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Abstract 

In recent days, with the high rise in population, increase in possession of multiple vehicles in a family which 

creates heavy traffic on roadways, vehicle collision is one of the principal causes of death worldwide due to road 

accidents. Internet of vehicles (IoV) has become a salient innovation of intelligent transportation system (ITS), 

which is attracting attentions of researchers and scientists recently to assist the drivers to have a safe driving 

experience. With the tremendous opportunities in today’s autonomous world, explainable artificial intelligence 

playing a remarkable character to address the censorious facet of the IoV with a detailed explanations while 

detecting rear end collision of vehicles in IoV to have quality of services and overall safety. Previous research 

applied machine learning and deep learning algorithms for the detection of rear end collisions in IoV but have 

limitations in not using explainable artificial intelligence (xAI) techniques which would dramatically enhance the 

interpretability and performance acceptance of the IoV overall system. This paper uses LIME and Captum’s 

DeepLift attribution xAI methods to understand the inner details of the model prediction in IoV scenario. The 

IoV datasets are collected from Kaggle for the proposed research. The performance of the proposed xAI based 

machine learning approaches using several Boosting algorithms, Random Forest and Gated Recurrent Neural 

Network approaches, for rear end collision detection in IoV are measured with extensive simulations in this 

research. The experimental results show that the proposed work is accurate in detecting the rear end collision 

of vehicles in IoV environment with detailed explanations which shows its effectiveness, transparency and 

trustworthiness in improved public safety in IoV environments. 
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1. Introduction 

The internet of vehicle (IoV) engenders intelligent 

vehicles [1] exactly in the same way how the Internet 

of Things (IoT) [2] accomplish intelligence in smart 

building, smart health, Smart energy and 

transportation systems. In IoV scenario, vehicles are 

considered to be intelligent and allowed to signal 

each other through smart mobile phones or so 

wirelessly with the help of road side units [3]. There 

are four different communication networks are used 

in an IoV environment including: Vehicle-to-Vehicle 

(V2V), Vehicle-to-Road (V2R), Vehicle-to-Human 

(V2H) and Vehicle-to-Sensor (V2S) for 

communication between public networks and 

vehicles. It is also envisioned that by 2025, almost all 

types of vehicles that will be sold globally will be 

connected, either by smart-phone or through 

embedded integration technology [4].While moving 

on roadways, most of the times, either due to poor 

environmental situations, vehicle conditions, brake 

applying mechanism, and/or due to rough driving 

during lane change, overtaking etc. which overall 

affect the public welfare to a great extent [5]. It is 

observed that a large amount of around 60 %-70 % of 

total accidents are due to rear-end collision of 

vehicles where vehicle hit you from the back resulting 

heavy traffic congestion and may affect the passing 

by commuters to injuries or even to death. Most of 

the cases, rear-end collision happened by the 

teenagers or the early young mass who lack 

experiences in understanding the danger of accident 

well in advance or possibly not able to apply the 

brake in appropriate time. This may be remedied with 

proper traffic management, better road 
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infrastructure and awareness about over-speeding. 

At the same time, it is also pointed out that such 

situations can be avoided if the driver can get the 

warning sign 0.5 second to 1.5 second ahead [6]. 

Looking into this very pertinent social issue, even 

though many researches are carried out in this area, 

still IoV has not yet explored fully.   

Further, apart from enhanced road safety, in-car 

amusement, services through online cyberspace such 

as social networking, online gaming, real time traffic 

navigation system, IoV could be immensely beneficial 

in vehicle monitoring, lane monitoring, and possible 

accident identification by using 5G Communication, 

Cloud Computing and Big Data Analytic [7-8]. 

Driving the vehicle in multi-lane roadways and Lane 

Changing is a basic driving behaviour in both lateral 

and longitudinal movements under different driving 

scenarios for safe driving and to have better traffic 

safety of people and materials [9]. 

Many of the past research fail to spot the 

effectiveness of the proposed intelligent algorithms 

in comparison to traditional machine learning 

algorithms which makes it little hard to come to a 

conclusion while finding the best solution for rear-

end collision detection in IoV environment. Further, 

there are no explanations found on why to take a 

decision on the intelligent algorithms in the literature 

using Explainable Artificial Intelligent (xAI) methods. 

So, in order to alleviate those limitations, our 

research considers applying xAI methods such as: 

LIME, SHAP and Anchor Explainer for better 

explanation to the end-users to have better 

understanding of the situations at hand and take 

appropriate and efficient decisions. Intelligent 

algorithms with Random Forest, XGBoost, CatBoost 

and deep learning strategies were adopted to have a 

most accurate classifiers with better explanations, so 

that they can unveil the possible impacts of several 

impact factors such as: number of lanes, 

environmental conditions, driver condition etc. on 

detecting the rear-end collision of vehicles in IoV. 

