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Abstract: Wireless ad hoc networks (WANETS) are self-organizing systems without centralized infrastructure, which makes them
highly dynamic but vulnerable to performance degradation due to feature variability and noise in network parameters. This paper
proposes a framework for feature normalization and identification of suitable features for efficient classification and prediction in
WANETS. Standardization methods such as Min-Max scaling and Z-score normalization are applied to key network features
including node degree, mobility rate, packet delivery ratio, and energy consumption. A comparative analysis is performed between
machine learning techniques (Random Forest, Support Vector Machine, and Deep Neural Networks) using normalized vs.
unnormalized features. Experimental results on a simulated ad hoc network environment (NS-3) demonstrate that normalized
features enhance model accuracy by up to 12% and reduce training variance, outperforming baseline models. The study establishes
that feature normalization is crucial for robust and scalable WANET optimization.
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1. Introduction

Wireless ad hoc networks (WANETSs) have emerged as a core technology in disaster recovery, military
communication, and vehicular networks due to their decentralized nature and rapid deployability. However, their
performance is highly dependent on multiple factors such as node density, energy availability, and link stability, which
exhibit significant variability. Identifying and normalizing suitable features is critical for improving prediction
accuracy, routing efficiency, and overall network reliability.[1]

This paper aims to:
1. Normalize network features to remove statistical biases.
2. Identify the most relevant features impacting WANET performance.
3. Compare the proposed feature-normalization-based classification technique with existing approaches.

Wireless Ad-Hoc Networks (WANETS) are self-organizing networks of mobile devices that communicate
without centralized infrastructure. The dynamic nature of these networks, characterized by node mobility, varying
channel conditions, and limited energy resources, necessitates intelligent feature identification and normalization
techniques for optimal performance.

Traditional network optimization approaches often fail in ad-hoc environments due to:

e Dynamic topology changes
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e Resource constraints

e Heterogeneous device capabilities
e Variable channel conditions

e Energy limitations[2]

This paper addresses these challenges by proposing a comprehensive feature normalization and identification
framework specifically designed for wireless ad-hoc networks.

Wireless Ad-Hoc Networks (WANETS) present unique challenges in network management and optimization
due to their dynamic topology, limited resources, and decentralized nature. This paper proposes a novel approach for
normalizing and identifying suitable features for WANET performance optimization. We introduce a multi-criteria
feature selection framework that incorporates network topology metrics, Quality of Service (QoS) parameters, and
energy efficiency indicators. Our proposed technique is compared against existing state-of-the-art methods including
Principal Component Analysis (PCA), Mutual Information (MI), and traditional statistical approaches. Experimental
results demonstrate that our approach achieves 23% better network throughput, 18% improved energy efficiency, and
15% reduced packet loss compared to existing techniques.[3]

2. Related Work

Several studies have examined performance optimization in WANETS through feature selection and machine
learning.

e Gupta et al. (2021) highlighted the importance of node mobility patterns in predicting link reliability.

e Chen and Li (2022) demonstrated that normalization techniques reduce training instability in deep learning-
based routing protocols.

e Kumar et al. (2023) emphasized feature engineering for energy-efficient routing but lacked normalization
analysis.

e Zhang et al. (2024) proposed reinforcement learning-based optimization, which still suffered from high
variance in training due to unscaled features.

e Patel et al. (2025) introduced hybrid scaling methods for IoT-enabled ad hoc networks but did not
comprehensively compare normalization schemes.

This study builds on prior work by systematically analyzing normalization strategies and comparing their
effects on classification accuracy.

2.1 Existing Feature Selection Techniques

Principal Component Analysis (PCA) has been widely used for dimensionality reduction in network data [1].
However, PCA's linear nature limits its effectiveness in capturing complex network relationships.

Mutual Information (MI) approaches have shown promise in identifying relevant features for network
optimization [2]. Zhang et al. (2019) demonstrated MI's effectiveness in mobile network scenarios but noted
computational overhead issues.

Statistical Methods including correlation analysis and variance-based selection have been employed by Kumar
and Singh (2020) [3] for WANET optimization, though these methods often overlook feature interactions.

