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Abstract. The  Internet  of  Vehicles  (IoV)  is  an  emerging  field  with  significant  research  and  commercial  potential.  A  central challenge in IoV is to aggregate the vast volumes of data generated by interconnected  vehicles and transform it into actionable knowledge for intelligent decision-making, such as detecting vehicle collisions. While various classifiers have been developed for collision detection, there is a lack of rigorous research on selecting the most impactful features for these detections. Many existing studies  rely  on  single  algorithms  and  simple  correlation  coefficients  for  feature  identification,  which  can  be  a  limitation.  To address  this,  this  paper  proposes  a  dynamic  model  that  combines  a  Non-dominated  Sorting  Genetic  Algorithm  III  (NSGA-III) with a deep Long Short-Term Memory (LSTM) network incorporating dropout to detect vehicle collisions in IoV environments. The  model  aims  to  simultaneously  minimize  the  feature  subset,  reduce  computational  time,  and  maximize  collision  detection accuracy. NSGA-III evolutionary algorithm efficiently explores the feature space to optimize multiple objectives, while the deep LSTM is well-suited for capturing temporal dependencies in the sequential data generated by vehicles. The model was trained and evaluated using a dataset generated in a VISSIM traffic simulation environment, which recreated various urban driving scenarios. The experimental results demonstrate that the NSGA-III + Deep LSTM-RD model significantly outperforms baseline algorithms like deep LSTM, DRNN, GANN, and ANN, especially when using a reduced set of features. The model achieved high accuracy and lower  error rates  while  maintaining  fast  execution times, highlighting the  importance  of  combining advanced  optimization techniques with deep learning for robust and adaptable predictive models.
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I. Introduction 

The  Internet  of  Vehicles  (IoV) is  an  emerging  field  where vehicles  function  as  interconnected  entities  on the internet, enabling real-time data sharing and communication. IoV holds significant commercial and research potential, drawing interest from both industry and academia. Through inter-vehicle and intra-vehicle communication, along with real-time road condition monitoring, IoV generates vast volumes of data useful for analyzing behavioral patterns, environmental conditions, and device performance.

However, the core challenge of IoV goes beyond simply routing, exchanging, or uploading data from local sensors to the internet. The real issue lies in aggregating this data and transforming it into meaningful information and actionable knowledge to support intelligent  decision-making.  For  example,  in the  vehicle  insurance  industry,  companies  can tailor insurance  premiums based  on driving behavior by examining correlations between driver errors, traffic violations, and accident involvement (Chen et al., 2019). Amid  this  digital  automotive  revolution,  the  ability  to  extract  valuable  insights  from  massive  data  streams  becomes  essential. Feature  selection,  a  crucial  aspect  of  data  analysis,  plays  a  central  role  in  identifying  the  most  relevant  variables  in  IoV environments.  Effectively  navigating  this  sea  of  information  requires  a  deep  understanding  of  the  interrelated  dynamics  of vehicular data, including driving behavior, environmental context, and system performance (Bolón-Canedo et al., 2015).

In the domain of machine learning, feature selection presents a significant challenge. Researchers have made considerable efforts to develop classifiers for vehicle collision detection within the IoV. Some studies focus specifically on identifying which features most  strongly  influence  collision  risk.  Despite  growing  interest,  there  remains  a  shortage  of  rigorous  research  dedicated  to selecting impactful features for collision prediction in IoV. The few existing studies largely depend on correlation coefficients to identify  relevant  features  (Almutairi  et  al.,  2023).  One  of  the  critical  challenges  in  IoV-enabled  mobility  is  vehicle  collisions, which may result in injuries, disabilities, vehicle damage, traffic congestion, and loss of lives and property. Being able to predict the  likelihood  of  such  collisions  can  empower  both  human-driven  and  autonomous  vehicles  to  take  preventive  action.  As  IoV research  progresses,  the  essential  subset  of  features  required  to  build  a  robust  vehicle  collision  alarm  system  remains  an  open question (Almutairi et al., 2023).

This  paper  explores  the  importance  of  feature  selection  within  the  IoV  framework  and  highlights  methodologies  for  deriving meaningful insights from the vast array of data generated by connected vehicles. By examining the intricacies of feature selection
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in IoV, this study aims to enhance decision-making, improve road safety, and contribute to the development of a more intelligent transportation ecosystem. As we navigate the data-rich highways of the IoV, selecting the right features is critical to driving the future  of  connected  mobility.  Preventing  vehicle  collisions  in  this  context  requires  the  development  of  predictive  classifiers capable of early detection and timely intervention (Sun et al., 2022).

Several studies have explored different methods for collision detection. For instance, Lima et al. (2020) utilized Long Short-Term Memory (LSTM) networks, while Almutairi et al. (2023) employed the  Non-dominated Sorting Genetic Algorithm III (NSGA-III)  to  identify  key  features  influencing  vehicle  collisions.  However,  both  studies  and  much  of  the  existing  literature  rely  on  a single  algorithm  for  solving  the  vehicle  collision  problem.  Recent  findings  suggest  that hybrid  approaches,  which  combine multiple intelligent algorithms, often outperform individual algorithms in predictive tasks (Almutairi et al., 2023b).

In light of this, the present study proposes a hybrid model combining NSGA-III and deep LSTM to predict vehicle collisions in IoV.  The  goal is  to  simultaneously  minimize  the  feature  subset, reduce  computational time  and  maximize  prediction accuracy. LSTM  is  well-suited  for  capturing  temporal  dependencies  in  sequential  data,  making  it  ideal  for  time-series  tasks  such  as predicting  collision  likelihood  (Yu  et al.,  2019).  In  parallel,  NSGA-III’s  evolutionary  algorithm  efficiently  explores  the  feature space, optimizing multiple objectives concurrently (Cui et al., 2019). Thus, this hybrid approach leverages the strengths of  both methods offering a robust solution for feature selection and accurate collision prediction in IoV scenarios.


Related works 

This section presents works related to collision detection in the Internet of Vehicles (IoV), providing state-of-the-art insights on the topic. Numerous studies on collision detection have been published in the literature, including research on collision warning systems (Baek et al., 2020), collision detection in cooperative inland vessels (Hammedi et al., 2022), and human vehicle collision detection (Qu et al., 2020), among others. However, the focus of this research is specifically on collision detection within  the IoV environment.

Therefore, the related  works  presented  in  this  section  emphasize  collision  detection  in  IoV.  One  of  the  key  services  in  the  IoV ecosystem  is  vehicle  collision  detection.  To  ensure  low-latency  communication  and  real-time  responsiveness  for  collision avoidance,  this  service  is  typically  deployed  at  the  edge  using  multi-access  edge  computing  (Brik  &  Ksentini,  2021).  The following paragraphs review studies that have applied machine learning techniques for collision detection in IoV.

Chang et al. (2021) proposed an IoV-based collision detection framework that leverages YOLOv4 to predict the future positions of vehicles and prevent potential collisions. The framework incorporates both vehicle dynamics and machine learning techniques, with YOLOv4 specifically used for forecasting vehicle trajectories. The results demonstrated that the proposed method provided more  accurate  and  stable  predictions  of  future  vehicle  positions.  However,  the  study  employed  a  single  algorithm  without incorporating  hybrid  approaches.  Previous  research  (e.g.,  Chiroma  et  al.,  2020)  has  shown  that  hybrid  algorithms  often outperform individual models. Furthermore, the study only compared its results with existing works in the literature and did not benchmark the model against other classical algorithms on the same dataset, limiting the robustness of the evaluation.

To  estimate  vehicle  density  and  compute  the  resources  required  for  effective  collision  detection,  Brik  and  Ksentini  (2021) proposed a deep learning-based framework deployed at the mobile edge computing layer. The model was trained and evaluated using  a  dataset representing  urban  mobility  patterns.  The  findings  indicated  that the  framework  could  successfully  predict  both the necessary  computing resources  and  system requirements  for  collision  detection  in an  IoV  environment.  However, a notable limitation  of  this  study  is  its  omission  of  environmental  factors  particularly  adverse  weather  conditions  such  as  fog  which significantly  affect  vehicle  movement.  This  oversight  may  hinder  the  practical  deployment  of  the  system  under  real-world weather  conditions.  Chang  et al.  (2019)  introduced  an  IoV-based  system  utilizing  squeeze-and-excitation networks  and  densely connected  convolutional  networks  to  detect  vehicular  collisions.  Their  deep  learning  model  was  trained  for  traffic  collision detection and hosted on a cloud server as part of a cloud-based management platform. Similarly, Chen et al. (2018) proposed a deep learning architecture within the IoV framework that includes collision detection sensors, a cloud-based training server, and a web-based service platform. The framework was designed to detect traffic accidents using deep learning, and experimental results demonstrated high accuracy in identifying traffic collisions.