Our research contributions are as follows. 

⚫ This may be the first work of applying 

explainable AI (xAI) techniques on rear-end collision 

detection in IoV using machine learning approaches. 

⚫ Anchor Tabular LIME and DeepLift SHAP 

Explainer used on the IoV dataset to unveil the 

hidden explanations in the dataset for better 

interpretability. 

⚫ Feature Engineering techniques using Pearson 

correlation with feature importance are applied in 

the IoV dataset to perform data visualization  

⚫ Several machine learning algorithms such as 

Random Forest, XG Boost, Cat Boost with deep 

learning based Gated Recurrent Neural Network 

(GRU) methods are employed to understand the 

most accurate the rear-end collision detection in IoV 

environment 

⚫ The performance comparison in terms of 

accuracy, Precision, Recall, F-Measure and Time 

taken to build the model amongst the classifiers is 

conducted to obtain the accurate classifier with high 

interpretability in detecting rear-end collision 

detection in IoV.  

The rest of the paper is organized as follows. Section 

2 discusses about the related research in the field of 

IoV and explainable AI. The methodologies adopted 

in this research is presented in Section 3 followed by 

the datasets used are presented in Section 4. Section 

5 illustrates the experimental set-up followed by 

experimental finding with discussions in Section6. 

Finally, we conclude with future scope of research in 

Section7. 

2. Related Research 

Nekovee and Bie [10] proposes an adaptive inter 

vehicle collision avoidance protocol by highlighting 

the usefulness of effective V2V (Vehicle-to-Vehicle) 

communication network in order to prevent rear end 

collisions effectively and in reliable manner.  

Kedareswar and Krishnamoorthy [11] develops an 

embedded intelligent system using an accelerometer 

that is interfaced to ARM Cortex M0 microcontroller 

that can alert the immediately following vehicle 

looking into the braking intensity of the vehicle 

through rear LED display and transmitting a message 

through IR communications. This way, the driver of 

immediately following vehicle gets some idea to 

either press the brake or decelerate the speed of the 

vehicle and in return the rear end collisions of the 

vehicles is avoided.  

Chiroma et al. [12] presented a survey on usefulness 

of big data analytics in IoV , convenes the possible 

research opportunities in this infant research area 

and finally proposes to use Apache Server, Cloud 

based IoV environments for data analytics.   

Razzaq et al. [13] illustrates the need of advanced 

autonomous vehicles technologies with a driver 

assistance system for collision detection and 
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prevention. In this, they uses a Fuzzy Inference 

system coupled with VOMAS agent in the NetLogo 

simulation environment and demonstrates its 

effectiveness in driving through vehicle automated 

system so that collision could be avoided to a greater 

extent.  

Aditya et al. [14] designed an efficient deep learning 

model using ResNext on GTACrash synthetic data by 

comparing the several pre-trained deep learning 

models like VGG 16, ResNet50 etc. and found that 

their approach performs well with an accuracy of 91% 

with low computational overhead.  

Teimouri and Ghatee [15] uses TOPSIS multi-criteria 

selection in a Random Forest classifier on vehicles 

trajectory data of 100 car's database from Virginia 

tech transportation institute to detect  rear-end 

vehicle collision in an IoV environment . They 

compared with the other classifiers such as Bayesian 

Networks, MLP neural network, Decision tree and 

support vector machines etc. and concludes that 

random forest classifier outperforms other classifiers 

with 88.4% accuracy in detecting driving warning 

situations and 94.7% for detecting safe situations. 

Ma, Yu and Liu [16] applies several machine learning 

model  for an increased rear-end collision probability 

(RCP) of each vehicle in an IoV framework with an 

unbalanced dataset and then concludes that Multi-

Layer Perceptron (MLP) model with Generalized 

Pareto Distribution (GPD) is the best amongst all 

other methods in minimizing the risk associated with 

freeway rear-end collision.   

Muzammel et al. [17] proposes to design an 

ensemble of two convolutional neural networks 

(CNNs) with feature descriptors to detect blind-spot 

in real-time rear end collisions of the vehicles in IoV 

scenario. Further, they use two pre-trained neural 

networks (Resnet 50 and Resnet 101) on several 

vehicle detection dataset for feature fusion and to 

improve the performance of R-CNN with a false alarm 

of approximately 3%.  

Muzahid et al. [18] performed a critical review on 

sustainable planning procedures to investigate 

multiple vehicle cooperation and collision avoidance 

(MVCCA) strategies using AI enabled conceptual 

framework in Autonomous vehicles to avoid rear-end 

collision detection with issues pertaining to actual 

implementation of driverless automated traffic 

systems.  

Choi et al. [19] proposes multiple classifier using both 

audio and video data obtained from vehicle 

dashboard cameras to detect the possibility of a car 

crash which may be useful in calling for roadside 

assistance automatically to ensure immediate rescue 

of the affected ones. 

