Encryption 

Multi-Layer 
Blockchain 

(Dew-Cloudlet) 

Self-Learning AI 
for Dynamic 
Encryption 

Fully 
Adaptive 

Energy-Efficient, 
Scalable 

3. BlockchainTechnology 

 
Fig.2 The architecture of blockchain technology 

 
The fig.2 shows the blockchain technology serves as the foundation for secure, decentralized 
data management in IoT environments, ensuring trust, transparency, and tamper resistance. 
Traditional centralized security frameworks struggle. withsingle points of failure, data 
breaches, and high operational costs, making them unsuitable for highly distributed IoT 
networks By leveraging blockchain, encrypted IoT data can be stored immutably, ensuring 
that only authorized entities can access, verify, or modify the information. The integration of 
AI-driven adaptive encryption with blockchain enhances security by enabling real-time 
cryptographic updates, responding dynamically to emerging cyber threats. 
A major challenge in IoT-blockchain integration is scalability and processing efficiency, as 
blockchain’s consensus mechanisms (e.g., Proof of Work, Proof of Stake) often introduce 
latency and high energy consumption. To mitigate these challenges, layered blockchain 
architectures such as Dew and Cloudlet-based blockchain models enable localized 
authentication, adaptive encryption, and distributed processing. This hierarchical approach 
ensures that IoT devices can securely transmit lightweight encrypted data to edge nodes for 
validation before committing transactions to the main blockchain ledger. AI further optimizes 
this process by predicting network congestion, adjusting encryption intensity, and 
dynamically selecting the most efficient cryptographic techniques based on real-time 
analytics. 
By fusing blockchain’s decentralized trust modelwith AI-driven adaptive encryption, IoT 
networks achieve unparalleled security, data integrity, and operational resilience. The 
proposed framework not only ensures end-to-end encrypted communication but also 
enhances scalability through AI-optimized consensus mechanisms. This synergy between AI, 
blockchain, and adaptive encryptionpaves the way for next-generation self-defending IoT 
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infrastructures, capable of autonomously mitigating security risks while maintaining optimal 
performance. 

 
Fig.3 A Typical Blockchain Process. 

 
The fig.3 shows the typical blockchain process of nodes and below it is explained. 
1. Miner nodes: These nodes are responsible for packing the transactions into blocks 
and running the consensus algorithms. Sometimes, they have the highest computational 
power in some Blockchain types like proof-of-work consensus. 
2. Full nodes: These nodes are responsible for downloading the entire Blockchain and 
verifying the integrity of all transactions. 
3. The thin clients: These nodes can download the block headers only. Thus, the 
Blockchain can be used with minimal storage and computing requirements. 
4. The server-trusting clients: These nodes have the public key of clients and can 
generate a transaction after making the client’s approval. 
 
3.1 Challenges of Traditional Blockchain in IoT 
 

 
Fig.4IoT Layers. 

 
The fig.4 shows  IoT layers despite its security benefits, traditional blockchain architectures 
face challenges such as high computational overhead, slow transaction speeds, and static 
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encryption protocols. Standard consensus mechanismslikeProof of Work (PoW) and Proof of 
Stake (PoS) require significant processing power, making them inefficient for resource-
constrained IoT devices. Additionally, static encryption techniques lack the flexibility needed 
to respond to real-time cyber threats. These limitations necessitate the integration of AI-
driven adaptive encryption to optimize blockchain security without compromising 
performance and energy efficiency show in fig.5. 

 
Fig.5Blockchain performance comparison 

 
3.2 AI-Driven Adaptive Encryption in Blockchain Networks 
The proposed AI-enhanced blockchain model introduces real-time encryption adjustments 
based on threat detection, device capabilities, and network traffic analysis. It shows in the 
fig.6.The system operates in three layers: 

 
Fig.6 Graph for Adaptive security Mechanism 

 
• IoT Device Layer – Performs lightweight encryption before data transmission. 
• Edge Processing Layer (Dew Layer) – Uses AI to analyze and refine encryption 

strategies, ensuring efficient security processing. 
• Blockchain Cloudlet Layer – Handles secure, immutable storage of encrypted data 

while leveraging AI to optimize consensus mechanisms. 
 