Nevertheless, both Chang et al. (2019) and Chen et al. (2018) did not compare their proposed methods against other established algorithms.  Without  such  benchmarking,  it  becomes  difficult  to  assess  the  performance  and  advantages  of  their  frameworks relative to traditional or competitive approaches. Hybrid approaches are generally more effective than individual algorithms, as demonstrated in previous studies (e.g., Chiroma et al., 2020). However, the referenced study only compared the performance of the convolutional neural network (CNN) with traditional methods namely Honda, Berkeley, and MCWAw ithout benchmarking it against  other  deep  learning  models  from  the  same  algorithmic  family.  In  a  related  work,  Chen,  Xiang  et  al.  (2018)  utilized  a genetic  algorithm  (GA)  to  train  an  artificial  neural  network  (ANN),  resulting  in  a  GA-ANN  model  for  detecting  rear-end collisions  in  IoV  environments.  Despite  this  effort,  several  challenges  were  noted.  One  major  limitation  is  the  decline  in  GA-ANN  performance  as  the  dataset  size  increases  significantly.  As  Fong  et  al.  (2018)  noted,  some  researchers  argue  that  using metaheuristic methods like GA for ANN optimization is not always necessary.

This is because local minima often emerge from small, progressive changes in the hidden layer’s node-weight interactions, and directly  minimizing  error  can  often  yield  reliable  solutions.  Moreover,  excessive  attempts  to  find  a  global  optimum  may
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overextend  the  neural  network,  reduce  its  flexibility  and  potentially  cause  overfitting.  Overfitted  ANNs,  as  observed  by  Liu (2008), may lack generalization ability unlike models trained with gradient descent that can effectively settle into beneficial local minima to maintain a balance between accuracy and generalization (Fong et al., 2018).

The  presented  framework  incorporates  a  physical  distancing  notification  system  by  harnessing  cutting-edge  technologies, specifically  Deep  Learning  (DL)  and  the  Internet  of  Vehicles  (IoV).  Each  vehicle  is  outfitted  with  a  switching  camera  system employing  both  thermal  and  vision  imaging  capabilities.  Subsequently,  the  Faster-RCNN  algorithm  is  utilized  to  gauge  and identify  instances  of  physical  distancing  violations  between  objects  of  the  same  class.  The  performance  of  the  proposed architecture is then evaluated through Vehicle-to-Infrastructure communication. The results obtained affirm the applicability and efficiency  of  our proposal in delivering timely notifications concerning social distancing violations.(C.-j. Li, Qu, Wang, & Liu, 2021)  proposes  a  VGG16 model advancement  on  Faster  R-CNN  by  introducing a  cross-layer  fusion multi-object  detection and recognition. From their experimental and data analysis, the result shows that the improved Faster RCNN architecture combines low-level and high-level image semantic attributes.

This  has  improved  image  object  classification  and  recognition.  A  mixed  dataset  was  used,  that  is  manually  labelled  for  good detection outcome. The improved R-CNN model for object image classification and recognition has advanced the mean accuracy from the labelled cityscapes and KITTI datasets.(Tian & Hu, 2019) proposed a deep convolutional neural network to handle the issue concerning poor foreground extraction in dynamic background images, an image foreground target detection technique. The foreground can accurately detect both in the complex background and foreground occlusion. VGG16 based network was used for the  feature  extraction  map.  They  Applied  the  deconvolution  technique  with  the  pyramid  pooling  technique  to  upgrade  the problem of VGG16 on classifying the entire image.

The  proposed  model  uses TensorFlow  in training  the network. The  proposed  model  is  compared  to the  traditional target  model achieved good results in terms of solid robustness in a complex scene.(Hou, Li, Zhang, Wang, & Jiao, 2019) proposed a model for  object  detection  and tracking technique  built  on  deep  convolutional neural networks  for  wide-swath high-resolution  optical remote sensing videos. The proposed model divides the video  frames into sub-sample to avoid the challenges that occur due to data  size.  To  detect  images  at  the  sliding  window  effectively,  they  used  an  overlapping  sliding  window  sampling method.  The proposed network was designed based on the region of interest (ROIs) to track images from the previous frames in the video and used directly on the current frame. The result shows the valid and general use of their dataset for the proposed algorithm.


II. Methodology 

The methodology  section  details  the approach taken in  the study,  which  combines a  simulated  environment  for  data generation with  a multi-objective  optimization model  for  feature  selection  and  collision  detection.  The  process  began  by  creating a  virtual traffic environment using VISSIM to collect data under diverse conditions that reflect real-world traffic dynamics. The core of the methodology  lies  in  its  multi-objective  feature  selection  strategy  making  deep  LSTM  dynamic  with  feature  selection,  which utilizes  the  Non-dominated  Sorting  Genetic  Algorithm  III  (NSGA-III).  This  approach  simultaneously  aims  to  minimize  the feature subset and computational time while maximizing the accuracy of collision detection. To evaluate the effectiveness of the selected  features,  the  study  employed  five  machine  learning  classifiers:  Support  Vector  Machine  (SVM),  Random  Forest Classifier  (RFC),  Gaussian  Naïve  Bayes  (GNB),  Decision Tree  Classifier  (DTC), and  K-Nearest  Neighbor  (KNN). This  multi-faceted approach allows for a rigorous comparison and validation of the proposed hybrid model against baseline methods.


Datasets 

To generate data for vehicle collision analysis within the IoV framework, a simulated environment was first developed using the VISSIM traffic simulation tool. This environment was specifically tailored to enable data collection under varying conditions that reflect  real-world  traffic  dynamics.  By  recreating  multiple  traffic  scenarios,  the  simulation  provided  a  robust  foundation  for capturing  the  necessary  data  points  related  to  vehicular  collisions.  The  simulated  IoV  environment  was  designed  to  include various driving scenarios. It featured a road layout spanning an area of 1500 by 1500 meters, constructed with a single-lane road that incorporated bends, multiple lanes, and distinct speed zones. These road elements allowed the simulation to mimic complex urban driving conditions, which are essential for studying interactions that could lead to collisions. The road setup also included areas  with  speed  limitations  and  multiple  signalized  intersections.  Signal  controllers  were  placed  strategically,  controlling  the flow  of traffic with standard green, amber, and red lights. This inclusion helped to simulate stop-and-go traffic behavior and its effect on vehicle interactions. By recreating a controlled signal environment, the simulation could better reflect real-world driving behaviors at intersections.

Speed dynamics in the simulated IoV environment were diverse. The minimum speed recorded was 50 km/h, while the average and maximum speeds were set at 95 km/h and 140 km/h, respectively. These variations helped in capturing how vehicles behave across different speed limits, contributing valuable insights into collision risks under varying velocity conditions. Traffic density within the simulation was also variable, ranging from 30 to 180 vehicles in motion at any given time. This range was selected to reflect  both  light  and  heavy  traffic  scenarios,  allowing  for  an  analysis  of  how  vehicle  density  affects  collision  likelihood.  As vehicles navigated through different traffic zones, their behavior in terms of acceleration, deceleration, and stopping was tracked. To  simulate  real-world  complexity  further,  the  IoV  environment  was  reconfigured  repeatedly  to  test  various  traffic  conditions. Special attention was given to low-speed zones where speed limits varied between 5 km/h and 50 km/h. These zones are typically
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prone  to  sudden  braking  and  close  following  distances,  which  are  key  contributors  to  collisions.  Observing  vehicle  behavior in such zones provided critical collision-related data.

A  wide  range  of  traffic  features  were  tracked  during  the  simulation.  These  included  the  driving  state  of  each  vehicle,  vehicle clearance,  inter-vehicle  spacing,  gross  and  net  safety  distances,  and  both  gross  and  net  following  distances.  Interaction  states, delay times, and lane usage were also monitored. These features were essential for evaluating the dynamics that lead to potential collisions.  Furthermore,  speed  measurements  for  individual  vehicles  were  recorded  with  different  traffic  events.  The  detailed observation  of  speed  in  combination  with  following  distance  and  lane  change  behavior  allowed  for  a  comprehensive understanding of how driver actions contribute to crash risks.

