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Abstract: This study focuses on driver-behavior identification and its application to finding
embedded solutions in a connected car environment. We present a lightweight, end-to-end
deep-learning framework for performing driver-behavior identification using in-vehicle controller
area network (CAN-BUS) sensor data. The proposed method outperforms the state-of-the-art
driver-behavior profiling models. Particularly, it exhibits significantly reduced computations (i.e.,
reduced numbers both of floating-point operations and parameters), more efficient memory usage
(compact model size), and less inference time. The proposed architecture features depth-wise
convolution, along with augmented recurrent neural networks (long short-term memory or gated
recurrent unit), for time-series classification. The minimum time-step length (window size) required
in the proposed method is significantly lower than that required by recent algorithms. We compared
our results with compressed versions of existing models by applying efficient channel pruning
on several layers of current models. Furthermore, our network can adapt to new classes using
sparse-learning techniques, that is, by freezing relatively strong nodes at the fully connected layer for
the existing classes and improving the weaker nodes by retraining them using data regarding the
new classes. We successfully deploy the proposed method in a container environment using NVIDIA
Docker in an embedded system (Xavier, TX2, and Nano) and comprehensively evaluate it with regard
to numerous performance metrics.

Keywords: driver-behavior identification; deep learning; Jetson Xavier; network pruning; sparse
learning; convolutional neural network (CNN); long short-term memory (LSTM); edge computing

1. Introduction

Over the years, machine-learning algorithms have revolutionized the human lifestyle.
Additionally, the continued evolution of hardware technologies (e.g., multi-core CPUs and GPUs in
compact devices) has increased the benefits of intelligent algorithms in terms of their deployment in
industries. During the past decades, the automobile industry has accelerated toward the future vehicle
technology, making cars smarter and more connected than before. In addition to advanced mechanical
components, modern vehicles are replete with multiple embedded computers that are responsible for
vehicle control, safety features, and infotainment. The connectivity of cars via Wifi and 3G/4G wireless
communication, as well as the intelligent embedded systems inside cars, has opened opportunities for
employing cloud-based services and edge computing in automobiles. In a connected car environment,
the driver can access his/her car, which is further connected to the edge server that provides all
driving-related services. These services include insurance services [1,2] by awarding scores to the
drivers, providing traffic information, providing optimal route information [3] (based on fuel efficiency
and shortest distance), manufacturer services [4] (e.g., predictive vehicle maintenance), and monitoring
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services. The increasing number of in-vehicle sensors and their connectivity with the driver and other
vehicles via edge and cloud for multiple services is increasing the comfort level of society. However,
the continuous connectivity of connected vehicles entails security concerns, rendering cars more
vulnerable to hacking and theft [5,6]. This has attracted the continuous attention of researchers toward
driver-behavior profiling for identifying [5,7,8] the driver for several other applications.

The behavior of a driver can be characterized by analyzing the unique features associated
with his/her driving skills and habits. The driving information is usually acquired using
in-vehicle sensors [9,10] or sometimes smartphone-based sensors [9,11]. The in-vehicle controller area
network-BUS (CAN-BUS) data include the information corresponding to the steering wheel, vehicle
speed, brake-pedal position, and so forth, and the smartphone sensor data include the information
related to speed, orientation, and acceleration. Recently, the in-vehicle CAN-BUS data have been
regarded as accurate and reliable for driver profiling [10]; moreover, they have been analyzed for driver
identification [5–8,12] and monitoring [9]. With the rapid development of the Internet-of-Vehicles
technology and the popularization of smart terminal devices such as onboard diagnostic (OBD) devices
(the OBD-II protocol provides data from the vehicle ECU ), multi-dimensional CAN-BUS data can be
easily captured. Driving-behavior recognition is essentially a classification task based on in-vehicle
CAN-BUS data. The selection of key features and combinations thereof significantly affect the accuracy
of classification algorithms. During the past decades, several machine-learning algorithms have been
proposed for performing driver identification. With regard to deploying the corresponding algorithms,
one has multiple choices. One possible choice is smartphone applications, as smartphones can now
be fully integrated with vehicles owing to automotive operating systems such as Android Auto [13],
Automotive Grade Linux (AGL) [14], and Qnx Automotive OS [15]. However, in the case of mobile
edge computing, the connected car behaves like an IoT device; moreover, it can request the edge server
for services such as driver identification and several other driving-related services that are also offered
in other environments. In this study, we consider the mobile edge computing for a connected car
environment and focus on possible embedded solutions that can be deployed in edge server. Moreover,
we explore state-of-the-art deep-learning algorithms, namely, fully convolutional networks-LSTM
(FCN-LSTM) [8] and DeepConvRNN-Attention [7], for driver identification and its feasibility to be
implemented in embedded hardware. We evaluated each algorithm with regard to its advantages and
disadvantages. By addressing the issues and combining the merits of each algorithm, we propose a
lightweight deep-learning solution. We further assessed both the algorithms using network pruning,
which reduces the model size, thereby improving the performance of the driver-identification models.
However, network pruning can reduce the model size only to a certain extent. Therefore, our proposed
model outperforms even the compressed versions of existing algorithms. Additionally, with regard
to absorb a greater number of classes, we effectively applied sparse learning on the fully connected
layer of the proposed model, thereby achieving adaptability and further enhancing the identification
performance. Finally, we successfully deployed the optimized proposed deep-learning model on
NVIDIA docker to run them in a container environment using Jetson embedded platform (Xavier,
Tx2, Nano). This enabled the model to be run as an instance (container), and adjust more classes
incrementally using sparse learning, by multiple containers.

