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Abstract—Driving assistance systems (DAS) are responsible for enhancing the on-road driver 
experience in terms of lane safety, speed monitoring/control, drowsiness detection, vehicle to 
vehicle communication for incident alerts, etc. Each of these systems requires large amounts of 
input temporal data that is processed via machine learning algorithms. For instance, lane safety 
systems use a combination of image and depth data to analyze whether vehicles are following 
lane-rules or not. For this analysis, algorithms like convolutional neural networks (CNN), 
support vector machines (SVMs), and etc. is used. Each of these input-to-algorithm 
combinations has different advantages and nuances for each application. Thus, it is very 
difficult for system designers to identify best practices to evaluate and select these algorithms. 
In order to simplify selection of these algorithms for given systems, this text evaluates different 
recently proposed & highly efficient systems for each of these applications. This will assist 
researchers and system designers to select application-algorithm pairs for deploying highly 
efficient and customized driving assistance systems. The text also suggests various optimizations 
that can be done in these algorithms to further improve their performance when deployed in 
new or existing real-time systems.  
 
Index Terms— Driving assistance, on-road, machine learning, lane, speed, control. 

I. INTRODUCTION 

Driving assistance includes a multitude of driver-related operations which include [1], but are not limited to, 
speed monitoring/control, drowsiness detection, lane detection/correction, driver-to-driver communications, 
parking assistance, etc. In order to perform these operations a series of steps are followed by system designers, 
these steps can be observed from figure 1, wherein the following blocks are used, 
 Acquisition or sensing block, wherein data from different sources is collected. This block includes sensors 

like Camera, Radar, Infra-red camera, global positioning systems, vehicle to vehicle (V2V) and vehicle to 
infrastructure (V2I or V2X) communication systems.  

 All these sensing elements are responsible for effective data reading and keeping it pre-processed for further 
processing. 

 Data processing block, wherein data from acquisition block is taken and processed using systems like 
computer vision, radar processors, infra-red processors, V2V and V2X processors. This data processing 
requires a large number of algorithms, which include but are not limited to, 

o Data clustering algorithms for segregation of data 
o Classification algorithms for finding out different data patterns 
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 Data analysis and inference blocks are different from data processing block. In this block, different data 
analysis operations like prediction, fusion, decision making, etc. are performed. Algorithms like CNN, 
Naïve Bayes, etc. are used in this block. 

 Action & actuation block is the last block for any DAS architecture. In this block all the corrective and 
preventive measures for braking, throttling, steering, alerting, etc. take place. This block is also responsible 
for display of various intra and inter-vehicle parameters. 

In order to design any DAS architecture, optimized design of these blocks as per driver requirements [2] is of 
utmost importance. Different algorithms have been suggested over the years for efficient design of individual 
blocks. The next section describes a survey of these blocks, which is followed by their statistical analysis. 
Finally, this text concludes with some acute observations about these algorithms and recommends ways to 
improve their performance.  

 
Figure 1.   A sample DAS architecture 

II. LITERATURE REVIEW 

Effective driver assistance systems require implementation of efficient and accurate algorithms for different sub-
DAS modules. The work in [3] proposes the use of recursive convolutional neural network (R-CNN) for 
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effective object & lane detection, and using this data it also proposes architecture for effective collision 
prevention. It uses the following steps in order to integrate both the systems, 
 Visual data for vehicles is extracted and processed using a canny edge detector & Hough transform for lane 

detection. The visual data is also used for object detection using a recursive CNN model. 
 If lane deviation is detected, then the breaks are applied and vehicle is actuated to slow down to avoid 

collisions 
 If object is detected, then distance analysis between the detected objects is done, and based on this the 

chances of collision are evaluated. In case there is any chance of collision, then the vehicle is alerted to slow 
down or stop depending upon the distance evaluated. 