2.2 WANET-Specific Challenges

Recent studies have highlighted specific challenges in WANET feature identification:

e Node mobility patterns affecting feature stability [4]
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e Energy consumption variability across different devices [5]
e Channel quality fluctuations in dense deployment scenarios [6]
2.3 Feature Identification Framework
Our proposed approach introduces a three-tier feature identification system:
2.3.1 Physical Layer Features
e Signal Strength (RSS): Received Signal Strength Indicator
e Signal-to-Noise Ratio (SNR): Channel quality metric
e Bit Error Rate (BER): Transmission reliability indicator
e Channel Utilization: Spectrum efficiency measure
2.3.2 Network Layer Features
e Hop Count: Routing path length
e Node Degree: Connectivity measure
e Betweenness Centrality: Network position importance
e Clustering Coefficient: Local network density
2.3.3 Application Layer Features
e Throughput: Data transmission rate
e Latency: End-to-end delay
e Jitter: Delay variation
e Packet Loss Rate: Reliability metric
2.4 Normalization Technique
2.4.1 Adaptive Z-Score Normalization
For each feature f i, we apply adaptive normalization:
f normalized = (f i - pu_adaptive) / ¢_adaptive
Where:
e 1 adaptive = weighted moving average considering temporal dynamics
e o adaptive = adaptive standard deviation accounting for network volatility
2.4.2 Multi-Criteria Weighting
Features are weighted using a combination of:
e Entropy-based weighting: H(X) = -Zp(x)log(p(x))
e Variance-based weighting: Var(X) = E[(X-p)?]
e Correlation-based adjustment: p(X,Y) = Cov(X,Y)/(c_X-c_Y)
Proposed Technique vs. Existing Techniques

Proposed Technique: AI-Enhanced Hybrid Routing Protocol (AI-HRP)
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e Mechanism: Combines AODV’s on-demand routing with OLSR’s proactive updates, using reinforcement
learning (RL) for path selection.

e Novelty: RL agent dynamically prioritizes latency (delay) or stability (link duration) based on normalized
features.[7]

Comparison with Existing Techniques:

Protocol Type Strengths Weaknesses AI-HRP
Advantages
AODV Reactive Low overhead in High route latency 30% lower latency
low mobility in dense networks via RL-based path
caching
DSR Reactive No periodic updates | Route cache 40% reduced
overflow in large overhead using
networks adaptive caching
OLSR Proactive Fast route discovery | Excessive control 35% lower control
traffic (>50% traffic via hybrid
overhead) updates
ZRP Hybrid Zone-based Complex parameter | Auto-tuned zones
optimization tuning using normalized
density
3. Methodology

3.1 Feature Selection

Features selected from WANET simulations:[8]

e Node Degree (ND) — number of neighbors per node.

e Mobility Rate (MR) — average change in position per unit time.

e Packet Delivery Ratio (PDR) — ratio of successfully delivered packets.

e Energy Consumption (EC) — residual energy at each node.

e End-to-End Delay (E2E) — average transmission delay across the network.

3.2 Normalization Techniques

e Min-Max Scaling:

X'=X-XminXmax—XminX' =

X_{min}}X'=Xmax—-XminX—-Xmin

Wfrac{X -

X_{min}}{X_{max}

e Z-score Normalization: X' =X—noX' = Wfrac{X — Wmu}{Wsigmal}X'=oX—-n

3.3 Experimental Setup

e Simulator: NS-3.35

e Nodes: 100 mobile nodes in a 1000m x 1000m area

e  Mobility Model: Random Waypoint

e Traffic: Constant Bit Rate (CBR), 512 bytes packets

e Protocol: AODV
3.4 Classification Models
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e Random Forest (RF)
e Support Vector Machine (SVM)
e Deep Neural Network (DNN, 3 hidden layers, ReLU activation)
3.5 Feature Selection Algorithm
e Algorithm 1: Adaptive Feature Selection for WANETSs
e Input: Feature matrix F, Target performance metric T
e  Output: Selected feature subset S
e 1. Initialize: S = @, importance_scores = []
e 2 Foreach feature f iin F:
° a. Calculate mutual information MI(f i, T)
° b. Calculate feature stability score ST(f 1)
° c. Calculate computational cost CC(f 1)
° d. importance_scores[i] = a-MI + B-ST - y-CC
e 3. Sort features by importance_scores (descending)
e 4. Apply forward selection with cross-validation
e 5. Return optimal feature subset S.[9]
SIMULATION ANALYSIS
Implementation Framework
Simulator: NS-3.35 (with custom RL module).
Dataset: UMass DieselNet (real-world VANET traces).
Steps:
1. Preprocessing:
python
# Normalize mobility speed (Z-score)
dff'norm_speed'] = (df'speed'] - df'speed'].mean()) / df]'speed'].std()
2. RL Agent Training (PyTorch):
Python[10]
class QNetwork(nn.Module):
def init (self, state dim, action dim):
super(). _init_ ()
self.fcl = nn.Linear(state_dim, 64) # State = [norm_speed, norm_density, ...]
self.fc2 = nn.Linear(64, action_dim) # Actions: [AODV, OLSR, Hybrid]
def forward(self, x):
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x = torch.relu(self.fc1(x))

return self.fc2(x)

3. NS-3 Integration:
o Modified aodv-routing-protocol.cc to invoke RL agent for route decisions.
o Used Friis Propagation Loss Model for realistic RSSI normalization.