This paper deals with driver identification using the driver’s behavior data (in-vehicle sensors).
Considering the distinctive features of driver behavior, our objective is to identify the driver of a given
unseen driving data, using a lightweight deep learning model. To this end, we propose a complete
end-to-end framework for driver identification, containing a feature of tackling a more significant
number of classes by sparse learning. The following are the key contributions of this study:

• A lightweight deep-learning network is proposed for performing driver-behavior identification
using in-vehicle CAN-BUS sensor data. Our proposed architecture outperforms state-of-the-art
methods. Particularly, it exhibits higher accuracy, efficient memory usage, less computational
complexity (number of floating-point operations (FLOPs) and the number of parameters), which
improves the inference time.
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• Our proposed architecture requires a shorter window size, such as 40 s, for driver identification,
compared with previous research, which required at least 60 s time-series data to perform
the classification.

• We study the impact of window size(number of time steps) and degree of overlap by sliding
window on accuracy and computational complexity, determining the optimal values for
our network.

• To further validate the effectiveness of our lightweight model, we also evaluated the current
research methods by applying channel pruning at different layers to make them lightweight.
We assess the optimal extent of pruning without significantly compromising the accuracy of
existing models. Nevertheless, the proposed solution obtains a more compact size compared to
that of existing methods by introducing depthwise convolutions. We presented a detail results in
terms of inference time and memory usage at Jetson embedded system (Xavier, TX2, and Nano).

• For robust testing of our proposed model, we introduce anomalous data at different time sequences
and finally apply anomaly detection method (one-class support vector machine). We presented a
comparison of robustness with existing algorithms.

• To sustain the lightweight model and adjust new classes without affecting the accuracy, we make
our proposed solution adaptable for new classes by developing a state-of-the-art sparse-learning
technique at the fully connected layer. Accordingly, we carefully select the relatively substantial
nodes for existing classes, freeze them, and re-train our network by improving the weaker nodes
to classify new classes. This ensures that a high accuracy is sustained for existing classes, thereby
providing room to adjust new classes without affecting the network size.

• We deployed the proposed algorithm equipped with sparse learning in the container environment
of NVIDIA-Docker using the Jetson platform (Xavier, Tx2, and Nano). In this regard, our
proposed model acts like active instance (container) and supports incremental learning to absorb
a greater number of classes. This makes our model favorable candidate to deploy in real-time
conditions (container is a virtualization method gradually becoming a base environment for edge
computing applications).

2. Related Work

Driver-behavior profiling using driving information is an emerging trend in multiple markets,
including user-based insurance and traffic safety and monitoring. It is a prolific research area with
an ample number of studies. In this section, we describe the existing studies based on three primary
categories: data source, machine-learning models, and applied platform.