 If the vehicle is inactive, then detection is stopped, else the entire detection process is repeated 
Due to the usage of R-CNN with Hough transform the overall collision avoidance accuracy is 98% on video 
datasets, which is very high. But the system is tested on a limited dataset of images and videos, thus extensive 
evaluation of the system must be done in order to predict is real-time performance. This accuracy can be further 
tuned for real-time usage with the help of random sample consensus (RANSAC) algorithm observed in [4], 
wherein RANSAC and CNN are combined for effective lane and collision detection. RANSAC allows for high 
accuracy edge-based lane detection. The output of this lane detection system is given to a CNN layer, from 
where the final lane probability is evaluated. Architecture for the proposed CNN can be observed from figure 2, 
wherein different convolutional (C) and Soft-max (S) layers are combined with a fully connected multi-layered 
perceptron to get the lane detection results. Due to this combination the accuracy of real-time lane & collision 
detection is improved to about 93%, which is lower than [3], but the mentioned accuracy is for real-time use-
cases instead of dataset-based use-cases as given in [3]. This makes the system more reliable and readily 
deployable. Even though the accuracy of lane & collision detection is very high, these algorithms require large 
computational power, due to which they are not energy efficient. The work in [5] suggests offloading complex 
computations to the local edge node in order to improve its overall efficiency. The system uses double layer 
network which has the ability of transfer learning in order to adaptively learn from current and previous images. 
The system produces the following accuracy values, 
 Lane detection under Insufficient light: 96.6%, which is 4% higher than VGG-FCN, SCNN, U-Net and 

Traditional CNN 
 Under Shadow occlusion conditions: 97.85% which is 5% higher than other compared techniques 
 Lane detection where there are missing lane lines: 95.88% which is 7% better than other methods 
 For Curve lane line: 94.1% which is 6% better 
 For normal road: 97.57% which is around 6% better than other methods 
Due to the cloud-computing nature of this algorithm it can adapt to better, faster and more efficient algorithms 
for lane detection and collision prevention. This adoption can assist in extracting accurate lane information under 
soil hid, tree shadow and street light conditions. An architecture of CNN which works under these conditions can 
be observed from [6], wherein a pipeline of CNN with Hough transform & Kanade–Lucas–Tomasi (KLT) 
algorithm. Due to this pipeline the accuracy of lane detection is 98%, which is more than combinations of 
Guassian filter + Hough transform (89%), Maximally stable extremal regions + Hough transform (93%), Hue 
Saturation Value – Region of Interest + Hough transform (95%), simple CNN (96%), and Improved Lane 
Detection + Hough transform (97%). The architecture of this pipelined methodology can be observed from 
figure 3, wherein CNN, Lane detection and Lane tracing operations are showcased in details. 
Detection of lane is often followed by lane-change detection. This assists in evaluating driving patterns and 
thereby assisting drivers to drive more carefully. The work in [7] proposes a light detection and ranging 
(LiDAR) based deep learning algorithm for lane change detection. It also uses inertial measurement unit (IMU) 
data like Force on brake pedal, Force on gas pedal, Velocity, angle of steering, Longitudinal & lateral 
acceleration for detection of lane change behaviour. The system then combines this data with image data using a 
27 layered CNN which is a combination of convolutional, max pooling, and average pooling layers for obtaining 
a highly accurate lane change detection system. In order to combine the data from IMU and image frames, a 
concatenation-based architecture is devised. This architecture uses an average pooling layer for frame 
processing, and a linear classification layer for IMU processing. Data from both these layers is given to a fully 
convolutional layer, which is followed by a soft-max layer for final feature extraction. Due to a combination of 
these layers, it is possible to learn from both image data and vehicle statistical data.it is observed that only IMU 
data can provide an accuracy of 55% for lane detection, which is improved to 90% when IMU data is combined 
with LiDAR imaging data. This accuracy can be further improved using RNN and LSTM based networks. From 
these  reviews  it  can  be  observed  that  CNN, RNN and its variants are capable of detecting lanes and avoiding  
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Figure 2. Combination of RANSAC with CNN for effective lane detection [4] 

lane-based accidents with very high accuracy. Driving assistance systems can also be enhanced via detection of 
driver’s physical conditions. The work in [8] proposes a novel driver drowsiness detection system using 
smartphones. This system utilizes 3D neural networks (3DNNs) for improving the accuracy of drowsiness 
detection. It uses the standard driver drowsiness detection dataset [8] for neural network training. Once the 
network is trained, then the system is tested on various scenarios including, No Glasses, Glasses, Sunglasses, 
Night time with No Glasses and Night time with Glasses. An accuracy of 75% is achieved under these complex 
scenarios, which indicates that the system will be able to detect correct driver drowsiness in 3 out of 4 frames, 
which is sufficient for real-time road scenarios. This 3D Neural Network (NN) system uses the following 
architecture for processing any input frame, 