Xin et al. [20] advocates the importance of rear-end 

collision detection in smart cities to avoid traffic 

accidents and concludes that deep convolutional 

neural network model outperforms others traditional 

methods like Honda, Berkeley and multi-layer 

perception neural-network-based algorithms in 

accurate prediction of rear-end vehicle collisions.  

Chen et al. [21] proposes Dedicated Short Range 

Communication (DSRC) method in place of previously 

used on-board sensor to reduce the rear-end 

collisions and other traffic accidents in autonomous 

cars where Monte Carlo simulation using Bayesian 

method is adopted for the effectiveness in dynamic 

road safety environments. 

Chen et al. [22] proposes Emergency steering method 

to consider vehicle lateral stability, emergency 

manoeuvre selection and Vehicle dynamics, Tire Slip 

Angle and Segal lateral force model instead of 

Emergency braking only to avoid rear-end collision in 

a Monte Carlo simulation.  

3. IoV Dataset 

The publicly available IoV dataset is collected to 

perform the experiments in rear-end collision 

detection [23-24]. Following are some of the 

procedural details of this dataset generation and 

collection in an IoV environment. In Table 1, 

parameter setting used for vehicle mobility for IoV 

simulation environment is as presented. Here, a 

simulation area of 1500meter x 1500 meter is created 

with one-way or three-way lane roads are made. 

There are three vehicle speed variations such as 

maximum speed, minimum speed and vehicle 

average speed in kmph in a freeway mobility 

environment presented. There are approximately 30 

to 180 numbers of vehicles are proposed to be on 

road for understanding the rear-end collision 

scenario. In Table 2, the features which are 

considered to be influential in rear-end collisions are 

mentioned.  There are five features considered in this 

dataset such as: (i) Human feature where Status of 

the driver, Gender and Age are considered, (ii) 

Weather condition, Level of traffic, Light situation, 

Nature of the road surface falls under nature of 
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environment, (iii) Rest of the on-road vehicles is 

represented through the Velocity and Distance 

between vehicles, (iv) The Vehicle itself feature is 

through its Braking capability, Sliding property and 

Steering etc. and finally (v) number of lanes in the 

road. The quantization of these influential factors is 

shown in Table 3. 

 

 

Table 1: IoV simulation Environment for vehicle mobility parameter selection 

Size of simulation area 1500 m X 1500 m 

Type of Lane One-way three-lanes 

Minimum speed (m/s) 50 km/h 

Normal speed (m/s) 90 km/h 

Maximum speed (m/s) 140 km/h 

Vehicle mobility model Freeway mobility 

Number of nodes (vehicles) 30 to 180 numbers 

 

Table 2: Influential Features of IoV dataset 

Feature Classes 

Human feature Status of the driver, Gender and Age 

Nature of the Environment Weather condition, Level of traffic, Light situation, Nature of the road 

surface 

Rest of the on-road vehicles Velocity, Distance between vehicles 

The Vehicle itself Braking capability, Sliding property, Steering 

Road Number of lanes 

 

Table 3: Quantization of Influential Features of rear-end vehicle collisions 

Feature    Feature status Variable/Index value 

Number of Lanes  Single, Multiple Lanes 1 is single, 2 is multiple 

Status of driver  Normal, Abnormal 1 is normal, 2 is abnormal 

Case-1: : if the vehicle is 

moving without any issue 

or passes without any 

hitches, it is considered 

normal with index value 1 

 

Case-2: When the vehicle is 

stopping due to because of 

any reason like Brake, 

Dwell, close up etc., it 

comes to a stop, so it 

returns a value 2 being 

abnormal 

Nature of the 

environment 

 Normal, Abnormal 1 is normal, 2 is abnormal 

Velocity of Vehicle  Low, normal, over 

speeding 

1 is over-speeding, 0.65 is 

normal, 0.35 is low 

Distance between vehicles  Less than 5 m, less than 

10 m, less than 20 m 

1 for less than 5 m, 0.5 for 

less than 10 m, 0 for less 

than 20 m 
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Braking capability  Available or Not available 1 for available, 0 for not 

available 

 

Case-1: The vehicle is 

moving, but  with zero 

break application, Index 

value is 0 

 

Case-2: Hard pressing of 

Break has index value of 1 

 

Case-3: While willing to 

change from one lane to 

other or already changed 

the lane, no need to apply 

break, so index value is 0 

Case-4: When there is a 

moderate break applied, 

the index value is 1 

 

Case-5: While changing the 

lane depends on the 

present road scenario, it 

may or may not apply 

break, so it is a probability 

distribution which 

ultimately returns index 

value of 1 

Collusion  Rear-end collision occurs 

or not 

1 for collision, 0 for safe 

 

4. Proposed Methodologies 

In this section, details of the machine learning and 

Explainable AI (xAI) methods used for the 

experiments are discussed.  