2.1. Data Source

Driving information can be captured using several different sources, which mainly include
in-vehicle sensors and smartphone sensors. In References [5–8,10,12], the authors utilized CAN-Bus
data for driver identification. The car sensors communicated via CAN-BUS (OBD-II protocol),
and the CAN-Bus data could be acquired using the OBD-II adapter. The in-vehicle sensor data
included parameters related to the engine (e.g., engine coolant temperature and friction torque),
fuel (e.g., long-term fuel trim bank and fuel consumption), and transmission (e.g., wheel velocity and
transmission oil temperature). Similarly, in other studies [11,16,17], the authors used smartphone
sensor data for driver-behavior profiling and many other applications [9]. Smartphones are equipped
with sensors including GPS sensors, accelerometers, magnetometers, and gyroscopes, all of which can
provide information regarding speed, acceleration, rotational speed , and several other combinations of
parameters used for driver profiling. However, some researchers are emphasizing a hybrid approach
based on combining vision (camera) and other sensors (LiDAR, GPS, IMU, etc.) for learning driver
behavior [18–20] under complex situations such as those entailing goal-oriented action, stimulus-driven
action, and cause-attention (e.g., stop a vehicle to let a pedestrian pass (cause) and analyze how the
driver attends the situation (attention)). For the driver monitoring applications, several researchers
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have utilized camera video/image only [21,22]. Some other works employed physiological sensor
data from bio-signals to identify a distracted driver [23]. Among the data obtained from different
data sources, CAN-BUS data are the most reliable, feasible, and widely used for driver-behavior
profiling [10]. The security dataset [5] provides up to 51 features captured using the CAN-BUS data;
furthermore, it has been used by several researchers for driver identification [7,8]. In this study,
we have used the same security dataset for driver identification.

2.2. Machine-Learning Models

Studies that focused on the modeling of individual driver behaviors used many state-of-the-art
machine-learning models. These include statistical classification algorithms such as decision trees,
random forests, k-nearest neighbors [5], hidden Markov model [24], Gaussian mixture models [25],
k-means clustering [10,26], and support vector machines [26]. However, most of them suffered
from various shortcomings, such as data dependency and the limitation of working under specific
conditions only, which were overcome by the robust nature of deep-learning algorithms [7], which offer
a significant advantage with regard to feature learning. Driver recognition using sensor data can be
considered as time-series classification problem as scalar data from vehicle sensor contains temporal
information in sequential manner. Therefore, deep learning frameworks for time-series classification
can be explored, which are as follows.

2.2.1. CNN-RNN Architectures

Standard convolutional neural network (CNN) layers have shown promising results for extracting
dense spatial features from data such as 2D images [27] . Recurrent neural networks (RNNs) are
widely used for sequential-data processing, such as natural-language processing, and other time-series
processing problems, to learn temporal dependencies [28]. Over the past few years, CNNs have been
employed as powerful techniques to apply at a temporal dimension of the sensor data, along with
pooling operations for human-activity recognition [29] by using multivariate time-series data. Similarly,
multi-scale CNNs [30], and fully convolutional networks (FCN) [31] are used for end-to-end, univariate
time-series classification. However, for more promising temporal feature extraction, the combination
of CNNs and RNNs has offered remarkable results, such as wearable activity recognition [29], defect
recognition [32], and driver-behavior identification [7], in the state-of-the-art research. All these
combinations mostly contain CNNs followed by RNNs in sequential order (refer to Figure 1a).
On the other hand, the augmentation of the LSTM layer is not sequential in the case of FCN-LSTM
(refer to Figure 1b); moreover, it has improved the performance of FCNs with regard to time-series
classification [31]. However, these combinations can vary depending on the temporal modeling
problem and the nature of the dataset. In this study, we explore these two combinations, employed
in state-of-the-art algorithms, for a similar task, which is “driver-behavior identification.” For better
visualization, we consider these structures as being in series in the case of DeepConvRNN [29]
and in parallel in the case of FCN-LSTM [31]. Recently, researchers have exploited each of these
structures in (i) DeepConvRNN-Attention [7] and (ii)FCN-LSTM [8] for driver-behavior identification.
We study the parameter optimization of both the algorithms to make them lightweight and adaptable
by evaluating their advantages and disadvantages. Finally, we propose a novel deep-learning model
that is lighter than the state-of-the-art models in addition to outperforming them in terms of inference
time and accuracy.
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Figure 1. State-of-the-art deep-learning architectures for driver identification trained using the OCS
Lab security dataset(CAN bus), (a) DeepConvRNN-Attention [7], and (b) FCN-LSTM [8].