 Initially a 224*224*10*1 convolutional 3D layer is instantiated to process raw input frames 
 This is followed by a bottleneck 3D layer of size 112*112*5*48 
 These dimensions are reduced to 112*112*1*24 using a squeeze layer 
 Then a series of 6 bottleneck layers is used to reduce this to 7*7*224 size 
 Finally, a convolutional 2D layer, followed by an average pooling and another convolutional 2D layer is 

used for reducing feature dimensions to 1*1*1280 
This architecture can be further optimized using LSTM, RNN and Transfer learning, which can help in real-time 
accuracy improvement. Other techniques for improving accuracy of drowsiness detection systems can be 
observed from [9], wherein different classifiers like CNN, support vector machines (SVM), Naïve Bayes, 
Random Forest (RF), etc. and different driver features like Steering wheel movement, Deviation & Lane 
position, Speed & Acceleration, Eye movement, Face expression and Head position are considered for 
improving drowsiness detection accuracy. The research also suggests usage of Physiological Signals like Brain 
activity (that includes electroencephalography (EEG) and Near Infrared Spectroscopy (NIS)), Ocular activity 
which is measured using electrooculography (EOG), Muscle Tone via electromyography (EMG), Cardiac 
activity using electrocardiography (ECG) and Blood Pressure levels, Respiration patterns using respiratory effort 
analysis, Nasal airflow, oral airflow, Blood gas levels, and snoring noise levels, Gastro intestinal parameters, 
Electro   dermal   activity   which   is   measured   using   galvanic   skin  response,  through  skin  resistance  and  
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Figure 3. Pipelined architecture for lane detection [6] 

conductance, core body temperature, etc. These are intrusive techniques, and thus cannot be used in real-time 
cases because normal people won’t wear them during driving. This is due to the fact that these sensors require 
additional effort of wearing, calibration, interfacing, and/or synchronization during driving. Data from one or 
more of these sensors can be fused in order to obtain a highly effective drowsiness detection system. The work in 
[10] proposes a novel weight-based data fusion algorithm for accurate detection of drowsiness under real-time 
and lab-based conditions. 
Effectiveness of the data collected from lane detection, drowsiness detection and other DAS modules can be 
further improved if this data is efficiently communicated to other vehicles. This communication can help other 
vehicles to take accident preventive actions and for better driving experience. The work in [11] proposes a multi-
channel wave-based vehicle to everything (V2X) communication interface. This interface is based on the IEEE-
WAVE standard and uses dedicated short-range communication (DSRC) for improved communication 
performance. Due to use of these layers an improvement of 15% is obtained in overall throughput of the system. 
This performance can be further enhanced with the help of machine learning models. The work in [12] suggests 
use of Generative adversarial networks (GAN) for improved communication, object detection and lane detection 
performance. This study is further enhanced using the research in [13], wherein different Vehicle Detection 
Systems are reviewed for better DAS performance. The work suggests other avenues like Traffic Sign 
Recognition and Aerial Vehicle Detection along with standard DAS modules to generate a highly effective 
system. While all these systems are based on enhancing application-level performance, the work in [14] proposes 
a E/E architecture which can improve overall performance of DAS via accurately modelling electronics 
hardware, network communications, software applications, and wiring in these systems. An efficiency 
improvement of 15% is achieved with the help of these E/E systems.  
Due to the incorporation of E/E systems, faster and real-time signal processing is possible. The work in [15] 
suggests that audio-data inside the vehicle can be analysed using E/E with Random Forest and SVM classifiers 
for improving emotion recognition accuracy of the system. Via this emotion recognition module, driving 
assistance can be improved, in the following cases, 

 Slowing down the vehicle in case the driver is angry or frustrated 
 Speeding up vehicle if the driver is anxious 
 Moderating the speed in case the driver is singing or excited 

Based on this analysis, the work in [15] suggests that there is a 10% improvement in the overall driving 
behaviour of users. This information can be helpful while detecting vehicle context as suggested by [16], 
wherein context is only decided by relative positions of vehicles w.r.t. the host vehicle. The current context 
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information as observed from figure 4, can be enhanced via addition of driver emotion to further understand and 
predict its future performance. 
The context-based information can also be used for detection of lane-change [17] and drowsiness [18] detection 
behaviour. Both these concepts use the context as follows, 

 
Figure 4. Position-based context for improving communication performance [16] 

 Depending upon user emotion, vehicle position and speed, the next position of the vehicle can be 
predicted. This position can determine whether the driver is going to cross the lane or not 

 Drivers who are sad, depressed and are not following proper contexts can be predicted to go into 
drowsy state with a higher probability than those who are happy, excited and are following proper 
context rules Using these directives, the work in [17] and [18] can be combined with emotion-based 
context for a better driver assistance system.  