 

(i) Model Interpretability using xAI 

Model interpretability techniques, sometimes 

referred as Explainable AI (xAI) aim to shed light on 

the decision-making process of machine learning 

models. The Explainable AI (xAI) methods provide 

insights into the importance and influence of 

different features or components on the model's 

predictions. By using Captum and DeepLift, a deeper 

understanding of the model's behavior and the 

factors driving its decisions can be gained by the 

users. 

 

 

⚫ DeepLift Explainer 

DeepLift introduced by Shrikumar et al. [25] works by 

computing the difference between feature 

activations at the current input and a reference input. 

This difference is then propagated through the model 

to calculate feature attributions. By analyzing these 

attributions, the impact of individual features on the 

model's predictions can be identified, which might be 

beneficial for model validation, debugging, and 

building trust in AI systems. These methods help 

validate the model's behavior, identify potential 

biases or issues, and explain its predictions to 

stakeholders. In domains such as healthcare, finance, 

or autonomous driving, Image Annotation where 

interpretability is crucial, need to meet regulatory 

requirements and ensuring transparency, Deep Lift is 

found its place in decision process. 
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Overall, Captum's DeepLift attribution method 

empowers practitioners to interpret and explain the 

decision-making process of complex machine 

learning models, enabling greater trust, validation, 

and understanding of model behavior in critical 

domains. 

 

⚫ Integrated Gradients (IG) Explainer 

Integrated Gradients (IG), an Explainable AI 

technique which is popularly used in Deep neural 

Networks intends to find the correlations between 

the features of the dataset with its machine learning 

model predictions [26]. It is one of the feature 

attribution methods where an importance score is 

being assigned to each input attribute by 

approximating the integral of the gradients of the 

learned model corresponds to each input. Apart from 

understanding the feature importance, Integrated 

Gradients explainer is found useful in identifying 

skewness in the data with model’s performance. IG 

explainer has been found of immense benefits to the 

end users in terms of better explanations, ease of 

implementation, trustworthy and computationally 

efficiency. 

 

⚫ Tree SHAP Explainer 

SHAP (SHapley Additive exPlanation) is a game 

theoretic approach to explain the output of any 

machine learning model [27]. The goal of SHAP is to 

explain the prediction for any instance xᵢ as a sum of 

contributions from its individual feature values. Tree 

SHAP is a fast and exact method to estimate SHAP 

values for Decision Trees based models and 

ensembles of trees, under several different possible 

assumptions about feature dependence.   

For model specific approximations, we consider Deep 

SHAP method to improve the sample efficiency of 

model-agnostic estimations of SHAP values. In these 

model agnostic approximations, for a small number 

of inputs, low computational evaluations of the 

original model are required to obtain similar 

approximation accuracy in comparison to the other 

existing approaches such as:  LIME (Local 

Interpretable Model-Agnostic Explanations). LIME 

interprets individual model predictions based on 

locally approximating the model around a given 

prediction. LIME is a local linear explanation model 

which uses additive feature attribution method for 

simple explanations.  

The main reason of choosing xAI methods lies in 

following: (i) getting local accuracy for a better 

explanation model with (ii) missingness represents 

the features missing from the original input  do not 

have any impact on the model and then (iii) 

consistency of the model that represents even 

though the model changes then the inputs 

attribution should either increase or no change at all 

but should not decrease.  

In Deep SHAP (DeepLIFT + Shapley values) method, 

two optional assumptions such as: feature 

independence and model linearity are used for 

simple computational evaluations of the expected 

values as defined below.  

⚫ E[f(y)] is the predicted value from the base value 

when features to the current output f(x) is unknown.  

⚫ In this, S is the non-zero indexes in y’ and  S’ is 

the set of features not in set S. 

⚫ Since SHAP uses conditional probabilities to 

define simplified inputs with input mapping, ℎx(y̅) =

yS, where yS has missing values for features not in the 

set S. 

⚫ Here, fx(y’) = f(hx(y’)) = E[f(y)│yS], Since most 

models cannot handle arbitrary patterns of missing 

input values, f(yS) is approximated with E[f(y)│yS] 

For novel Deep SHAP based xAI method, the following 

properties are considered. 

⚫ For SHAP explanation model simplified input 

mapping where f(hx(y’)) = E[f(y)│yS]  

⚫ The above may be approximated expectation 

over yS̅ │yS as EyS̅ │yS
[fy] 

⚫ Feature independence can be assumed through 

EyS̅ [fy]  

⚫ Finally, assume model linearity from 

f([yS, E[yS̅]]) 

Its novel components include: (1) the identification of 

a new class of additive feature importance measures, 

and (2) theoretical results showing there is a unique 

solution in this class with a set of desirable 

properties. More details can be found from [28-29]. 