It is to clarify that, FCN-LSTM and DeepConvRNN-Attention are the independent studies, focused
to provide high-end accuracy on the driving dataset. We opted to choose these studies, due to the
reason that, they have used the same dataset [5] and are considered to be the best candidates to
achieve higher accuracy in recent years. We further evaluate them in terms of parameter utilization.
Before explaining the proposed architecture, we first provide the details of these models accordingly.

2.2.2. Driver Identification Using DeepConvRNN-Attention

The deep learning architecture in Reference [7] comprises a convolutional layer followed
by attention-based RNNs in sequential order, as depicted in Figure 1a. For driver-behavior
identification, the authors utilized a popular architecture, DeepConvRNN, previously used
for similar time-series classification applications, such as human-activity recognition [29];
furthermore, the author significantly improved the classification accuracy by adding attention
mechanism at the end of RNNs, thereby justifying the name of the proposed model, which
is DeepConvRNN-Attention(Attention-GRU/Attention-LSTM). The model was trained using the
Ocslab [5] security driving dataset for performing driver profiling and identification. The authors
utilized 15 substantial features that were further processed with statistical (mean, median, and standard
deviation) features. For statistical feature processing, they used a window size of (60 × 1) with a
stride of 1; using which, they created a 45-dimensional feature (15 × 3) set whose size was the same
as that of the original features set , as depicted in Figure 1a as a pre-processing step. The attention
mechanism [33] is exploited to prioritize specific valuable feature instances for deriving class scores.
In order to obtain competitive accuracy, authors have utilized two layers of RNNs with size of 128 each.
Accordingly, these RNNs layers and fully connected layer contribute major portion of parameters
due to sequentially adding them after depthwise convolution which itself contains less parameters.
Depending upon the number of depth-multipliers of depthwise convolution, the subsequent layers
can drastically increase the parameters if added in sequential order as shown in Figure 1a.

2.2.3. Driver Identification Using FCN-LSTM

In Reference [8], the authors utilized FCN-LSTM [31] for driver-behavior profiling. Previously,
the FCN-LSTM [31] was proposed for time-series-sequence classification, and it achieved remarkable
results with minimum data pre-processing. The authors in [8], successfully avoided all the
feature engineering (moving mean, std, and median) using FCN-LSTM, utilizing only lightweight
pre-processing (normalization only) for driver-behavior classification. The deep-learning framework
comprises a fully convolutional block augmented by an LSTM block, followed by a dropout, as depicted
in Figure 1b. The fully convolutional block further contains three stacked temporal convolutional [34]
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layers with the kernel size of 128, 256, and 128, respectively. For driver classification, the input is a set of
60 × 15-sized batches , where 60 represents the time-step length and 15 the number of driving features.
The CNN layers receive data as univariate time series with multiple steps (60 × 15), whereas the LSTM
block receives the input as multivariate time series(15 × 60) that has N (15) variables with a single time
step. This is achieved by applying dimensional shuffling before the LSTM block, thereby achieving
convergence in less number of iterations. Accordingly, the competitive accuracy can be achieved using
fewer number of hidden neurons in LSTM layer that is, 10 neurons in this case, which further reduces
the size of the network significantly. The FCN-LSTM [8] utilized 3 times less parameters than that of
DeepConvRNN-Attention [7] with slightly less accuracy, which inspired us to use FCN-LSTM and
further improve the accuracy and reduce more parameters accordingly.