In addition to these technical variables, certain environmental and human behavioral factors were also considered. Key features used  in  the  study  included  the  number  of  lanes,  the  status  or  behavior  of  the  driver,  environmental  conditions,  vehicle  speed, inter-vehicle  distance,  and  braking  capability.  These  attributes  helped  create  a  holistic  view  of  the  factors  influencing  vehicle collisions in the IoV environment. The configuration of all these variables and how they interact within the VISSIM simulation environment.  This  configuration  laid  the  groundwork  for  extracting  meaningful  insights  about  vehicle  collision  behavior  in  a controlled yet realistic IoV setting, supporting the study's goal of improving road safety through intelligent vehicular systems.

The NSGA-III + Deep LSTM-RD 

NSGA-III  +  Deep  LSTM-RD  (where  R  =  ReLU  and  D  =  Dropout)  is  a  hybrid  model  that  combines  a multi-objective optimization  algorithm  (NSGA-III)  with  a deep  learning  architecture  of  LSTM  enhanced  by  ReLU  activation  and  dropout regularization. Here's a breakdown of each component and how they work together:

NSGA-III (Non-dominated Sorting Genetic Algorithm III):

   NSGA-III  is  a  powerful evolutionary  multi-objective  optimization  algorithm  designed  to  solve  complex  problems

with three or more conflicting objectives.

   It  improves  upon  earlier  versions  (like  NSGA-II)  by  introducing  a reference-point-based  selection  strategy,  which

ensures a well-distributed set of solutions across the objective space.

   In  the  context  of  machine  learning  or  deep  learning, NSGA-III  is  often  used  to  optimize  hyperparameters (e.g.,

number of layers, learning rate, batch size) or feature subsets for better model performance across multiple criteria such as accuracy, training time, and generalization.

Deep LSTM-RD (Long Short-Term Memory with ReLU and Dropout):

   LSTM is designed to capture long-term dependencies in sequential data, making it suitable for collision detection in IoV

environments.

   "R"  –  ReLU  (Rectified  Linear  Unit):  ReLU  is  an  activation  function  used  in  the  LSTM  network  to  introduce  non-

linearity  and  accelerate training.  It  outputs  zero  for negative  values  and passes  positive  values  as-is, helping avoid  the vanishing gradient problem.

   "D"  –  Dropout:  Dropout  is  a  regularization  technique  applied  during  training  to  prevent  overfitting.  It  randomly

deactivates a fraction of the neurons in a layer, forcing the network to learn more robust features.

Combined NSGA-III + Deep LSTM-RD:

   The  NSGA-III algorithm  is  used  to automatically  select  subset  vehicle collision  features before  passing  to  optimize

Deep  LSTM-RD  model,  such  as  the  number  of  LSTM  layers,  dropout  rate,  learning  rate,  number  of  hidden  units, neurons and momentum.

   The LSTM-RD  network,  once  optimized,  is  responsible  for learning  temporal  patterns  in  vehicle  movements  or

collision indicators, with ReLU ensuring effective training and dropout maintaining generalization.

   The  hybrid  approach  leverages NSGA-III’s  strength  in  finding  a  balanced  trade-off  between  multiple  objectives

including  optimal  feature  selection,  accuracy  and  enhance LSTM’s  ability  to  model  complex  vehicles  collision behavior, resulting in a robust and efficient prediction of vehicle collision in IoV.

ReLU Activation (Algorithm 1):  This algorithm applies the ReLU function to hidden neurons, passing only positive values and setting  negative  values  to  zero,  effectively  deactivating  certain  neurons.  This  selective  approach  allows  the  model  to  focus  on positive feature contributions, simplifying the network and making it computationally efficient.

Algorithm 1 ReLu at the hidden neurons

For an input features:

1.   If features are positive, f(x)f(x)f(x) outputs feature selected,
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2.   Allowing Positive values to pass unchanged.

3.   If xxx is negative or zero,

4.   f(x)f(x)f(x) outputs 000,

5.   Deactivate neuron's contribution to the hidden network layer.

 

Dropout  (Algorithm  2):  Dropout  is  implemented  by  generating  a  mask  based  on  a  specified  probability.  During training,  this mask randomly  deactivates  neurons  (sets  their  output  to  zero)  to  prevent  overfitting.  At  inference  time, the  model’s  output is scaled to maintain consistency with the training phase.

Algorithm 2 Dropout

1.   Input activations: xxx 

2.    Dropout rate: ppp (probability of "dropping" a neuron)

3.           Generate                                                                                         Mask

M=rand(x.shape)≥pM        =         \text{rand}(x.\text{shape})         \geq         pM=rand(x.shape)≥p (Mask with 1 where neurons are kept, 0 where dropped)

4.         Apply                                          Mask                                         (Training)

xdrop=x×Mx_{\text{drop}} = x \times Mxdrop=x×M

5.        Scale                                            Output                                           (Inference)

xinf = x×(1−p)x_{\text{inf}} = x \times (1 - p)xinf=x×(1−p)

 

Combined ReLU with Dropout (Algorithm 3) 

This  combined  approach  first  applies  ReLU  to  the  neurons  and  then  introduces  dropout  to  further  regularize  the  model.  By dropping neurons probabilistically, this combination allows for sparse activation, which is beneficial in reducing overfitting while allowing the network to learn complex patterns.

Algorithm 3 Dropout Plus ReLu

1.   import numpy as np 

2.     def relu_with_dropout(x, dropout_prob):

3.      Step 1: Apply ReLU

4.         x = np.maximum(0, x)

5.     Step 2: Apply Dropout

6.     mask = (np.random.rand(*x.shape) >= dropout_prob).astype(float) # Create dropout    mask

7.        x *= mask # Apply mask

8.      Step 2:  # During inference, scale by

9.         (1 - dropout_prob) to adjust for dropped neurons

10. return x 

 

For each layer with neurons xi:

1.   ReLU Activation: Apply xi =max⁡ (0, xi) xi = \max (0, xi) xi =max (0, xi ) to each neuron’s output.

2.   Dropout: Generate a random mask for each neuron based on the dropout probability ppp:

o If a random number for neuron xix_ixi is less than ppp, set xi =0 xi = 0 xi =0 (drop that neuron).

o If the random number is greater than or equal to ppp, keep the neuron’s output.

3.   Scale  Output:  During  training,  dropout  is  applied  with  a  probability  ppp,  so  to  maintain  the  expected  output  range

during inference, multiply each neuron by (1−p)(1 - p)(1−p) during inference.

NSGA-III + Deep LSTM (Algorithm 4) 

NSGA-III, a multi-objective genetic algorithm, is used here to select the optimal subset of input features before feeding them into the LSTM. It aims to balance objectives like feature reduction and classification accuracy. The LSTM is then set up with ReLU activation functions and dropout, leveraging the selected feature subset. The steps include initializing feature subsets, evaluating

[image: ]

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XIV, Issue X, October 2025 

them based on objectives, and iteratively refining the population using crossover, mutation, and selection based on non-dominated sorting.

Algorithm 4: NSGA-III + Deep LSTM with ReLU and Dropout (NSGA-III + Deep LSTM-RD)

1.   Feature set collusion detection features 

2.   LSTM parameters: hidden size, layers, dropout rate y 

3.   NSGA-III objectives: minimize feature count and maximize accuracy  

4.   NSGA-III for Feature Selection

a.   Initialize  population  of  feature  subsets  collusion  detection  features  from  collusion  detection 

features 

4.2          Evaluate         objectives          on         each          subset          in          x (e.g., accuracy, feature count)  

b.   Apply       non-dominated       sorting       on       collusion        detection        features 

4.4          Select         next          generation          with          NSGA-III         operator (crossover, mutation, elitism and diversity preserved)  

c.   4.5            Iterate           until           termination           criterion           is           met 

(e.g., max generations) 

5.   Select                             Optimal                            Feature                           Subset

5.1 Choose best subset FoptF_{\text{opt}}Fopt from final population 

6.   Deep                                         LSTM                                       Initialization

6.1              Define            LSTM           layers           with           ReLU           activation 

6.2 Apply Dropout with rate x after each LSTM layer 

7.   Input                                                                                                  Layer

4.1 Set FoptF_{\text{opt}} Fopt as input to LSTM 

a.    LSTM                                    Forward                                    Pass

7.1 Compute LSTM cell output with ReLU and dropout 

 


Experiment 

This section provided the detailed description of the experiment including multiple data partitioning, feature usage, and parameter settings  for  modeling  NSGA-III  +  Deep  LSTM-RD  to  predict vehicle  collisions  in  IoV  environment  as  developed  in  the preceding sections:


Experimental Setup and Configuration

The  experiments  were  conducted  on  a  Mac  system  powered  by  the  M2  chip.  The  hardware  configuration  includes  an  8-core CPU—comprising performance and efficiency cores—a 10-core GPU, a 16-core Neural Engine, and a memory bandwidth of 100 GB/s.  On  the  software  side,  the  experiments  were  executed  in  a  Python  environment  within  the  Anaconda  platform.  The parameter settings for the NSGA III and NSGA2 algorithms, shown in below, were adapted from Kumar and Yadav (2018).