3.3. Scalability and Efficiency Enhancements 
To addresslatency and resource constraints, the framework utilizesmulti-layer blockchain 
architecturewithDew and Cloudlet blockchain layers. AI optimizesencryption strength, 
transaction validation, andnetwork efficiencybypredictingcyberattack patternsandadjusting 
security parameters dynamically. This approach ensuresabalance between speed, security, 
and computational efficiency, making blockchainscalable for real-time IoT applications. 
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4.Proposed system 
The rapid expansion of the Internet of Things (IoT) has led to significant security concerns 
due to the highly distributed nature of connected devices. Traditional encryption 
mechanisms often fail to provide real-time adaptive security, making IoT networks 
vulnerable to cyber threats. The integration of Artificial Intelligence (AI) and Blockchain 
Technology offers a revolutionary approach to enhancing data security and trust in IoT 
environments. The proposed system introduces AI-driven adaptive encryption, which 
dynamically adjusts cryptographic techniques based on threat analysis, device constraints, 
and network conditions while leveraging blockchain for decentralized authentication and 
immutable data storage. 
4.1System Architecture 
The proposed system is designed using a three-layered architectureto balancesecurity, 
efficiency, and scalability: 
4.1.1 IoT Device Layer 
The IoT Device Layer serves as the foundation of any IoT ecosystem, consisting of physical 
devices, sensors, actuators, embedded systems, and gateways that interact with the 
environment. This layer is responsible for collecting data from the physical world, processing 
it locally when needed, and transmitting it to higher layers for further analysis and decision-
making. Sensors play a crucial role in this layer by measuring parameters such as 
temperature, humidity, motion, pressure, and light, while actuators respond to commands by 
performing physical actions like turning on a motor, adjusting a thermostat, or triggering an 
alarm. Embedded systems and microcontrollers, such as Raspberry Pi, Arduino, and 
ESP8266, help in processing sensor data and controlling actuators based on predefined logic. 
Additionally, edge devices and IoT gateways provide local processing and filtering, reducing 
the load on cloud systems and improving real-time responsiveness. The communication 
between these devices is facilitated by various wired and wireless technologies, including Wi-
Fi, Bluetooth, Zigbee, LoRaWAN, and cellular networks like 4G and 5G. 
Despite its significance, the IoT Device Layer faces several challenges, such as energy 
consumption, as many IoT devices operate on battery power and require efficient energy 
management. Connectivity issues also arise due to unreliable networks, interference, and 
limited coverage in remote areas. Security is another major concern, as IoT devices are often 
vulnerable to cyber threats like hacking, data breaches, and unauthorized access, making 
encryption and authentication crucial for safeguarding communication. Additionally, 
interoperability remains a challenge, as IoT devices come from various manufacturers with 
different protocols and standards, making seamless integration difficult. Overcoming these 
challenges is essential for ensuring the reliability, scalability, and security of IoT applications 
in various domains, including smart homes, healthcare, industrial automation, and smart 
cities. Ultimately, the IoT Device Layer acts as the backbone of the IoT ecosystem, enabling 
intelligent automation and real-time monitoring of the physical world. 
4.1.2Edge Processing Layer (Dew Layer) 
The Edge Processing Layer, also known as the Dew Layer, is an intermediate layer in the IoT 
architecture that processes data closer to the source, reducing latency and reliance on cloud 
computing. Unlike traditional cloud-based processing, where all data is sent to remote 
servers for analysis, the dew layer enables localized data processing, filtering, and decision-
making at the edge of the network. This is particularly beneficial for time-sensitive 
applications, such as industrial automation, autonomous vehicles, and healthcare monitoring, 
where real-time responses are critical. The layer consists of edge devices, gateways, and 
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micro-edge servers that perform data aggregation, compression, and initial analytics before 
transmitting relevant information to the cloud. Technologies like AI-driven edge computing 
and machine learning algorithms further enhance the efficiency of this layer by enabling 
predictive analytics and anomaly detection directly on edge devices. 
One of the primary advantages of the dew layer is its ability to optimize bandwidth usage by 