2.3. Applied Platform

With regard to deploying driver-behavior-profiling algorithms for real-time applications, there
exist multiple options, such as the use of smartphones integrated with vehicles (e.g., AGL [8,14]),
in-vehicle dedicated embedded computers (e.g., advanced driver-assisted systems [35]), and cloud- or
edge-based services in a connected car ecosystem [36]. This study broadly consider the application
of driver identification algorithms on an edge server under the umbrella of mobile edge computing.
Therefore, the scope of this study is to demonstrate the implementation of the proposed method in
a container environment (i.e., using NVIDIA docker), which is one of the virtualization methods
gradually becoming a base environment for edge computing [37,38]. For the effective deployment of
deep learning models, the market offers numerous dedicated low-power, energy-efficient embedded
system solutions. Among the competitive embedded solutions, NVIDIA Jetson is the most popular, as it
offers a wide range of developer kits (e.g., CUDA Toolkit and CuDNN) that offer various specifications.
The NVIDIA Jetson series has many distinct features, including energy efficiency, low weight, compact
form-factor, high performance per watt, and low-power GPU cores [39]. According to the analysis
presented in Reference [40], Jetson provides a higher peak performance than those of Raspberry Pi
and Intel Movidius (Neural Compute Stick). We chose the Jetson series for deploying the proposed
driver-behavior-identification framework on Jetson platform (Xavier,Tx2, and Nano).

3. Methodology

In this section, we provide an overview of the different methods and platforms that have been
used in this study. We start with a brief description of the problem statement, and the datasets used in
the experiments. Subsequently, we present the detail of proposed deep-learning algorithm used for
classification. Finally, we explain the proposed optimization methods and deployment environment
used in the experiments.

3.1. Problem Formulation

If the driver-profiling algorithm is deployed in a real-time situation entailing a connected car
environment, the driver will be identified in more than 60 s because the algorithm must wait to
complete a single frame requirement (Tw). The first possible, total time(Ttotal) to infer the classification
is presented by Equation (1), where Tw is the time based on window size required by an algorithm, Tp

is the time for preprocessing (i.e, feature engineering time (moving mean, std, and median)), and Ti is
the inference time by classification algorithm (usually less than 1 s).

Ttotal = Tw + Tp + Ti. (1)

Although other algorithms [8] do not require feature engineering, they still require a window
of 60 s to process time-series data for driver classification. The window size of time steps should be
reduced for early identification of the driver. However, in the case of a connected car environment,
where multiple cars are connected to edge servers and require fast processing, lightweight algorithms
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must be developed for real-time applications to fulfill requests in a short time with high accuracy.
Similarly, with the development of an edge-computing environment with container orchestration
(e.g., Kubernetes and SWAM [37,38]), deep-learning frameworks must be made more adaptable
to the new environment via sparse learning and other techniques for new classes without losing
significant accuracy on the existing classes. In this research, we have addressed aforementioned
issues by introducing light-weight deep learning model equipped with sparse learning to absorb
greater number of classes in real-time situation. The detail of our proposed model will be provided in
subsequent sections.

3.2. OCS Lab—Security Driving Dataset

It is an open-sourced dataset generated by Byung Il Kwak, et al. [5] and is freely available
online [41]. The dataset provides in-vehicle CAN-BUS sensor data that contain the driving information
of 10 different drivers (A–J) who have followed the same path. For data acquisition, every driver
performed four trips (two round trips) using the same model car manufactured by KIA Motors
Corporation. The track contained different road types (city way, motorway, and parking lot) in the
city of Seoul, South Korea. The total length of the trip was approximately 23 Km. The data comprise
51 features extracted from the car ECU acquired through the OBD-II protocol with the frequency of
1 Hz. The dataset holds 94,401 records and was used in Information Protection R&D Data Challenge
2018–19 under the section “Theft detection based on vehicle driving data” [42]. Moreover, in the
dataset paper [5], the authors shortlisted 15 substantial features out of 51 for driver identification
and proposed statistical machine-learning models for driver classification. The feature selection
method by the authors reported in Reference [5] is based on the InfoGainAttributeEval evaluation
method, which is previously implemented in Weka [43]. This is one of the ranker search methods
for feature selection. Several researchers have utilized these shortlisted features from the dataset for
driver-behavior identification [7,8]. Therefore, our proposed model also utilized the same selected
features as list in the Table 1 for driver behavior identification.

Table 1. Features selected for driver identification.

Dataset # of Selected Features Features

Security Driving
Dataset [5] 15

Long_Term_Fuel_Trim_Bank1,Intake_air_pressure,
Accelerator_Pedal_value, Fuel_consumption,Torque_of_friction,
Maximum_indicated_engine_torque, Engine_torque,
Calculated_LOAD_value,Activation_of_Air_compressor,
Engine_coolant_temperature,Transmission_oil_temperature,
Wheel_velocity_front_left-hand,Wheel_velocity_front_right-hand,
Wheel_velocity_rear_left-hand,Torque_converter_speed

Unlike other studies [5,7], where extensive feature engineering is performed as a pre-processsing
step, we perform data normalization only, prior to fed our network for classification. The formula to
compute normalization step is presented in Equation (2), where max(xn) and min(xn) are the maximum
and minimum values present in the corresponding column of feature, and Xn is the normalized
variable.