Structural analysis of lanes can be done in order to further improve the accuracy of lane detection. The work in 
[19] proposes a CNN based method for structural analysis of lanes and then identifying whether lanes are present 
or not. Architecture for such a system can be observed from figure 5, wherein a fully connected CNN is used 
along with lane structural information to identify lane presence. The results of lane detection are evaluated on 
different datasets like Caltech, Beijing, etc. and an accuracy of 99% is achieved using the proposed CNN 
architecture. This accuracy holds true even under day, night, expressway, urban roads, straight lanes, curved 
lanes, changing lanes, turn lanes and road writing conditions. Thus, this makes the system effective for real-time 
usage on different kinds of roads.  
With the help of these algorithms, an autonomous driving system can be designed. This system allows 
integration of various DAS architectures in order to form an efficient and highly effective driving management 
system. The work in [20] proposes a CNN–LSTM-based architecture which includes, 

 A Baseline CNN with Fully Connected Network (FCN) for initial classification of driver lanes 
 Inception + FCN based network for improving lane detection accuracy along with object detection 
 ResNet-50 + FCN as an extension to Inception-network for adding statistical and physiological 

parameters to the system 
 Inception + LSTM + FCN for further improving real-time performance 
 ResNet-50 + LSTM + FCN which is the final architecture involving all the previous layers, which 

allows for data fusion, decision analysis, drowsiness detection, lane detection, etc. 
Such autonomous systems are capable of improving the efficiency of DAS to 98% with real-time conditions. 
This efficiency can be further enhanced by using improved vehicle detection algorithms for collision prevention. 
The work in [21] uses RBF (radial basis function) Neural Network for identification of tail-light pairs of vehicles 
with 97% accuracy. In order to perform this task, the following steps are followed, 

 Image sequence is given to edge detection for finding presence of vehicle 
 Composite features are extracted using vehicle’s bottom shadow and tail-lights 
 From these features, region of interest (ROI) is determined for the candidate vehicle region 
 The ROI features are given to the RBF Neural Network to get the final trained network 
 Any new image is given to this network to obtain the final recognition result 
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Figure 5. Lane detection based on lane structural analysis [19] 

A flow of this process can be observed from figure 6, wherein RBF training and testing steps are seen in details. 

 
Figure 6. RBF based vehicle detection [21] 
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Along with vehicle detection, driving control methods are also important. The work in [22] suggests a EEG-
based Recursive NN based Transfer & Deep Learning (TDL) method for improved driving control. As observed 
previously, usage of EEG for normal vehicles is infeasible, but using EEG with high cost and high maintenance 
vehicles can be done. Due to this, the work in [22] suggests the use of EEG for Tractor control. The method uses 
principal component analysis (PCA) for acceleration, brake, left turn and right turn operation automation. The 
system learns from car driving patterns, and uses this information to train the tractor-based neural network via 
transfer learning. A description of this approach can be observed from figure 7, wherein the transfer learning 
approach is seen to be working in detail. Due to the combination of PCA with Recursive NN and TDL an 
accuracy of 94% is achieved, which is low considering that these systems are applied for high-cost vehicles. 
Therefore, the accuracy must be improved with the help of better deep learning algorithms like Q-Learning, 
recurrent NNs, LSTM-based CNNs, etc. as described in [23] which tend to reduce error for accuracy 
improvement.  Efficient DAS architectures can also be improved via identification of traffic zones. The work in 
[24] suggests use of Colour Recognition, Size and Distance Calculation, Noise Filtering and Target Marking for 
classification of red, green and blue traffic zones (referred as cones) with almost 94% accuracy. This work can 
be combined with [23] to further facilitate zone-based traffic detection, and its accuracy can be improved using 
Maximum Entropy Deep Inverse Reinforcement Learning as suggested in [24]. This algorithm is applied to car-
following behaviour prediction, but can be used for any other classification-based use case. Average accuracy of 
98% is achieved using this system, which is high enough to be used for any kind of DAS module. Other areas in 
which systems like these can be applied are observed from [25], wherein algorithms like SVM, CNN, extreme 
learning machine (ELM), Adaboost, etc. are applied for DAS applications like lane detection, vehicle 
classification, driving style prediction, pedestrian detection, etc. In this review, CNN-based methods have 
highest accuracy in the range of 96% to 99% for multiple application types. 