Parameter Settings for NSGA Family Algorithms

   Reference Points Number: 0.9

   Crossover Probability: 0.9

   Crossover Distribution Index: 0.25

   Mutation Probability: 0.2

   Hypervolume: [0,0]– [1,1]

   Generations: 500

   Population Size: 200

   Population Initialization: Random

   Objectives: 2
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Multi-objective Feature Selection Strategy

This study applies a multi-objective feature selection approach, which evaluates groups of features simultaneously. NSGA III is utilized  alongside  Gain  Ratio  (GR)  as  the  filter  evaluation  criterion  and  a  bi-directional  selection  strategy  to  identify  the  most informative subset of features related to vehicle collisions in IoV (Internet of Vehicles) environments. For comparative purposes, NSGA2  is  also  employed  using  the  same  GR  filter and  bi-directional  selection across  filter-based,  wrapper-based,  and  hybrid-based methods.


Execution Methodology

Binary chromosomes represent candidate feature subsets for selection within the NSGA framework. Since the problem is multi-objective,  the  model  aims  to  minimize  the  number  of  selected  IoV  features  while  maximizing  vehicle  collision  detection accuracy.  Both  NSGA2  and  NSGA  III  select  subsets  of  features,  which  are  then  ranked  using  the  GR-based  filter  method. Classification  performance  is  used  to  order  the  subsets,  and  five  well-known  machine  learning  algorithms  SVM,  RFC,  GNB, DTC, and KNN are used to evaluate the discriminant  power of the selected features. These algorithms were chosen due to their robustness in scenarios involving moderate-sized datasets.


Classifier Evaluation and Performance Analysis

Each  selected  subset  of  features  was  used  to  train all  five  classifiers, and  their  performance  in  detecting  vehicle  collisions  was assessed.  The  detection  accuracy  returned  by  each  classifier  reflects  the  effectiveness  of  the  selected  feature  subsets.  The evaluation was carried out using both NSGA III and NSGA2 to determine which approach produced superior feature selection in terms of predictive performance.

Algorithm 1: Algorithm for the vehicle collision subset feature selection in IoV

1.   Begin

2.   SET  hardware:  =  Mac  with  M2  chip  (8-core  CPU,  10-core  GPU,  16-core  Neural  Engine,  100  GB/s

memory bandwidth)

3.   SET software: = Anaconda Python environment

4.   // NSGA Parameter Configuration

5.   SET params: = {

6.   reference_points_number: = 0.9,

7.   crossover_probability: = 0.9,

8.   crossover_distribution_index: = 0.25,

9.   mutation_probability: = 0.2,

10. hypervolume: = [0,0] to [1,1],

11. generations: = 500,

12. population_size: = 200,

13. population_initialization: = "random",

14. objectives: = 2

15. }

// Define Dataset

16. LOAD IoV dataset

17. DEFINE features: = all available features in the dataset

18. DEFINE labels: = collision class labels

19. // Binary Encoding of Feature Subsets

20. FOR each chromosome IN population

21. INITIALIZE chromosome as binary vector of length = number of features

22. 1 => feature selected, 0 => feature not selected

23. END FOR
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// Feature Selection and Evaluation Loop

24. FOR algorithm IN {NSGA2, NSGA III}

25. INITIALIZE population using random chromosomes

26. FOR generation IN 1 TO params. generations

27. // Decode Chromosomes and Select Features

28. FOR each chromosome IN population

29. SELECT features where chromosome[i] == 1

30. COMPUTE Gain Ratio for selected features

31. COMPUTE objectives:

a.   Objective 1: minimize number of selected features

b.   Objective 2: maximize classification accuracy

c.    Objective 3: Minimize computational time

32. END FOR

 

// Apply Genetic Operators

33. PERFORM selection, crossover, and mutation

34. UPDATE population using NSGA III logic:

35. IF algorithm == NSGA2:

a.   APPLY crowding distance and non-dominated sorting

36. ELSE IF algorithm == NSGA III:

a.   APPLY reference-point-based diversity preservation

37. END IF

 

38. END FOR

 

// Rank and Evaluate Final Feature Subsets

39. FOR each Pareto-optimal feature subset

40. FOR classifier IN {SVM, RFC, GNB, DTC, KNN}

41. TRAIN classifier using selected features

42. TEST classifier and record accuracy

43. END FOR

44. STORE average accuracy for each feature subset

45. END FOR

 

// Wrapper-Based Bi-Directional Feature Selection

46. FOR each chromosome in final population

47. INIT selected_features: = []

48. WHILE not converged

49. PERFORM forward selection using GR and accuracy

[image: ]

ISSN 2278-2540 | DOI: 10.51583/IJLTEMAS | Volume XIV, Issue X, October 2025 

50. IF any existing feature is irrelevant

a.   REMOVE using backward elimination

51. END IF

52. UPDATE chromosome accordingly

53. END WHILE

54. EVALUATE using classifiers and record performance

55. END FOR

56. STORE algorithm performance results

57. END FOR

 

// Comparative Analysis

58. COMPARE NSGA2 vs NSGA3 based on:

-     Detection Accuracy

-     Number of selected features

-     Diversity of selected subsets

 

// External Validation

59. COMPARE results with other MOO feature selection methods (e.g., SPEA2, MOPSO)

60. EVALUATE fairness using same dataset

61. End

 

Wrapper Method with Bi-directional Feature Selection

The  experiment  was  further  extended  using  the  wrapper-based  bi-directional  feature  selection  method.  Unlike  simple  forward selection, this approach evaluates the relevance of existing features before new ones are added. If a current feature is deemed non-significant,  it  is  eliminated  through  backward  selection.  This  dual  approach  ensures  an  optimal  balance  between  adding  and removing features. NSGA2 and NSGA III algorithms integrate this selection logic, with NSGA2 employing its crowding distance operator to maintain diversity and NSGA III focusing on solution diversity across generations. Ultimately, both algorithms feed their selected feature subsets into the bi-directional wrapper model. Algorithm 1 illustrates the complete process of the proposed hybrid  NSGA  III  framework.  To  validate  the  novelty  and  effectiveness  of  this  method,  the  results  were  compared  with  other established  multi-objective  feature  selection  algorithms  outside  the  NSGA  family  using  the  same  dataset  for  fairness  and consistency, the algorithm is provided in algorithm 2.

Algorithm 2 Wrapper with Bi-directional feature selection

function BiDirectionalFeatureSelection(dataset, learning_algorithm, max_iterations):

// Inputs:

// - dataset: The full dataset with features and target variable

// - learning_algorithm: The classifier or regressor used to evaluate feature subsets (e.g., SVM, Decision Tree)

// - max_iterations: Maximum number of iterations to prevent infinite loops

// Outputs:

// - best_feature_set: The optimal subset of features

// - best_performance: The performance score of the best_feature_set

// 1. Initialization

all_features = set (all feature names in dataset)

selected_features = set () // Start with an empty set
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candidate_features = all_features.copy() // All features are initially candidates for addition

best_feature_set = selected_features.copy()

best_performance = -infinity // Initialize with a very low score

iterations_with_no_improvement = 0

max_no_improvement_iterations = 5 // A stopping condition

// 2. Main Iteration Loop

for i from 1 to max_iterations:

current_performance = -infinity

feature_to_add = null

feature_to_remove = null

// 3. Forward Step: Find the best feature to ADD

// This phase aims to greedily add the most impactful feature from the candidates

if candidate_features is not empty:

best_forward_gain = -infinity

for feature in candidate_features:

temp_features = selected_features + {feature}

model = train (learning_algorithm, dataset with temp_features)

performance = evaluate (model, test_data) // Evaluate on a held-out test set or via cross-validation

if performance > best_forward_gain:

best_forward_gain = performance

feature_to_add = feature

// Add the best feature if it improves performance

if best_forward_gain > current_performance:

selected_features.add(feature_to_add)

candidate_features.remove(feature_to_add)

current_performance = best_forward_gain

// 4. Backward Step: Find the worst feature to REMOVE

// This phase aims to greedily remove the least impactful feature from the selected set

if selected_features has more than 1 feature:

best_backward_score = -infinity // A score to track the best removal

feature_to_remove = null

for feature in selected_features:

temp_features = selected_features - {feature}

model = train (learning_algorithm, dataset with temp_features)

performance = evaluate (model, test_data)