3.3. Our Proposed Framework

With the motivation to build a lightweight deep-learning model, we propose to replace the 1D
CNN with 2D depth-wise convolutional layers in the same configuration as that in the FCN-LSTM [8].
We successfully achieve state-of-the-art performance with significantly reduced number of parameters.
The details of the proposed deep-learning architecture are shown in Figure 2. Unlike other algorithms
that use 60 s of data, our proposed model employs only 40 s of driving sequence data from the
Ocslab dataset [5] and outputs the classifications scores for the identification of 10 drivers (A–J). Our
framework comprises a depthwise separable convolutional layer augmented by an RNN. In the case of
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the RNN, both the gated recurrent unit (GRU) and LSTM are evaluated for performance comparison.
Each layer of the architecture is explained in the following section.

Xn =
xn − min(xn)

max(xn)− min(xn)
. (2)

Figure 2. Proposed framework for driver identification.

3.3.1. Depthwise Convolution

Depthwise-separable convolutions were efficiently utilized in Reference [44] to build lightweight
deep neural networks. The computation cost of depthwise convolution is represented by Equation (3),
where M denotes the number of input channels and Dk the size of the kernel that produces the output
feature map of size DF. However, in the case of standard convolution, the computational cost is N
times than that for depthwise convolution, where N denotes the number of output channels.

Dk · Dk · M · DF · DF. (3)

Our model applies depthwise convolutions on time series. The input size is WT × FN, where WT

denotes length of time steps (40 s here) and FN the number of features (15 here). The number of input
channels is equal to FN so that convolutions can be applied on each channel separately upon receiving
data as univariate time series with multiple time steps. Each group of outputs of the convolution
layer corresponds to the feature map. The optimum results were achieved using a rectified linear unit
(ReLU) as the activation function for the convolution layers. The values of depth-multiplier are set to
20 and 10 to produce output channels equal to the filters_in * depth-multiplier for the first and second
convolutional layers, respectively.

Similarly, the kernel sizes for the first and second depthwise convolutional layers are 9 × 1 and
5 × 1, respectively. However, to control the size of the network within a feasible range, a max-pooling
layer is introduced between the depthwise convolution layers, as depicted in Figure 2. The kernel size is
set to 7 × 1 with the stride of 1 × 2, thereby reducing the size and to overcome the over-fitting problem.
The depthwise convolution layer was also used for similar applications in DeepConvRNN-Attention.
However, the size of the network drastically increases because of adding × 2 LSTM layers (each having
128 hidden states) in sequential order (refer to Figure 1a). In our case, we replaced the 1D CNN with a
depthwise layer whose configuration was similar to that of FCN-LSTM, and the LSTM layers were
not augmented in sequential order (refer to Figure 1b). Subsequently, the LSTM/GRU layers of the
proposed network also contain ten hidden neurons similar to FCN-LSTM.
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3.3.2. Recurrent Neural Networks