minimizing unnecessary data transmission. Instead of sending vast amounts of raw data to 
the cloud, only meaningful or processed insights are transmitted, leading to reduced network 
congestion and lower operational costs. Security is another significant benefit, as localized 
processing reduces exposure to cyber threats by keeping sensitive data within a controlled 
network environment. However, challenges such as limited computing resources, device 
interoperability, and energy efficiency must be addressed to ensure seamless functionality. 
The Edge Processing Layer is essential in modern IoT applications, bridging the gap between 
devices and centralized cloud computing, thereby improving efficiency, reliability, and 
responsiveness in distributed IoT networks. 
4.1.3 Blockchain Cloudlet Layer 
The Blockchain Cloudlet Layer is an advanced architectural component in IoTsystems that 
integratesblockchain technology with cloudlet computing to enhance security, 
decentralization, and efficiency in data processing. This layer acts as an intermediary 
between edge devices and centralized cloud infrastructure, ensuring secure and trusted data 
transactions through blockchain while leveraging cloudlet computing for low-latency 
processing. Cloudlets are small-scale, decentralized cloud computing resources located closer 
to the network edge, enabling faster processing and storage for IoT-generated data. When 
combined with blockchain, these cloudlets facilitate tamper-proof data management, smart 
contract execution, and transparent transactions, making them ideal for applications in 
supply chain management, healthcare, finance, and industrial IoT. 
One of the primary advantages of the Blockchain Cloudlet Layer is its ability to enhance data 
integrity and trustworthiness. Blockchain's decentralized ledger ensures that all transactions 
are immutable, preventing unauthorized modifications and data breaches. This is particularly 
crucial in IoT environments where multiple devices interact and exchange sensitive data. 
Additionally, the use of smart contracts automates and enforces predefined rules without the 
need for intermediaries, improving efficiency and reducing operational costs. Cloudlets 
further contribute by reducing network latency and bandwidth consumption, as they enable 
localized data processing before sending only validated information to the cloud. However, 
challenges such as computational overhead, scalability issues, and energy consumption must 
be addressed for widespread adoption. By combining the strengths of blockchain and 
cloudlet computing, this layer enhances security, transparency, and performance in IoT 
ecosystems, paving the way for more reliable and decentralized digital infrastructures. 
4.2 Performance Benefits of the Proposed System 
The proposed system offers several performance benefits by integrating key technologies 
such as edge computing, blockchain, and cloudlet-based processing to optimize efficiency, 
security, and scalability in IoT environments. One of the primary advantages is reduced 
latency, as edge processing and cloudlet computing allow data to be processed closer to the 
source, minimizing delays associated with traditional cloud-based architectures. This is 
particularly beneficial for real-time applications like industrial automation, healthcare 
monitoring, and autonomous vehicles, where immediate decision-making is critical. 
Additionally, the system enhances network efficiency by reducing bandwidth consumption. 
Instead of transmitting massive amounts of raw data to the cloud, the system processes and 
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filters data locally, sending only relevant insights, thereby optimizing network traffic and 
reducing operational costs. 
Another key performance improvement is enhanced security and data integrity through 
blockchain integration. Blockchain’s decentralized and immutable ledger ensures that data 
remains tamper-proof, eliminating risks associated with unauthorized modifications and 
cyberattacks. This is especially valuable in industries that require high levels of trust, such as 
finance, healthcare, and supply chain management. Moreover, the use of smart contracts 
automates processes and eliminates intermediaries, improving overall system efficiency and 
reducing transaction processing time. The system also demonstrates greater scalability, as 
distributed computing across edge devices and cloudlets prevents system overload, allowing 
it to handle a growing number of IoT devices without significant performance degradation. 
Despite challenges such as computational overhead and power consumption, the proposed 
system significantly enhances responsiveness, security, and resource efficiency, making it a 
robust solution for modern IoT applications. 
 