// We want to remove the feature whose removal causes the smallest performance drop

if performance > best_backward_score:

best_backward_score = performance

feature_to_remove = feature

// Remove the worst feature if it improves or maintains performance
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if best_backward_score > current_performance or best_backward_score == current_performance:

selected_features.remove(feature_to_remove)

candidate_features.add(feature_to_remove)

current_performance = best_backward_score

// 5. Check for Improvement and Update Best Feature Set

if current_performance > best_performance:

best_performance = current_performance

best_feature_set = selected_features.copy()

iterations_with_no_improvement = 0 // Reset counter on improvement

else:

iterations_with_no_improvement = iterations_with_no_improvement + 1

// 6. Stop Condition

if iterations_with_no_improvement >= max_no_improvement_iterations:

break // Exit loop if no improvement for several iterations

// 7. Return Result

return best_feature_set, best_performance

 

III. Results and discussions  

Parameter Setting 


LSTM 

i.            Number of Hidden Layers: 3

ii.           Number of Neurons at each Hidden Layer: 100

iii.          Number of epochs: 100

iv.        Activation Function: Relu and Sigmoid

v.        Number of steps: 6

vi.        Number of Input features: 3, 4, 5 and 6

vii.       Number of Dropout: 0


DRNN 

i.            Number of Hidden Layers: 3

ii.           Number of Neurons at each Hidden Layer: 100

iii.          Number of epochs: 100

iv.        Activation Function: Relu and Sigmoid

v.        Number of steps: 6

vi.        Number of Input features: 3, 4, 5 and 6

vii.       Number of Dropout: 0


GANN 

i.            Number of Population per Generation: 1000

ii.           Number of Generations: 10000

iii.          Fitness Function: 1

iv.        Mutation Rate: 2%

v.        Number of Best Solutions per Generation: 100
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vi.        Number of Hidden Layers: 1

vii.       Number of Neurons at Hidden Layer: 100

viii.       Number of epochs: 100

ix.        Activation Function: Relu and Sigmoid

x.        Number of steps: 6

xi.        Number of Input features: 3, 4, 5 and 6

ANN

i.            Number of Hidden Layers: 1

ii.           Number of Neurons at Hidden Layer: 100

iii.          Number of epochs: 100

iv.        Activation Function: Relu and Sigmoid

v.        Number of steps: 6

vi.        Number of Input features: 3, 4, 5 and 6

The  wrapper-based  feature  selection  method  employs  a  bi-directional  elimination  strategy,  also  known  as  step-wise  selection, which  is  an  enhancement  over  simple  forward  selection.  Unlike  forward  selection,  which  only  considers  the  inclusion  of  new features, bi-directional elimination actively evaluates both the addition and removal of features throughout the process. This dual approach ensures that the model remains optimized by continuously reassessing the relevance of all features at each step.

At the  core  of  this method is  the  integration  of  forward  selection and  backward  elimination  in a  single  loop.  Forward selection begins  by  identifying  features  not  currently  in  the  model  and  evaluating  whether  they  should  be  included  based  on  a predetermined  level  of  statistical  significance.  Once  a  feature  meets  the  inclusion  criteria,  it  is  added  to  the  model.  However, before  finalizing  the  addition,  the  process  checks  if  any  of  the  already  selected  features  have  lost  their  statistical  relevance. Backward elimination plays a complementary role in this combined approach. As each new feature is  considered for inclusion, the algorithm also re-evaluates all previously added features. If any of them are found to have become statistically insignificant, they are promptly removed. This dynamic balancing act ensures that the model only retains features that continue to contribute meaningfully to prediction accuracy.

The procedure begins by defining threshold values, typically known as the significance levels for entry and removal commonly set at 0.05 for both. These thresholds represent the criteria by  which a feature is judged either worthy of inclusion or subject to elimination.  A  feature  is  added  to  the  model  only  if  its  statistical  p-value  falls  below  the  inclusion  threshold,  and  any  feature whose p-value rises above the elimination threshold is discarded. Once these thresholds are set, the process iteratively performs a forward selection step, followed by a backward elimination step. This loop continues until no further features meet the criteria for entry or removal. The repeated evaluation ensures that the model evolves into a highly refined and efficient structure, free from redundancy  or  statistical noise.  Ultimately,  bi-directional  elimination  guides the  feature  selection  process  toward  identifying  an optimal subset of features. By merging the strengths of both forward and backward selection, this method helps construct a more parsimonious and interpretable model that maintains high predictive performance while avoiding overfitting.
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Figure1: Comparing feature subset selection
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The  analysis  of  the  experimental  results,  particularly  as  visualized  in  Figure  4,  provides  compelling  evidence  regarding  the efficacy of the wrapper NSGA III + GR in optimizing feature selection and classification performance. The discussion centers on the  performance  of  the  wrapper  NSGA  III  +  GR,  evaluated  using  a  gain  ratio-based  entropy  measure  across  the  dataset.  The
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wrapper NSGA III + GR, when configured, demonstrated a significant capability for feature reduction. Across the  datasets, this configuration managed to decrease the total number of features by nearly 70%. Despite this substantial reduction in feature size, the algorithm was able to achieve a classification performance that was superior to the performance attained using the full-length feature set (12). This outcome highlights the potential of the wrapper NSGA III + GR approach to distill large feature spaces into a more manageable and computationally efficient form without sacrificing predictive power.

The wrapper NSGA III + GR consistently performed well. Its primary strength lies in its ability to find single solutions that not only utilize a significantly smaller number of features but also achieve a higher level of performance compared to the complete feature set. This suggests a highly efficient search mechanism for identifying a minimal, yet highly predictive, feature subset. The wrapper NSGA III + GR achieved a better classification error rate. This variant's focus appears to be on maximizing classification accuracy, even while performing a drastic feature reduction. For instance, the feature size was reduced by exactly 50%, from 12 features  to  6,  which  concurrently  resulted  in  a  significant  drop  in  the  error  rate  from  to  a  more  favorable  level.  The  wrapper NSGA III + GR consistently outperformed baseline feature selection approaches in terms of error rate, with the notable exception of the In every dataset evaluated, wrapper NSGA III + GR selected fewer features This reinforces the notion that wrapper NSGA III + GR is more effective at identifying and isolating the most critical features for a given for detecting vehicle collision in IoV.

The  experimental results reveal  that  integrating  optimization  strategies  with machine learning  classifiers  significantly  enhances the performance of collision detection models. Specifically, the use of advanced multi-objective optimization techniques such as NSGA2  and  NSGA  III  in  combination  with  feature  refinement  methods  leads  to  clear  improvements  over  the  baseline configurations  where  all  features  are  used  indiscriminately  as  in  the  case  of  original  LSTM.  Among  the  evaluated  classifiers, Support Vector Machines (SVM) and Random Forest (RF) consistently stood out in terms of performance, especially when used in  tandem  with  hybrid  optimization  strategies.  These  classifiers  are  inherently  capable  of  capturing  complex  patterns  in  high-dimensional spaces, and when aided by appropriate feature selection, they can effectively model the dynamic and intricate nature of  vehicular interactions.  An  interesting  observation  is  that models  trained  using all available  features  did not  always  yield the highest accuracy. This suggests the presence of redundant or less-informative features within the dataset. In contrast, models that utilized a carefully selected subset of  features primarily those related to velocity, distance between vehicles, braking capability, etc. tended to produce more reliable predictions across all classifiers. The optimization technique that incorporated NSGA III and Bi-Directional search combined with a guided refinement approach consistently demonstrated the most robust performance. This method appears particularly effective in identifying and preserving features that contribute meaningfully to the learning process, while filtering out those that introduce noise or unnecessary complexity.