 

(ii) Machine Learning Classifiers 

⚫ Random Forest Classifier 

Random forests [30] is a very powerful ensemble 

machine learning algorithm which combines the 

predictions from several decision trees with uniform 

distribution in the forest, to obtain a result. The 

generalization error in Random Forest classifier is 

calculated as the probability of error that is predicted 
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by the classifier on a new data. As this is an ensemble 

of classifiers, this error is largely dependent on the 

correlation and strength of the individual trees in the 

forest ensemble.  This way, it becomes 

computationally efficient as it does not require data 

splitting and several predictive model retraining. 

Sometimes, randomness is imputed to minimize the 

correlation but preserving the same strength to 

obtain an improved accuracy, which makes it a clear 

choice over AdaBoost (Adaptive Boosting). Several 

other measures for which Random Forest is suitable 

for analysis are as outlined below. 

⚫ It’s robustness to deal effectively with outliers 

and noise in data. 

⚫ It’s faster than bagging or boosting, as retraining 

is not required 

⚫ It gives useful data visualization in terms of 

error, strength, correlation and variable importance. 

⚫ It’s quite simple and can easily be parallelized. 

 

⚫ XGBoost 

XGBoost (eXtreme Gradient Boosting algorithm) is an 

optimized distributed gradient boosting algorithm 

which is an extreme version of the previous gradient 

boosting algorithm [31]. As XGBoost uses 

regularization methods for its classification task, it is 

also called as a regularized form of the existing 

gradient-boosting tree algorithm. XGBoost performs 

better when both numeric and nominal data are 

present in the dataset. Since XGBoost uses ensemble 

method, it is useful in selecting the feature 

importance from selected features [32], which will 

also be useful in understanding the inner details of 

the dataset. It is efficient in terms of speed and 

scalability in comparison to existing boosted tree 

algorithm. Even though, it works well for imbalanced 

datasets, more attentions are needed to tune the 

training algorithm so as to avoid the misclassification 

rate in datasets having skewed class distribution.  

 

⚫ CatBoost 

CatBoost [33] is a categorical boosting algorithm that 

effectively deals categorical attributes in comparison 

to other machine learning algorithms. In CatBoost, 

the weight assigned to categorical features at the 

output column during training process makes it a 

most accurate classifier while dealing categorical 

attributes [34]. Apart from this, following are some of 

the key characteristics for choosing CatBoost 

classifier for analysis such as: high performance in 

terms of accuracy, automatic handling of categorical 

features, robust with no extensive hyper-parameter 

tuning, more generalized classifier with low chance of 

overfitting and more importantly it is user friendly. 

Furthermore, it presents low computational 

complexity of O (XT), where X is the number of 

subsets permutations and T denotes the number of 

base decision tree models. Finally, since CatBoost 

performs in a permutation-driven approach where it 

trains the model on a subset of data while calculating 

residuals on another subset, it prevents target 

leakage and overfitting, which makes it a promising 

ML algorithms in real life scenarios. A comparative 

study of several boosting algorithms with Random 

Forest is presented in Table 4.  

 

Table 4: Difference amongst Boosting and Bagging Algorithms 

    Algorithms 

Gradient 

Boosting 

AdaBoost   

      

     XGBoost   

      CatBoost       

Random Forest 

Year    1999     1998     2014    2017  2006 

Handling Categorical 

Variables 

Pre-

processing 

required 

No No 

Automaticall

y handles 

categorical 

variables  

No 

Speed/Scalability Moderate Fast   Fast  Moderate Fast/better 



 
 
 

566 

Journal of Harbin Engineering University 

ISSN: 1006-7043 

Vol 44 No.12 

December 2023 

    Algorithms 

Gradient 

Boosting 

AdaBoost   

      

     XGBoost   

      CatBoost       

Random Forest 

Memory Usage Moderate  Low  Moderate High  High 

Regularization NO  No Yes Yes Yes 

Parallel Processing 

No No  

Parallel in 

node building 

within each 

tree 

Yes 

Yes 

GPU Support No No Yes Yes Yes 

Feature Importance Available  Available Available Available available 

 

 