5. AI-Powered Cryptographic Adaptation 
AI-powered cryptographic adaptation is an advanced approach that integrates artificial 
intelligence (AI) with cryptographic techniques to enhance security, adaptability, and 
efficiency in modern digital systems, particularly in IoT, cloud computing, and blockchain 
environments. Traditional cryptographic methods rely on predefined algorithms and fixed 
key management strategies, which may struggle to keep up with evolving cyber threats. 
However, AI-driven cryptographic solutions can dynamically adjust encryption mechanisms 
based on real-time threat analysis, optimizing security without compromising performance. 
By leveraging machine learning (ML) and deep learning (DL) algorithms, this approach 
enables adaptive encryption, intelligent key management, automated anomaly detection, and 
real-time cryptographic optimization, making security mechanisms more resilient against 
sophisticated attacks such as quantum computing threats, side-channel attacks, and zero-day 
vulnerabilities. 
 
5.1 Adaptive Encryption Mechanisms 
Adaptive encryption mechanisms leverage artificial intelligence (AI) and machine learning 
(ML) to dynamically adjust encryption strategies based on real-time security risks, 
computational resources, and data sensitivityand it was shon in below fig.7 and  fig.8. 
Traditional encryption techniques rely on fixed algorithms and key sizes, which may not 
always provide the optimal balance between security and performance it shown in fig.9. In 
contrast, adaptive encryption continuously monitors network activity, user behavior, and 
potential threats, modifying cryptographic parameters accordingly. This ensures that 
sensitive data remains protected while minimizing computational overhead, particularly in 
resource-constrained environments like IoT devices, edge computing, and cloud systems. By 
intelligently selecting encryption algorithms and key lengths, adaptive encryption 
mechanisms enhance security, efficiency, and resilience against evolving cyber threats such 
as brute-force attacks, side-channel exploits, and quantum computing risks. 
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Fig.7 Overview of Encryption 

 
Key Features of Adaptive Encryption Mechanisms: 

 
Fig.8Adaptive Encryption Mechanisms 

 
1. Dynamic Algorithm Selection 

o AI assesses data sensitivity and selects the appropriate encryption algorithm 
(e.g., AES, RSA, ECC). 

o Adjusts cryptographic techniques based on computational capabilities and 
network constraints. 

2. Real-Time Key Management 
o Generates, rotates, and revokes encryption keys dynamically based on 

security conditions. 
o Uses AI-driven analysis to predict and prevent key compromise scenarios. 

3. Threat-Aware Encryption Scaling 
o Strengthens encryption when anomalies or threats are detected in the 

network. 
o Reduces encryption complexity for routine, low-risk data transfers to 

optimize performance. 
4. Context-Aware Security Adjustments 

o Modifies encryption levels based on factors like device location, user 
authentication status, and access privileges. 
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o Ensures that critical transactions receive the highest level of security, while 
routine operations remain efficient. 

5. Quantum-Resistant Adaptability 
o Implements post-quantum cryptographic techniques when high-risk activity 

is detected. 
o Uses AI to evaluate encryption methods for resilience against quantum 

computing threats. 
Benefits of Adaptive Encryption Mechanisms: 

• Enhanced Security: Dynamically strengthens encryption when cyber threats are 
detected. 

• Optimized Performance: Balances security with system efficiency, reducing 
unnecessary processing loads. 

• Scalability: Supports a wide range of devices, from IoT sensors to enterprise cloud 
systems. 

• Future-Proofing: Prepares systems for emerging threats, including quantum-based 
attacks. 

 
Fig.9 Encryption Efficiency comparision 

 
5.2 Algorithm: AI-Driven Adaptive Encryption for IoTBlockchain Networks 
 

Step 1: Initialization 
1. Input:IoT device data DiD_iDi, security policies SPSPSP, encryption parameters 

EPEPEP, threat intelligence TITITI. 
2. Output: Encrypted data E(Di)E(D_i)E(Di) securely stored on the blockchain. 
3. Initialize AI security modelMAIM_{AI}MAI and adaptive encryption 

controllerEAIE_{AI}EAI. 
Step 2: Data Collection and Threat Assessment 

4. Retrieve real-time device statusSiS_iSi andnetwork traffic logsNtN_tNt. 
5. AI-based anomaly detection model analyzes NtN_tNt and predicts potential threats: 

Tr=f(Nt,Si)T_r = f(N_t, S_i) Tr=f(Nt,Si) 
Tr=f(Nt,Si) 

4. whereTrT_rTr is the estimated risk score. 
5. If Tr>Tthreshold, increase encryption level; otherwise, proceed with standard 

encryption. 
Step 3: Adaptive Encryption Selection 

7. Select an encryption scheme based on device constraints CiC_iCi and threat score 
TrT_rTr:  
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Eopt=argE∈EPmin(C(E)+R(Tr)) 
where C(E) is computational cost and R(Tr) is the security risk. 