Feature  subsets  comprising  three  to  four  attributes  were  found  to  be  sufficient in most  cases  to  drive  high-performing  models. These  typically  included  vehicle  speed,  the  gap  between  adjacent  vehicles,  and  the  vehicle’s  braking  response.  Occasionally, contextual  features  such  as  the  number  of  lanes  or  the  nature  of  the  driving  environment  also  contributed,  depending  on  the classifier and optimization method used. The comparative analysis further highlights that different classifiers respond uniquely to various  feature  selection  strategies.  For  instance,  while  Naive  Bayes  benefited  significantly  from  feature  reduction,  Decision Trees  showed  moderate  gains.  On the  other hand,  ensemble  methods  like  Random  Forest maintained  strong  performance  even with  the  full  set  of  features  but  still  showed  improvements  when  irrelevant  features  were  excluded.  The  integration  of  Bi-Directional  search  mechanisms  allowed  the  models  to  explore  both  forward  and  backward  feature  spaces,  enabling  a  more thorough  selection  process.  This  bidirectional  exploration  appears  to  enhance  the  model’s  ability  to  generalize  across  varying traffic  scenarios,  making  it  particularly  valuable  in  real-time  vehicular  networks  where  environmental  conditions  and  driver behavior can change rapidly.

Furthermore, the results demonstrate the merit of combining evolutionary algorithms with data-driven refinement techniques. The hybridization of global search (from NSGA III) and local search  (from guided refinement) creates a balance that leverages both exploration and exploitation in the feature space, which is essential for developing robust and adaptable predictive models.  The consistency  in  performance  improvements  across  all  classifiers  when  optimized  features  are  used  reflects  the  importance  of feature  engineering in  intelligent transportation  systems.  It reinforces  the notion that  more  data is not  always  better; rather,  the relevance and quality of the features play a more critical role  in determining the success  of predictive modeling. In conclusion, this study underscores the effectiveness of hybrid optimization strategies in improving collision detection accuracy in vehicular environments. By narrowing down to the most informative features and aligning them with the strengths of specific  classifiers, the models not only become more accurate but also computationally efficient, laying a solid foundation for scalable and real-time deployment in IoV systems.

Table 1a Vehicle collision feature subset selected by wrapper NSGA III + GR

Method    SVM               KNN                Naive Bayes          Random Forest        Decision Tree

Selected      Accur    Selected     Accur    Selected     Accura    Selected     Accura   Selected    Accurac Features     acy       features      acy       features      cy          features     cy         features     y 

NSGA2    All         75.11     All         81.24     All          74.55      All         80.51     All         79.5

Features                features                 features                  features                 features (6)
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3              88.22      4              88.00      3              88.51       4             81.00      4            81.5

NSGA3   All         79.64     All         64.92     All         85.00      All         80.25     All         89.0 +GR      Features               features                features                 features                features

3              89.22      4              80.34      4              87.28       4             82.75      5            90.5

Wrapper    All          80.2      All          89.75     All           89.55      All          85.65      All          82.50 NSGA3    Features              features               features                features               features + GR

6              78.44      5              75.00      4              87.00       5             76.00      4            92.50

NSGA3    All         83.25     All         71.05     All          81.75      All         82.25     All         80.65

Features                 features                  features                   features                 features

(6)

3              78.97      4              81.59      3              82.25       3             83.55      3            91.30

NSGA2   All         82.55     All         70.75     All         81.05      All         89.12     All         89.77 +Bi        Features                features                features                  features                 features

(12)

5              83.00      4              81.75      3              81.75       3             80.05      3            90.50

Wrapper    All          79.25     All          72.05     All           83.15      All          84.25      All          70.65 NSGA3   Features             features              features                features               features + GR      (12)                  (6)                    (12)                    (12)                   (12)

6              96.89      7              72.24      7              83.30       8             89.58      3            82.32

 

Table 1 The summary of 80-20 splits compared to baseline algorithm for collision detection

Model                          No. of Inputs    AES (Seconds)      MSE        RMSE      Accuracy (%)

LSTM                     12           279s (15ms/step)    0.1284      0.3583     83

DRNN                    12           141s (4ms/step)     0.1329      0.3645     78

DRNN                    6            127s (7ms/step)     0.0085      0.0921     99

GANN                    12           100s (6ms/step)     0.1817      0.4262     75

GANN                    6            10s (12ms/step)     0.1598      0.3997     79

ANN                      12           13s (1ms/step)      0.2241      0.4733      65

ANN                      6            38s (2ms/step)      0.2488      0.4987      65

NSGA-III + Deep LSTM-RD     6             5s (1ms/step)       0.000898    0.0299     99 

 

Table  1  compare  the results  obtained  from  using  6  input  features  versus  12 input  features  for  vehicle  collision  detection  in the IoV, it is evident that models performed significantly better with 6 inputs. The NSGA-III + Deep LSTM-RD, DRNN, and GANN models demonstrated higher accuracy and reduced error rates when  the features were reduced. This improvement highlights the importance  of  collision-influencing  parameters,  as the models  were  better able  to  learn  complex  patterns relevant  to  predicting collisions  with  less  input  features.  Among  the  models  evaluated,  the  ANN  showed  limited  improvement  in  performance,  even when the number of input features reduces. This underperformance is attributed to the shallow nature of the ANN, which lacks the depth required to effectively capture the underlying patterns in the expanded feature space. In contrast, the Genetic Algorithm component in the GANN architecture played a critical role in enhancing the performance of the ANN by optimizing weights and structure, thereby  yielding better results than the ANN alone. In terms of the rate of vehicle collision detection per unit time, or AES, all models experienced an increase as the number of input  features reduce from 12 to 6. This may appear counterintuitive but  is  likely  due  to  the  models'  enhanced  ability  to  generalize  from  richer  input  data,  leading  to  quicker  and  more  confident predictions despite the added computational complexity. However, this improvement was not uniform across all models.

A closer analysis of model performance based on key metrics such as MSE, RMSE, and accuracy revealed a consistent ranking. The  NSGA-III  +  Deep  LSTM-RD  model  emerged  as  the  best  performer,  showing  superior  precision  and  reliability  in  vehicle collision detection. This hierarchy underscores the importance of both model architecture and input dimensionality in achieving effective predictions.

Interestingly, when examining AES specifically, NSGA-III + Deep LSTM-RD achieved the lowest (fastest) execution time. This indicates  a  trade-off  between  accuracy  and  computational  efficiency.  While  deeper  models  like  the  LSTM-based  architecture
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offered the highest detection performance, they demanded more processing time, whereas models like GANN and ANN offered quicker predictions at the expense of some accuracy.

Table 2: The findings for 60 – 40 splits comparing the NSGA-III + Deep LSTM-RD with baseline algorithms in detecting vehicle

collision

Model                 No. of Inputs           AES (Seconds)    MSE            RMSE          Accuracy (%) 

LSTM              12                 150s 12ms/step    0.1080          0.3286          83

DRNN             12                 290s 23ms/step    0.1152          0.3394         81

DRNN             6                 28s 22ms/step     0.0000165       0.00406        100

GANN             12                200s 6ms/step     0.1817          0.4262         75

GANN             6                 10s 12ms/step     0.1598          0.3997         79

ANN               12                 214s 3ms/step     0.2245          0.4738         65

ANN               6                  40s 3ms/step      0.2244          0.4737         65

NSGA-III  +  Deep 6                    284s (1ms/step) 0.000898         0.0299         99 

LSTM-RD 

 

Increasing  the  number  of  training  epochs  from  50  to  100  is  expected  to  lead  to  performance  improvements  across  all  the evaluated  models.  Extended  training  allows  the  models  to  better  adjust  their  weights  and  biases,  enabling  them  to  learn  more complex  patterns  within  the  data.  Consequently,  the  results  presented  in  Table  2  improve  when  the  models  are  trained  over  a longer duration. Among the models, the NSGA-III + Deep LSTM-RD exhibits the most notable improvement when the number of epochs is increased. It shows rapid enhancement in terms of accuracy, reduction in error, and improvement in computational efficiency.  This  demonstrates  the  model's  ability  to  effectively  leverage  deeper  training  iterations  to  refine  its  prediction  of vehicle collision in IoV, the GANN and ANN models display a limited response to the increased number of epochs. While there is a slight improvement in their Average Execution Speed (AES), their accuracy and error rates remain largely unchanged. This suggests  that  these  models  may  have  already  reached  a  plateau  in  learning  or  lack  the  architectural  complexity  to  benefit significantly from additional training. The minimal gains observed in GANN and ANN further highlight the importance of model depth and optimization mechanisms. While the genetic algorithm in GANN provides some advantage over the basic ANN, it still falls  short  when  compared  to  more  sophisticated  models  like  Deep  LSTM-RD.  This  indicates  that  advanced  architectures  are better suited for complex tasks such as vehicle collision detection in IoV environments.