From the Table 4, it is quite clear that XGBoost and 

CatBoost are the best ones in comparison to Gradient 

Boosting and AdaBoost algorithms for their GPU 

support, regularization and parallel processing 

capabilities. At the same time, while comparing 

XGBoost and CatBoost  with Random Forest, a 

bagging classifier, it seems they are quite similar as 

both are tree based learners but different in terms of 

algorithm and architectural point of view, which in 

turn have some effect on their performances in 

classification. While regularization and GPU support 

is possible in all the three models, numeric to 

categorical data conversion is needed in XG Boost 

and Random Forest as a pre-processing task. While 

CatBoost and random Forest are parallelize the 

overall ensemble model after building trees, XG 

Boost is a sequential model, but it parallelizes the 

node building within each tree to generate a faster 

tree. It is also noticed from Table 1 that all the three 

algorithms XG Boost, Cat Boost and Random Forest 

uses multiple CPU/ GPU support during their training 

and we need to set proper hyper-parameter setting 

in all of them to understand the training speed, they 

all perform equally with no practical significant of one 

over the other. Sometimes, it is seen that hyper-

parameter tuning in XGBoost and Cat Boost are little 

bit complex than that of Random Forest, which makes 

random forest a little edge over the others. While 

considering the classification accuracy comparison, 

Random Forest is considered as one of the fastest 

classifier in comparison to the other at the cost of 

overfitting, but over-fitting may be taken care of by 

cleaning the data through efficient pre-processing 

techniques. However, smaller tree creation 

depending upon the node’s similarity score ( i.e. it 

does not create the tree to the full depth) in case of 

XGBoost helps it to overcome the over-fitting issue 

and present it as a suitable classifier in real life 

scenario.  In case of CatBoost algorithms, they build 

symmetric or balanced trees unlike XGBoost, and 

using early stopping criteria, CatBoost can stop 

building further trees once over fitting occurs. 

 

(iii) Deep Learning Models 

In this section, deep learning based Gated Recurrent 

Neural Network Model (GRU) is discussed. 

⚫ Gated Recurrent Neural Network Model (GRU) 

A Gated Recurrent Neural Network Model (GRU) 

model is an extension of traditional recurrent neural 

network (RNN) model such as simple Long Short-

Term Memory (LSTM) networks proposed by Cho et 

al. in 2014 [35] to process sequential data with 

improved memory requirements and classification 

accuracy. GRU model vanish the gradient 

vanishing/exploding problems that occurs in 
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traditional RNN model, making it a good choice and a 

comparable one to that of Random Forest classifier. 

The GRU model uses two gating mechanism such as 

the Reset gate and the update gate to update the 

hidden state of the neural network each time in order 

to control the information inflow and outflow in the 

neural network.   In this information flow, where the 

reset gate throws the number of past hidden state 

that are to be forgotten, the update gate calculate 

the number of new input that are required to update 

the hidden state and then finally, the output of the 

GRU model is found based on the updated hidden 

state. A GRU model is presented in Figure 1 [36].The 

procedures adopted in creating a GRU model are 

outlined below.  

 
Figure 1. Structure of a GRU model 

 

As shown in Figure 1, the basic structure of a Gated 

Recurrent Unit (GRU) contains multiple neurons in 

the input layer (X1, X2…), where the number of such 

input neurons is same as the size of the input feature 

space and the number of output neurons ( P(y=0|x) 

or P(y=0|x) etc.) corresponds to the outer feature 

space. Here, the GRU model contains fully connected 

layers followed by a ReLU activation function. The 

output of the model is passed through a softmax 

activation to obtain probabilities. The forward 

method specifies the forward pass of the model. The 

main function of the GRU model lies in the hidden 

layer containing memory cells which is shown in 

Figure 2 [38]. From Figure 2, it can be seen that there 

are two gates Reset Gate and Update gate in the 

memory cell which are responsible for cell’s status 

change and maintenance.  

 
Figure 2: GRU memory cell structure 

 

In this Figure 2, rt and Ut are represented as reset 

gate and update gate whereas Xt and ht-1 are the 

input neurons and the output value of the memory 

cell from previous step. Further, the switch shown as 

reset gate is open when ht-1 doesnot have any 

impact on the input sequence of neurons Xt, 

otherwise the reset gate is closed indicating that ht-1 

has some affect on the current input neuron 

sequence Xt. At the same time, the purpose of the 

update gate switch is used to check whether there is 

an update on input is needed or we can ignore the 

input sequence Xt. Accordingly, the update gate 

switch is short circuited or closed making an open 

connection with input but a connection between ht 

and ht-1. This way the gradient propagates in a 

reverse way solving the gradient vanishing problem 

effectively. It is to be noted here that, both reset gate 

and update gate uses sigmoid function as their 

activation function. The GRU model process the input 

sequence element wise and finally deliver the output 

once the last element from the input sequence is 

successfully processed. The weight and bias update 

of GRU model is exactly similar to that of 

conventional feed forward artificial neural network 

structure. Here, Cross-Entropy Loss function is used 

for multi-class classification tasks with ADAM 

optimizer with a learning rate of 0.01. In this 

methodology, Integrated Gradients attribution 

method is used to create instances of the model for 

training which helps in adding the attributing feature 

importance to the model's predictions. 