 
Figure 7. Transfer learning approach to improve accuracy of DAS [22] 
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Other methods like model predictive control (MPC) [27], kinetic theory [28], man-machine cooperative control 
based on electric power steering & electronic stability program [29] learning-based model predictive control [30] 
are also discussed by researchers. These methods provide accuracies in the range of 80% to 90%, and therefore 
are not effective for real-time use cases. Researchers have also proposed methods like infrastructure-based 
vehicle monitoring using linear classifiers [31], dynamic boundary extension decision-based vehicle control [32], 
Internet of Vehicles (IoV) powered image and command model with speech recognition and image processing 
[33] for enhancing vehicle control. These systems are also able to perform vehicle control operations with up to 
90% accuracy, which can be improved by previously discussed LSTM and CNN-based systems. It is observed 
from [34] that with the use of CNN-based DAS modules for automatic driving systems, the efficiency of driving 
assistance is improved to 97% which makes these algorithms applicable for real-time usage. But before applying 
these systems for real-time usage, it is recommended that effective testing methodologies must be applied. The 
work in [35] suggests use of simulation environments like SUMO for initially testing these systems, and then 
deploying them for real-time use cases. Upon deployment, it is recommended that the personal health of driver 
should be monitored by drowsiness detection systems which are discussed previously.  

III. STATISTICAL ANALYSIS 

In order to evaluate the performance of DAS modules, this section separates each of the proposed systems as per 
their application areas and compares their performance in terms of their accuracy to perform that task. The 
following figure 1 reflects this analysis, wherein distinction is made as per method name, DAS module in which 
this particular method is applied, its application area which indicates the application for which this module is 
most suitable and finally its statistical performance accuracy, which indicates the effectiveness of using this 
module for the given application. 

TABLE I. PERFORMANCE COMPARISON OF DAS MODULES 
Method DAS module Application area Accuracy (%) 
R-CNN [3] Lane detection & collision 

avoidance 
Urban traffic & static CCTV footage 98 

RAN-SAC with CNN [4] Lane detection Real time traffic 93 
Cloud CNN [5] Lane detection Insufficient light conditions 97 
Cloud CNN [5] Lane detection Shadow occlusion conditions 98 
Cloud CNN [5] Lane detection Missing lane lines conditions 96 
Cloud CNN [5] Lane detection Curve lane line conditions 94 
Cloud CNN [5] Lane detection Normal roads 98 
CNN with KLT [6] Lane detection and control Urban traffic 97 
Guassian filter + Hough 
transform [6] 

Lane detection and control Urban traffic 89 

Maximally stable extrenal 
regions + Hough transform [6] 

Lane detection and control Urban traffic 93 

Hue Saturation Value – Region 
of Interest + Hough transform 
[6] 

Lane detection and control Urban traffic 95 

Simple CNN [6] Lane detection and control Urban traffic 96 
LiDAR & IMU with CNN [7] Lane change detection Urban traffic 90 
3DNN [8] Drowsy driver detection No Glasses, Glasses, Sunglasses, 

Night time with No Glasses and 
Night time with Glasses 

75 

CNN [9] Drowsy driver detection General driving condition 97 
E/E systems with NN [14] General DAS Urban traffic 85 
E/E Systems with SVM [15] Driver emotion detection General driving conditions 89 
CNN with structure analysis 
[19] 

Lane detection, warning and 
cruise control 

Urban and rural traffic including 
day, night, expressway, urban roads, 
straight lanes, curved lanes, 
changing lanes, turn lanes and road 
writing conditions 

99 

CNN–LSTM [20] DAS for Auto-nomous driving Urban and rural traffic 98 
PCA with Recursive NN and 
TDL [22] 

General DAS modules Tractor and high value vehicles 
under controlled conditions 

94 

kNN [24] Traffic zone detection Real time traffic 94 
CNN [25] General DAS modules General traffic 98 
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From the statistical analysis it can be observed that CNN and LSTM-based architectures have highest 
performance efficiency for individual DAS modules, and thus must be used for improving the real time 
performance of these systems. 

IV. CONCLUSION 

Using the statistical analysis, it is observed that lane detection and control modules have an accuracy of 98% by 
using CNN-based architectures like RNN, LSTM and transfer learning. These architectures are tested on both 
real-time and CCTV based datasets, and tend to improve the accuracy for both systems. Cloud CNN 
architectures are also efficient, but require large communication delays for transfer of data between vehicle and 
cloud, which restricts its real-time performance. CNN modules are also effective for drowsiness detection and 
speed control, wherein each of the modules have an accuracy of 97%. Transfer learning approaches can be 
further explored to improve accuracy of each of the DAS modules via inter-module learning. Moreover, 
integration of these systems must be done for effective performance evaluation when using all DAS modules in 
tandem with each other. 
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