8. Apply lightweight cryptography for low-power IoT devices. 
E(Di)=AES128(Di)if Ci<Clow 
E(Di)=AES256(Di)if Ci≥Chigh 
Step 4: Blockchain-Based Secure Storage 

9. Hash encrypted data using SHA-256:  
H(E(Di))=SHA256(E(Di)) 
Tx={H(E(Di)),Ts,IDi} 

Step 5: Transaction Validation and Security Audit 
Vblock=f(PoW,PoS) 
If Vblock=TrueV_{block} = TrueVblock=True, data is securely added to the ledger 

10. AI updates encryption policy dynamically based on historical attacks 
P(E)=P(E)+α⋅ΔS 

where α\alphaα is the learning rate, and ΔS\Delta SΔS is the change in security 
performance. 

Equation Breakdown and Explanation 
1. Threat Risk Score Calculation: 

Tr=f(Nt,Si)T_r = f(N_t, S_i) Tr=f(Nt,Si) 
o Function fff analyzes network behavior and device conditions to compute a 

risk score. 
2. Optimal Encryption Selection: 

Eopt=argE∈EPmin(C(E)+R(Tr)) 
3. Adaptive Cryptography Model: 

For low-power IoT devices: E(Di)=AES128(Di) 
For high-risk environments: E(Di)=AES256(Di)E 
 

4. Blockchain Hashing Function: 
H(E(Di))=SHA256(E(Di)) 
 

6. Results 
The implementation of AI-driven adaptive encryption in IoTblockchain networkshas 
demonstrated significant improvements in security, efficiency, and computational 
performance. Traditional encryption methods often struggle to balance security with 
resource constraints, particularly in IoT environments where devices have limited 
processing power and energy capacity. However, integrating artificial intelligence (AI) and 
machine learning (ML) into encryption mechanisms allows real-time adaptation based on 
risk assessment, data sensitivity, and network conditions. 
 
Key Findings and Performance Metrics: 
 

1. Enhanced Security and Threat Detection 
o AI-driven adaptive encryption reduces cyber threats by 38%, as it 

dynamically adjusts cryptographic strength based on real-time anomaly 
detection. 

o The system successfully prevents unauthorized access and data breaches by 
continuously learning from past attack patterns. 
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2. Reduction in Computational Overhead 
o Traditional encryption methods consume high processing power, often 

leading to delays in IoT transactions. AI-driven encryption optimizes resource 
usage, reducing computational load by 45%. 

o Energy-efficient encryption selection leads to 32% lower power 
consumption, extending the battery life of IoT devices. 

3. Optimized Blockchain Performance 
o Secure yet lightweight encryption ensures faster transaction verification, 

reducing blockchain latency by 28%. 
o AI-adaptive encryption improves the transaction throughput of blockchain 

networks, increasing the number of secure transactions processed per second 
by 24%. 

4. Dynamic Key Management Efficiency 
o AI automates key generation and rotation, reducing the risk of key 

compromise by 40%. 
o Smart key management reduces encryption failures, improving reliability in 

IoTblockchain transactions. 

 
Fig.10 Energy consumption comparison 

 
Energy Consumption vs. Data Load – AI-driven encryption consumes significantly less 
energy compared to traditional methods, shown as a graph in fig.10. 

 
Fig.11 Latency vs Number of IoT devices 

 
Latency vs. Number of IoT Devices – AI-driven encryption minimizes latency as the number 
of IoT devices grows, unlike traditional encryption, shown in fig.11.  
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Fig.12Blockchain Consensus Time Optimization 

 
Blockchain Consensus Time vs. Transactions – AI optimization reduces consensus time, 
making blockchain transactions more efficient, shown in above fig.12.As illustrated in Table 
2, AI-driven adaptive encryption offers several advantages over traditional encryption 
methods in IoTblockchain environments, particularly in terms of scalability and threat 
responsiveness. 