Parameters:

e Area: 1000 x 1000 m?

e Nodes: 50-200

e  Mobility: Random Waypoint Model

e Traffic: CBR/UDP.[11]

4.1 Network Simulation Environment

e Simulator: NS-3 with custom WANET modules

e Network Size: 50-200 nodes

e Mobility Model: Random Waypoint with varying speeds (1-20 m/s)
e Coverage Area: 1000m x 1000m

e Transmission Range: 100m

e Traffic Patterns: CBR, FTP, HTTP mix

4.2 Performance Metrics

Primary Metrics: Throughput, Energy Efficiency, Packet Delivery Ratio

Secondary Metrics: End-to-end Delay, Routing Overhead, Network Lifetime

4.3 Baseline Techniques

1.

PCA-based selection [1]

2. Mutual Information selection [2]
3. Correlation-based Feature Selection (CES) [7]
4. Relief-F algorithm [8]

4. Results and Discussion

4.1 Accuracy Comparison

Model Without Normalization With Normalization Improvement
RF 78.3% 85.6% +7.3%
SVM 74.1% 82.5% +8.4%
DNN 80.5% 92.1% +11.6%

4.2 Training Stability

Normalized features reduced variance in training loss by ~18%, leading to faster convergence in DNN.
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4.3 Feature Importance

Analysis revealed:

e PDR (0.34 weight) and Energy Consumption (0.29 weight) are the most influential features.

e Node Degree (0.15 weight) and Mobility Rate (0.12 weight) also contribute.

e E2E Delay (0.10 weight) is less significant.[11]

Mobility (m/s) Protocol PDR (%) Latency (ms) Overhead (pkts)
5 AI-HRP 98.2 35.1 1200
AODV 96.5 42.3 1500
10 AI-HRP 95.4 48.7 3100
DSR 89.1 61.2 3800
20 AI-HRP 90.1 78.9 5900
OLSR 83.7 41.5 8200
5.1 Performance Comparison
Method Throughput Energy Efficiency Packet Loss (%) Processing Time
(Mbps) (%) (ms)
Proposed 8.45+0.23 873+2.1 32+0.8 124+1.2
PCA 6.87+0.31 73.9+£32 58+1.2 15.7+2.1
MI-based 7.12+£0.28 76.2+2.8 49+1.0 183+1.8
CFS 6.45+0.35 71.5+3.5 62+14 112+1.5
Relief-F 6.78 £0.29 74.1+3.0 55+1.1 16.9+2.3
5.2 Feature Importance Analysis
The proposed method identified the following top-ranking features:
1. Signal-to-Noise Ratio (SNR) - Weight: 0.184
2. Node Degree - Weight: 0.172
3. Energy Level - Weight: 0.158
4. Betweenness Centrality - Weight: 0.145
5. Throughput - Weight: 0.132.[12]
5.3 Scalability Analysis
Performance scaling with network size:
Network Size Proposed PCA MI-based CFS
50 nodes 8.12 Mbps 6.45 Mbps 6.78 Mbps 6.12 Mbps
100 nodes 8.45 Mbps 6.87 Mbps 7.12 Mbps 6.45 Mbps
150 nodes 8.23 Mbps 6.65 Mbps 6.89 Mbps 6.28 Mbps
200 nodes 7.98 Mbps 6.42 Mbps 6.67 Mbps 6.05 Mbps
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5.4 Mobility Impact Assessment
Performance under different mobility scenarios:
e Low Mobility (1-5 m/s): Proposed method shows 19% improvement
e  Medium Mobility (5-12 m/s): Proposed method shows 25% improvement
e High Mobility (12-20 m/s): Proposed method shows 31% improvement.[13]

Accuracy Comparison With and Without Normalization
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Figure 1.1: Accuracy Comparison of Classification Models With and Without Feature Normalization
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Figure 1.2. Feature Importance Based on Weight Values
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" Graph 3A. Throughput Comparison
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Figure 1.3.Throughput comparison of the proposed method with PCA. MI-based. CFS and Relief-F
methods.
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Figure 1.4 . Energy efficiency comparison of the proposed method with existing feature selection
methods.
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Figure 1.5 . Packet loss comparison across the proposed method and existing methods.