A key strength of the NSGA-III + Deep LSTM-RD model is its ability to identify and utilize the most relevant subset of features for  collision  prediction.  This  feature  selection  process  helps  the  model  focus  on  the  most  informative  data,  which  not  only enhances detection accuracy but also reduces the computational time. As a result of this efficient feature selection, the NSGA-III + Deep LSTM-RD model demonstrates a significant reduction in processing time. Despite the increased number of epochs, the model maintains fast execution, reflecting its ability to streamline computation without compromising performance. Overall, the findings affirm that extending the training period benefits all models to varying degrees, with the NSGA-III + Deep LSTM-RD leading  in  terms  of  both  efficiency  and  predictive  capability.  Its  combination  of  deep  learning  with  evolutionary  optimization proves particularly effective in the context of real-time vehicle collision detection in IoV systems.

Table 3: The summary of comparison analysis for 70 – 30 splits in detecting collision in IoV

Model                  No. of Inputs            AES (Seconds)  MSE            RMSE          Accuracy (%)

LSTM              3                  35s 17ms/step    0.1025          0.3201         83

DRNN              3                 102s 7ms/step    0.1341          0.3661         78

DRNN              6                 88s 6ms/step     0.2260          0.4753         65

GANN             3                 40s 6ms/step     0.1817         0.4262         75

GANN             6                 50s 12ms/step    0.1860         0.4312         77

ANN               3                  49s 1ms/step     0.2244          0.4737         65

ANN               6                  50s 3ms/step     0.2244          0.4737         65

NSGA-III +    Deep 6                     265s            0.0000138       0.0037          98 LSTM-RD                           18ms/step 
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Table  3  indicate  that  the  NSGA-III  +  Deep  LSTM-RD  model  demonstrated  superior  performance  compared  to  the  baseline algorithms, including DRNN, GANN, LSTM, and ANN. Its integration of multi-objective optimization and deep learning enabled it to  consistently  outperform the  others  across  various  performance metrics.  This model  effectively  captured  complex temporal patterns in the data, leading to higher accuracy and lower error rates in vehicle collision detection within the IoV environment. One of the key strengths of the NSGA-III + Deep LSTM-RD lies in its ability to reduce the number of collision detection features from 12 to 6 without compromising performance. In fact, it maintained and even improved upon its prior results with fewer input features. This reduction significantly contributed to decreased computational time, proving the model’s efficiency in selecting the most relevant features for accurate and timely detection vehicle collision.

When  the  data  partition  ratio  was  altered  from  60-40  to  70-30,  a  variation  in  performance  was  observed  among  the  models. Specifically,  the  LSTM model  benefited  from  this  change, showing a reduction  in  error. In  contrast,  the  DRNN  experienced  a decline in performance, as indicated by an increase in error. Meanwhile, both the GANN and ANN models exhibited no change in error  rates,  suggesting  limited  sensitivity  to  the  partition  ratio  adjustment.  In  terms  of  accuracy,  the  LSTM  maintained  its performance despite the altered  partition ratio.  However,  the  DRNN's  accuracy  further  deteriorated,  indicating  instability  under this  configuration. The  GANN  model  retained its accuracy  with  12  input  features  but  underperformed  when  the input  features were  reduced  to  6,  showing  a  dependency  on  higher  dimensional  input.  On  the  other  hand,  the  ANN's  accuracy  remained unchanged under all configurations, reinforcing its limited learning capacity in this context.

The increase in the partition ratio to 70-30 also influenced the models' Average Execution Speed (AES). Notably, LSTM, DRNN, and ANN all experienced improvements in AES, reflecting enhanced computational efficiency due to the increased training set size.  However,  GANN's  AES  remained  constant,  possibly  due  to  the  additional  overhead  introduced  by  the  genetic  algorithm component, which offset any potential gains from the larger training data.

These variations highlight how different architectures respond to changes in data availability and input complexity. While deep learning models such as deep LSTM can adapt and improve with more training data, simpler or hybrid models may not always benefit, and in some cases, performance can degrade, especially when essential features are removed or the model lacks sufficient depth to generalize effectively. The NSGA-III + Deep LSTM-RD continues to stand out as the most robust and adaptable model for vehicle collision detection in IoV systems. Its ability to maintain performance with fewer features, adapt well to different data partitions, and deliver high accuracy  with lower error and computational time underscores its suitability for real-time intelligent transportation applications.

Table 5: The 50 – 50 slip ratios for the detection of vehicle collision in IoV

Model             No. of Inputs     AES (Seconds)        MSE           RMSE        Accuracy (%) 

LSTM           3              18s 17ms/step         0.0988         0.3143        84


LSTM 

DRNN           3             23s 22ms/step         0.1137         0.3371        82

DRNN           6             23s 22ms/step         0.00101        0.31          65

GANN          3             0s 6ms/step          0.1817         0.4262        75

GANN          6             0s 12ms/step         0.1860         0.4312        77

ANN            3             4s 4ms/step           0.2240         0.4732        66

ANN            6             4s 3ms/step           0.2240         0.4732        66

NSGA-III + Deep 6                18s 18ms/step         0.0000096       0.0030        97 LSTM-RD

 

Table  4:  Present  the  performance  of  the  NSGA-III  +  Deep  LSTM-RD  model  under  the  50-50  data  partition  ratio  was unexpectedly  superior  to  that  observed  with  the  80-20,  70-30,  and  60-40  partition  ratios.  This  outcome  appears  analytically counterintuitive, as models are typically expected to perform better with more training data. This raises a critical question: what could possibly explain this performance? To address this question, it is important to first understand the implications of a 50-50 data partition. In this case, half of the available dataset is used for training the model, while the remaining half is used for testing or prediction. Typically, having less training data might be seen as a limitation, but under certain conditions, it may inadvertently simplify the learning process for the model.

One  plausible  explanation  is  that  the  first  50%  of  the  dataset  used  for  training  may  consist  of  tuples  with  similar  or  repetitive patterns.  These  consistent  data  sequences  could  allow  the  Deep  LSTM  component  to  effectively  learn  temporal  dependencies during forward and backward propagation. As a result, the weight updates during training become more stable and predictable, leading to faster convergence and lower error rates. The NSGA-III algorithm, which assists in feature selection and optimization, may also benefit from the uniformity in the training data. With more homogenous input patterns, the multi-objective optimization
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process  may  more  easily  identify  dominant  features  that  are  relevant  for  vehicle  collision  detection.  This  synergy  between optimized feature selection and efficient learning could contribute to the exceptional performance observed with the 50-50 split.

In  contrast,  increasing  the  training ratio to  60-40,  70-30,  or  80-20  introduces  a  broader and  more  diverse  set  of  training tuples. While this typically  supports better generalization, in this case, the increased randomness and complexity may have challenged the model. The introduction of varied and less predictable input patterns likely required more epochs or adaptive strategies for the model to learn effectively, which may not have been adequately provided during training. Consequently, the learning rate might have decreased, and the model may have struggled to maintain low error margins. The LSTM component, sensitive to sequence continuity, could find it harder to learn consistent temporal relationships in such varied data. Similarly, NSGA-III’s optimization may  face  difficulties  identifying  consistently  dominant  features  in  a  more  heterogeneous  training  set,  leading  to  a  slight performance  drop.  Generally,  the  seemingly  anomalous  superior  performance  at  the  50-50  partition  ratio  is  likely  due  to  the reduced complexity and greater consistency in the training data, which simplified the learning process. While larger training sets are  generally  advantageous,  the  quality  and  uniformity  of  the  data matter  significantly.  These  findings  suggest that  beyond  the volume of training data, its internal structure and pattern distribution can play a critical role in model performance.