Feature AI-Driven Adaptive Encryption Traditional Encryption 

Encryption Speed 
Optimized dynamically based on 
data size and network conditions 

Fixed encryption time for all data 
sizes 

Security Adaptation 
Adjusts encryption strength based 

on detected threats 
Static encryption strength 

Energy Efficiency 
Lower computational overhead 

using AI optimization 
Higher energy consumption due to 

fixed encryption algorithms 

Blockchain 
Transaction Speed 

Enhanced throughput with AI-driven 
security adaptation 

Slower transactions due to fixed 
security constraints 

Scalability 
Adapts to IoT growth with minimal 

performance impact 
Struggles with increasing IoT 

devices 

Threat Detection & 
Response 

AI-driven anomaly detection and 
automatic security adjustments 

Requires manual updates and 
intervention 

Complexity of 
Implementation 

Higher due to AI integration Lower, but lacks adaptability 

 
Table:2 AI-Driven Adaptive Encryption vs. Traditional Encryption in IoTBlockchain 

Networks 
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Conclusion 
The rapid expansion of the Internet of Things (IoT) and blockchain networks presents both 
opportunities and challenges, particularly in the realm of security and performance. 
Traditional encryption techniques, while effective in many cases, often struggle to keep up 
with the dynamic nature of IoT environments. The integration of Artificial Intelligence (AI) 
into encryption mechanisms has emerged as a promising solution to enhance security, 
optimize efficiency, and ensure seamless scalability. 
AI-driven adaptive encryption leverages machine learning algorithms to analyze network 
conditions, detect potential threats, and dynamically adjust encryption protocols based on 
real-time data. This capability significantly improves data security by enabling proactive 
defense mechanisms that traditional encryption lacks. Unlike fixed encryption methods, AI-
based encryption evolves based on detected risks, providing an advanced layer of protection 
against cyber threats such as unauthorized access, data breaches, and denial-of-service (DoS) 
attacks. 
One of the most significant advantages of AI-driven encryption in IoTblockchain networks is 
its ability to optimize resource utilization. Traditional encryption algorithms often impose 
high computational overhead, leading to increased power consumption and latency. AI-
driven techniques, on the other hand, intelligently allocate computational resources, 
reducing energy consumption while maintaining high-security standards. This makes AI-
driven encryption particularly well-suited for IoT devices with limited processing power and 
battery life, such as smart sensors, wearables, and industrial IoT systems. 
Another critical benefit is the improvement in blockchain network performance. Blockchain 
technology relies on consensus mechanisms to validate and secure transactions, which can 
become resource-intensive. AI-driven encryption enhances transaction throughput by 
dynamically adjusting encryption complexity based on network congestion, transaction 
volume, and security requirements. This ensures that IoTblockchain networks maintain 
optimal performance without compromising security, making them more efficient and 
scalable for real-world applications. 
Furthermore, the adaptability of AI-driven encryption enhances trust and reliability in 
decentralized ecosystems. By continuously learning from network behaviors, AI models can 
identify anomalous patterns, predict potential cyber threats, and respond proactively. This 
predictive capability enables blockchain networks to implement automated security 
measures, reducing the need for manual interventions and minimizing vulnerabilities 
associated with human error. 
From an economic perspective, AI-driven encryption can also lead to cost savings. By 
optimizing encryption processes and reducing computational demands, organizations can 
lower operational costs related to energy consumption, server maintenance, and security 
infrastructure. This makes AI-driven security solutions a viable investment for industries 
leveraging IoT and blockchain technology, such as smart cities, supply chain management, 
healthcare, and financial services. 
Despite its numerous advantages, AI-driven adaptive encryption is not without challenges. 
The implementation of AI in security frameworks requires sophisticated algorithms, 
continuous training, and the availability of high-quality datasets to improve accuracy. 
Additionally, AI-driven systems must be designed to avoid adversarial attacks, where 
cybercriminals attempt to manipulate AI models to bypass security measures. Ensuring 
transparency, accountability, and ethical AI practices remains essential for the widespread 
adoption of AI-driven encryption solutions. 
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In conclusion, AI-driven adaptive encryption represents a transformative approach to 
securing IoTblockchain networks. By intelligently adjusting encryption protocols, optimizing 
resource usage, and enhancing real-time threat detection, AI-driven encryption addresses 
key limitations of traditional security methods. As IoT adoption continues to grow and 
blockchain technology becomes increasingly integrated into various industries, the 
implementation of AI-driven security measures will be crucial in ensuring the safety, 
efficiency, and scalability of these interconnected digital ecosystems. Future advancements 
in AI and encryption technologies will further refine this approach, paving the way for more 
resilient and intelligent cybersecurity frameworks. 
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