 

5. System Modeling and Experiments 

Experimental setup: 

The experimental setup for the proposed research is 

shown in Figure 3. In this, it can be seen that Input 

Internet of Vehicles (IoV) dataset collected from 

Kaggle to detect rear end vehicle collision detection 

is applied to the machine learning and deep learning 

classifier for its performance. The dataset is divided 

into 80% training and the rest 20% for testing 

purposes. Next, suitable xAI methods such as 

DeepLift SHAP and Anchor Tabular LIME explainers 

are used to obtain the hidden explainations about the 

prediction output obtained from the classifier model. 

These explanations are useful in understanding the 

details about how the classifiers took the decision, so 
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as to build a transparent, interpretable and 

trustworthy model accepted by the users. 

The deep learning algorithm architectures were 

implemented on Google Colab (Colaboratory, 2023) 

using Python libraries, particularly Keras and Tensor-

flow. The descriptive statistics along with feature 

correlations are also presented. Explainable AI using 

DeepLift SHAP is used to understand the 

interpretability of decision taken. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3: Proposed Experimental Framework 

 

The correlations and feature importance are 

presented to get more inner details of the data for 

making better and transparent predictions. The 

experimental results of the propose Gradient 

Boosting, Random Forest and GRU deep learning 

model were compared with the other existing 

algorithms. The algorithms were run several times. 

The simulation performance of the algorithms was 

measured based on accuracy, precision, recall, F-

measure and time taken to build the model.  

6. Results and Discussions 

In this section, model explanations using DeepLift 

explainable AI (xAI) techniques are discussed. The 

results obtained DeepLift explainable AI is shown in 

Figure 4, where the impact of the six features (i.e. 

status of driver, Number of Lanes, Distance between 

vehicles etc.) on model output prediction whether 

collision occurs or not are shown through mean 

Shapley values. At the same time, the importance of 

these features on model performance are shown 

Like: while Status of driver has maximum feature 

importance of approx. of 50.54%, velocity of vehicle 

has the lowest importance with approximately 1 %,  

 

 

 

while predicting the possible  vehicle collision in IoV 

scenario. The Pearson Feature Correlation amongst 

several IoV features using DeepLift SHAP is shown in 

Table 5 and the same is also shown in Figure 5. From 

Figure 4, one can observe that all the features equally 

contributing to both the class (Class 0 for no collision 

and Class 1 are for collision occurred) as red and blue 

are evenly present in all the features. Further, Status 

of driver is having highest significance in the IoV 

based collision detection followed by number of 

lanes and distance between vehicles. The velocity of 

the vehicle has the lowest significance in detection 

collisions in an IoV environment. 

Another way to represent the feature importance 

map is shown in Figure 6 using the DeepLift SHAP 

explainer, with its SHAP values. Here, the red dot 

indicates more significance in comparison to blue 

dot. For Status of Driver, more red dots in positive x-

axis implies positive impact on the model predictions, 

whereas the blue dots in positive x- axis shows the 

low feature importance in vehicle collision detection. 

At the same time, blue dots in the left side of x-axis 

have no feature importance in detecting the vehicle 

collision. 

 

Task 

Input IoV 

Dataset 

Machine 

Learning and 

Deep Learning 

Classifier  

Explainable 

Model and 

Explainations 

Interface 

Decisions 

by User 

Explanations 

Received 

• Understood Why 

• Alternative found 

• Understood 

about success 

• Understood why 

to  trust 

• Understood  

cause of errorrors  
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Figure 4: Explainable AI with DeepLift SHAP method for determining variable of importance 

 

Table 5: Pearson Feature Correlation amongst several IoV features using DeepLift SHAP 

 Number 

of Lanes  

Status 

of 

driver  

Nature of 

environment  

Velocity 

of 

vehicle  

Distance 

between 

vehicles  

Breaking 

capability  

Collusion 

Number of 

Lanes  

1.00  0.11  0.03  0.11  0.24  -0.02  0.51  

Status of 

driver  

0.11  1.00  -0.15  -0.48  0.50  0.12  0.67  

Nature of 

environment  

0.03  -0.15  1.00  0.10  0.14  -0.14  0.14  

Velocity of 

vehicle  

0.11  -0.48  0.10  1.00  -0.37  -0.08  -0.26  

Distance 

between 

vehicles  

0.24  0.50  0.14  -0.37  1.00  -0.11  0.54  

Breaking 

capability  

-0.02  0.12  -0.14  -0.08  -0.11  1.00  0.25  

Collusion  0.51  0.67  0.14  -0.26  0.54  0.25  1.00  

 

 

Figure 5: Pearson Feature correlation amongst all features in IoV dataset 
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Figure 6: Summary Plot with SHAPley values for Random Forest model output 

 