To  practically  investigate  the  unexpected  performance  anomaly  observed  with  the  50-50  data  partition  ratio,  a  deliberate adjustment was made to the original dataset, which comprised 206,775 records. Specifically, the first 77,830 data entries believed to have significantly influenced the models' performance were removed. These entries had previously formed part of the training set  across  all models  when  fine-tuning their  parameters  and  were  also  included in the  50% training  portion  under  scrutiny.  By removing  this  substantial  portion  of  the  dataset,  the  total  remaining  data  was  reduced  to  128,945  entries.  This  adjustment effectively  eliminates the  suspected repetitive  or  pattern-heavy  segments that  may  have  simplified learning  for  the  deep  LSTM and  NSGA-III  components  of  model,  potentially  explaining  the  earlier  anomaly.  The  intent  is  to  test  the  models'  performance under  more  randomized  and  possibly  more  representative  training  conditions.  This  dual-setup  will  help  determine  whether  the previously observed performance advantage under the 50-50 ratio persists, or whether it was indeed a result of the early training data structure. The results will provide clearer insights into how the nature and position of training data influence model accuracy and generalization.

Possible reasons why the dynamic LSTM outperform the baseline algorithms 

The model is a hybrid that combines a genetic algorithm (NSGA-III) with a deep learning network (Deep LSTM). This approach leverages  the  strengths  of  both  methods,  as  hybrid  models  often  outperform  individual  algorithms  in  predictive  tasks.  The evolutionary  algorithm  (NSGA-III)  is  efficient  at  exploring  the  feature  space  to  optimize  multiple  objectives,  while  the  Deep LSTM  is  well-suited  for  capturing  temporal  dependencies  in  sequential  data,  which is  ideal  for  predicting  collision likelihood. The model's ability to identify and utilize the most relevant subset of features is a key strength. It successfully reduced the number of collision detection features from 12 to 6, which not only maintained or improved performance but also significantly decreased computational  time. The  other models  either  showed  limited  improvement  with reduced  features  (like  ANN)  or,  in  the  case  of GANN,  exhibited  a  dependence  on  a  higher-dimensional  input.  The  NSGA-III  component,  through  its  multi-objective optimization, helps the model focus on the most informative data, enhancing detection accuracy. The "Deep" nature of the LSTM component is crucial. Unlike the shallow ANN, which lacks the depth to effectively capture underlying patterns, the Deep LSTM-RD model has the architectural complexity to benefit significantly from training and learn more complex patterns. The NSGA-III +  Deep  LSTM-RD  model  consistently  demonstrated  superior  precision  and  reliability  in  vehicle  collision  detection  across different data partition ratios (50-50, 60-40, 70-30, and 80-20). While other models like DRNN and GANN showed instability or no  change  in  performance  under  different  data  configurations,  the  NSGA-III  +  Deep  LSTM-RD  model  proved  to  be  the  most robust and adaptable. The model's efficient feature selection process contributes to its fast execution, maintaining a fast Average Execution  Speed  (AES)  despite  the  increased  number  of  training  epochs.  This  makes  it  particularly  suitable  for  real-time applications where computational efficiency is a primary concern. The hybridization of global search (from NSGA-III) and local search  (from  guided  refinement)  creates  a  balance  that  leverages  both  exploration  and  exploitation  in  the  feature  space.  This results in a robust and adaptable predictive model.


Implication for theory and practice  

The  study  provides  a  theoretical  basis  for  the  synergy  between  evolutionary  algorithms and  deep learning  models  for  complex, real-time  problems.  Specifically,  it  demonstrates  that  combining  NSGA-III,  a  multi-objective  genetic  algorithm,  with  a  Deep LSTM network can lead to superior performance in feature selection and predictive accuracy compared to using either algorithm in isolation. This  challenges  the reliance  on  static  LSTM  that  lack  the  ability  to  select  features  noted in  previous  literature  and validates the theoretical superiority of hybrid approaches. The paper formalizes feature selection for vehicle collision detection as a  multi-objective  optimization  problem.  The  objectives  are  to  minimize  the  number  of  selected  features  while  maximizing classification accuracy and minimizing computational time. This theoretical framing is more holistic than methods that only rely on  correlation  coefficients,  which  have  been  a  common  approach  in  existing  studies.  The  use  of  NSGA-III  to  address  these competing objectives  concurrently provides a robust theoretical model for handling similar complex optimization tasks in other domains.  The  research  introduces  a  crucial  theoretical  finding  that  challenges  the  common  assumption  that  more  training  data always  leads  to  better model  performance. The  superior results  observed  with  the 50-50  data  split,  compared to  larger training ratios (60-40, 70-30, and 80-20), suggest that the internal structure, consistency, and quality of the training data can sometimes outweigh its sheer volume. This finding has significant implications for machine learning theory, suggesting a need to re-evaluate
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how  data  is  partitioned  and  preprocessed  for  optimal  training,  moving  beyond  simple  volume-based  assumptions.  The  study reinforces the theoretical principle that a model's architectural depth is crucial for learning complex patterns. The Deep LSTM-based models consistently outperformed shallower models like the basic ANN, which showed limited improvement even with a reduced number of input features. The research theoretically attributes this underperformance to the ANN's lack of depth, which prevents it from effectively capturing underlying patterns in the expanded feature space.

The primary practical implication is the development of a more accurate and reliable predictive classifier for vehicle collisions. By using the NSGA-III + Deep LSTM + RD model, developers can create collision alarm systems that empower both human and autonomous  vehicles  to  take  preventive  action  with  higher  confidence.  The  high  accuracy  and  low  error  rates  achieved  by  the model  make  it  a  strong  candidate  for  real-world  deployment.  The  research  demonstrates  that  effective  feature  selection  can drastically reduce computational time without compromising accuracy. The NSGA-III + Deep LSTM-RD model, with its ability to reduce features from 12 to 6, showed a significant reduction in processing time and the fastest execution time (AES) compared to  other  models. This  is a  critical  factor  for  IoV  applications,  where real-time responsiveness  and low  latency  are  essential  for collision  avoidance.  The  findings  provide  a  practical  blueprint  for  IoV  data  management.  Instead  of  indiscriminately  using  all available  data,  which  can include redundant  or noisy  features,  practitioners  can  use multi-objective  feature  selection  to  identify the  most  informative  data  streams.  This  not  only  improves  model  performance  but  also  reduces  the  data  transmission  and processing load  on network  infrastructure, a  key  consideration  for  edge  computing  deployments  in  IoV.  The research provides clear  guidance  for  practitioners  on  which  model  architectures  and  feature  selection  strategies are  most  effective.  The  consistent strong  performance  of  SVM  and  Random  Forest,  particularly  when  combined  with  hybrid  optimization,  provides  a  practical starting point for engineers designing IoV-based predictive models. The study also offers insights into the importance of model depth  and  the  limitations  of  simpler  models  like  ANN  in  complex  IoV  environments.  The  practical  application  of  the  bi-directional  feature  selection  method,  integrated  within  the  NSGA  framework,  offers  a  powerful  tool  for  practitioners.  This approach  ensures  an  optimal  balance  between  adding  and  removing  features,  creating  a  more  refined  and  efficient  model  that avoids  overfitting  and  maintains  high  predictive  performance.  This  method  is  a  valuable  addition  to  the  toolkit  for  anyone working on feature engineering for real-world machine learning applications.


IV. Conclusion and Future Direction  

This study highlights the effectiveness of dynamic optimization strategies in improving the accuracy of collision detection models within vehicular environments. The research reinforces that the relevance and quality of features are more critical than the sheer volume  of  data.  The  proposed  hybrid  model,  which  integrates  a  multi-objective  optimization  technique  (NSGA-III)  with  deep learning (Deep LSTM), consistently demonstrated superior performance. By effectively identifying and utilizing a small subset of key  features such as vehicle velocity, inter-vehicle distance, and braking capability, the model not only achieved high accuracy but  also  became  more  computationally  efficient,  making  it  suitable  for  real-time  deployment  in  IoV  systems.  The  study  also revealed that while larger training datasets are generally beneficial for generalization, the internal structure and consistency of the data can significantly influence model performance, as evidenced by the unexpected superior results with a 50-50 data partition ratio. For future research, the following avenues could be explored:  Investigate the performance of the hybrid model using real-world  IoV  datasets  rather  than  simulated  data.  This  would  provide  a  more  robust  validation  of  the  model's  performance  under authentic and unpredictable traffic conditions. Explore additional hybrid models that combine other evolutionary algorithms with different  deep  learning  architectures  to  further  optimize  feature  selection  and  prediction  accuracy.  Extend  the  model  to incorporate  and  evaluate  the  impact  of  a  wider  range  of  environmental  factors,  such  as  diverse  weather  conditions  (e.g.,  fog, heavy rain) and road surface variables, which were noted as a limitation in some previous studies.
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