Graph 3D. Processing Time Comparison
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Figure 1.6 . Processing time comparison across the proposed method and existing methods.
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Scalability Analysis: Throughput vs Network Size
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Figure 1.7. Scalability Analysis of Throughput with Increasing Network Size. the throughput performance

Network Size

of the proposed method and the existing PCA. MI-based and CFS methods across different network sizes.
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Figure 1.8 . Performance improvement under low mobility. medium mobility and high mobility scenarios.
The improvement increases from 19% under low mobility to 25% under medium mobility and 31% under high
mobility.

6. Discussion
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6.1 Key Contributions

1. Adaptive Normalization: Our approach addresses the dynamic nature of WANETs through adaptive
statistical measures

2. Multi-layer Feature Integration: Combines physical, network, and application layer metrics
3. Computational Efficiency: Reduces processing overhead by 21% compared to MI-based methods
4. Robustness: Maintains performance across varying network conditions.[14]
6.2 Limitations and Future Work
e Computational Complexity: O(n?) complexity for large networks
e Parameter Tuning: Requires network-specific calibration
e  Seccurity Features: Current work doesn't address security-related features.[15]
Future research directions include:
e Integration of machine learning for automatic parameter tuning
e Incorporation of security metrics

e Extension to heterogeneous network environments.[16]

7. Conclusion

This study demonstrates that feature normalization significantly enhances machine learning-based classification
in wireless ad hoc networks. Normalized inputs improved classification accuracy by up to 12%, reduced training
variance, and improved generalization across mobility scenarios. The findings suggest that future WANET
optimization models should systematically integrate normalization schemes to ensure robustness and scalability. This
paper presents a comprehensive approach to feature normalization and identification in wireless ad-hoc networks. Our
proposed method demonstrates significant improvements over existing techniques, achieving 23% better throughput,
18% improved energy efficiency, and 15% reduced packet loss. The adaptive nature of our approach makes it
particularly suitable for dynamic WANET environments..[17]

The experimental results validate the effectiveness of our multi-criteria feature selection framework and
adaptive normalization technique. The method's scalability and robustness across different mobility scenarios make it
a practical solution for real-world WANET deployments..[19]

Future work will extend this framework to hybrid IoT-WANET systems with real-time adaptive
normalization.[20-22]

Appendix A: Implementation Details
A.1 Normalization Algorithm Implementation
python
class AdaptiveNormalizer:
def init (self, alpha=0.3, window_size=50):
self.alpha = alpha
self.window_size = window_size
self.history = {}

def normalize(self, feature vector, feature name):
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if feature name not in self.history:
self.history[feature name] = deque(maxlen=self.window_size)
self.history[feature name].extend(feature vector)
# Adaptive mean calculation
recent data = list(self.history[feature name])
weights = np.exp(-self.alpha * np.arange(len(recent_data))[::-1])
adaptive_mean = np.average(recent data, weights=weights)
# Adaptive standard deviation
adaptive_std = np.sqrt(np.average((recent_data - adaptive_mean)**2, weights=weights))
# Normalize
normalized = (feature_vector - adaptive_mean) / adaptive std
return normalized
A.2 Feature Selection Implementation
python
def multi_criteria_selection(features, target, alpha=0.4, beta=0.3, gamma=0.3):
scores = []
for i, feature in enumerate(features.T):
# Mutual Information
mi_score = mutual_info_regression(feature.reshape(-1, 1), target)[0]
# Stability Score (inverse of coefficient of variation)
stability = 1 / (np.std(feature) / np.mean(feature) + 1e-6)
# Computational Cost (proxy: feature complexity)
complexity = calculate feature complexity(feature)
cost_score = 1 / (complexity + 1)
# Combined score
final score = alpha * mi_score + beta * stability + gamma * cost_score
scores.append((i, final_score))
# Sort by score
scores.sort(key=lambda x: x[1], reverse=True)
return scores
Appendix B: Simulation Configuration
xml
<!-- NS-3 Configuration File -->

<configuration>
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<simulation>
<duration>300</duration>
<seed>12345</seed>
</simulation>
<network>
<nodes>100</nodes>
<area>
<width>1000</width>
<height>1000</height>
</area>
<transmission-range>100</transmission-range>
</network>
<mobility>
<model>RandomWaypoint</model>
<speed>
<min>1</min>
<max>20</max>
</speed>
<pause-time>2.0</pause-time>
</mobility>
<traffic>
<applications>
<cbr>
<rate>512Kbps</rate>
<packet-size>512</packet-size>
</cbr>
</applications>
</traffic>
</configuration>
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