Accordingly, DeepLift SHAP applied to CatBoost, Light 

GBM and XGBoost classifiers and the obtained results 

are shown in Figure 7, Figure 8 and Figure 9 

respectively. Next, the xAI using LIME (Local 

Interpretable Model-agnostic Explanations) anchor 

tabular explainer is used in all the classifiers to 

understand their impact on the respective models 

prediction. Figure 10 shows the interpretation of 

Random Forest classifier’s prediction using LIME 

explainer. Now, we used LIME as local interpretable 

xAI method to understand the explanability of the 

prediction model outcome and feature relevance 

analysis. In this, two class level with value 1 and 0 are 

represented as whether vehicle collision occurs or 

not respectively. Only one sample from testing 

dataset is used for explanations. Next, LIME is used to 

show the explanations for the model developed using 

Random Forest algorithm on the IoV dataset and the 

results obtained are presented in Figure 10. Figure 10 

reveals that  when the driver is driving in a normal 

state in a two lane road with the minimum distance 

between the vehicles are 20 meter, nature of 

environment is normal even though the driver drives 

the vehicle at an over speed condition , the random 

forest classifier predicts the rear-end vehicle collision 

100% accurately with following explanations: no 

collision (0.00), normal status of driver (1), distance 

between vehicle (0), normal environment (1), 

number of lanes (2) and moderate vehicle speed (1) 

in comparison to their respective thresholds as 

mentioned left side of the detailed feature values.  

Similarly, all other classifiers such as Light GBM, XG 

Boost and Cat Boost uses LIME tabular explanations 

for better explanations to the model predictions 

which are shown in Figure 11, Figure 12 and Figure 13 

respectively.  

From all the above discussions using DeepLift Shap 

and LIME xAI methods, it is observed that Random 

forest is the best choice classifier in comparison to 

boosting model (i.e. XG Boost, CatBoost and Linear 

GBM) with better explanations and accurately 

prediction of the rear end vehicle collision detection 

in an IoV environment. 

Next, simulations are conducted to compare the 

prediction performance of Random Forest Classifiers 

with Deep Neural network models such as: GRU, RNN 

and LSTM models. The comparison of these models 

based on the experimental results obtained is shown 

in Table 6. 

 
Figure 7: Summary Plot of SHAP value showing its impact on CatBoost model 
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Figure 8: Summary Plot of SHAP value showing its impact on Light GBM model 

 

 
Figure 9: Summary Plot of SHAP value showing its impact on XGBoost model 

 

 
Figure 10: Interpretation of Random Forest classifier’s prediction using LIME 
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Figure 11: Interpretation of Light GBM classifier’s prediction using LIME 

 

 
Figure 12: Interpretation of XG Boost classifier’s prediction using LIME 

 
Figure 13: Interpretation of CatBoost classifier’s prediction using LIME 
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Table 6: Comparison of Random Forest with GRU based deep learning Models 

Comparison of Classifiers 

precision recall F1-score  Model Building 

time in Seconds 

GRU  RF GRU  RF GRU  RF GRU RF 

Class-0, No Collision 1.00 
1.00 

1.00 
1.00 

1.00 
1.00 312.57 37.25 

Class-1, Collision 1.00 1.00 1.00 1.00 1.00 1.00 

accuracy ---- ---- 
1.00 1.00 

1.00 
1.00 

macro avg 1.00 1.00 1.00 1.00 1.00 1.00 

weighted avg 1.00 1.00 1.00 1.00 1.00 1.00 

 

From Table 6, it is clear that Random Forest classifier 

and GRU based deep learning method performs 

equally well in terms of accuracy, precision, recall and 

f-measures, which is quite interesting, but random 

forest is little faster in building the model taking only 

37.25 seconds in comparison to 312.57 seconds by 

GRU deep learning model. However, more simulation 

experiments might be needed to observe their 

performances in a more complex environment.   

 

7. Conclusions and Future Scope 

This research discusses the applicability of 

explainable AI with several types of explanations with 

example in an IoV environment. Further, xAI 

framework with Deep SHAP and LIME are used for 

post-hoc interpretation of the black box AI model to 

enhance the understanding of the predicted model 

for more transparency and acceptance. Bagging and 

boosting tree models are used on a publicly available 

IoV dataset for prediction of the rear end vehicle 

collision detection. Feature significance and 

dependence plots for SHAP as a global 

interpretability method along with LIME, as a local 

interpretability method are discussed, which added 

more insights to the decision making process. Several 

Recurrent neural network variants such as GRU, RNN 

and LSTM models are also used for accurate 

detection of rear end collision of vehicles in an IoV 

environment which were then compared with the 

Random Forest classifier. It is observed through 

simulations that Random Forest outperform all the 

Boosting classifier with better interpretability and at 

par with the most recent GRU based deep neural 

network model. In future, the aim is to explore 

further possibilities in a more complex IoV 

environment with better xAI methods for better 

predictability, explainability and trustworthiness of 

the machine learning and deep learning models.  
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