RNNs belong to the class of neural networks that are used to extract temporal behavior from
sequential data. Standard RNNs exhibit the vanishing gradient problem when long-term sequential
data are employed. This problem was solved using LSTMs by adding gating (input, output, and forget)
functions and a memory unit using which the memory of the previous states could be easily controlled
at each time step. Similarly, GRUs also adopt gating concepts with update gates. In our proposed model,
we have utilized both LSTM and GRU layers, as depicted in Figure 2. The accuracy obtained using GRU
is high for time-series data in the case of driver profiling. For a particular dataset, GRU outperformed
LSTM in other studies as well [7]. In the proposed framework, the LSTM/GRU receives multivariate
time-series data, which are obtained via dimension shuffling before the LSTM . An example of such data
is data with 15 features (multivariate) with a single time step being associated with each set of features.
In this regard, LSTM/GRU captures the temporal dependencies of the features in a fewer number of
iterations than that without dimension shuffling [31]. Although LSTMs resolved the vanishing gradient
problem, they still experienced difficulties because of the long-term dependencies in long sequences,
and these difficulties were overcome using attention mechanisms [33]. The attention mechanism
allows to focus on substantial features and helps to increase the accuracy. Accordingly, we explored
the attention-based LSTM layer, which, in our case, did not perform better than the basic LSTM
layer in terms of accuracy.As our model resembles the FCN-LSTM, where, they have also reported to
achieve better results using basic LSTM than attention-based LSTM in similar configuration. However,
in several studies related to time-series classification, attention mechanisms increased the accuracy
when the augmentation of the LSTM layer was sequential, similar to that in DeepConvRNN-attention.
Moreover, an attention-based LSTM layer is computationally more expensive than a basic LSTM,
and contrarily, we aim to develop a lightweight solution. In summary, in our proposed architecture,
the LSTM layer provides more accuracy than that of the attention-based LSTM, and GRU outperforms
both of them. Additionally, the GRU requires fewer parameters than LSTM because it has fewer
gate functions (only update gate). In driver-behavior identification, we successfully achieved the
highest accuracy by employing GRU on a particular dataset using conditions that consumed low
computational power.

3.3.3. Hyperparameter Optimization

The data-segmentation or windowing step is critical to building an accurate driver-identification
model. With regard to sequential or time-series data, determining the appropriate values of windowing
hyperparameters (i.e., window size and degree of overlap) is the most crucial part, and it directly
affects the model accuracy [45,46]. Hyperparameters, including the number of layers, kernel sizes
in each layer, were explained in the previous Section 3.3.1. Here, we focus on the importance of
window size and overlap. The input to the model depends on the window size(Wx), while the degree
of overlap determines the prior information in the sequential data. The shift value dx is opposite
to degree of overlap, which can be computed by using formula as overlap = Wx-dx, as depicted in
Figure 3b. A study [7] was conducted to select the optimum values of both the Wx (90, 60, etc.) and
dx (45, 10, 6, etc.); the best driver-identification performance was achieved for the window size (Wx)
of 60 s and shift (dx) of 6 s, as shown in Table 2. Similarly, in FCN-LSTM, the authors selected the
window size(Wx) as 60 and dx as 10. Our proposed model, being more compact than other algorithms,
requires the values of these hyperparameters to be optimal to compete with the performances of other
models. The best values were observed when the window size (Wx) was set to 40 s with a high degree
of overlap (shift value of dx = 6 means overlap is 34, that is, 40 − 6 = 34), as presented in Table 2.
Notably, a higher degree of overlap does not contribute to the network size; however, it affects the
performance as shown in Figure 3a. We also evaluated our results for the window size(Wx) of 60 s and
achieved optimum results when the value of dx is set to 10. However, the best value of dx is found to
be 6, for window size (Wx) of 40 s. The visualization of windowing operation is shown in Figure 3b,
where data from a particular driver A is segmented over time series using sliding window operation.
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Table 2. Performance Comparison of proposed framework for driver identification.

Input Algorithm Accuracy FLOPs Memory Feature
Engineering Windowing

60 × 45 DeepConvLSTM 97.72 1.624 M 7.88 MB Yes Wx = 60, dx = 6

60 × 45 DeepConvGRU 95.19 1.623 M 7.88 MB Yes Wx = 60, dx = 6

60 × 45 DeepConvLSTM-Attention 97.86 1.632 M 7.91 MB Yes Wx = 60, dx = 6

60 × 45 DeepConvGRU-Attention 98.36 1.631 M 7.91 MB Yes Wx = 60, dx = 6

60 × 15 FCM-LSTM 95.1 0.56 M 3.28 MB No Wx = 60, dx = 10

60 × 15 Proposed DepthConv-LSTM 97.78 0.235 M 1.74 MB No Wx = 60, dx = 10

60 × 15 Proposed DepthConv- GRU 98.52 0.234 M 1.74 MB No Wx = 60, dx = 10

40 × 15 Proposed DepthConv-LSTM 97.86 0.233 M 1.69 MB No Wx = 40, dx = 6

40 × 15 Proposed DepthConv- GRU 98.72 0.232 M 1.69 MB No Wx = 40, dx = 6

Figure 3. (a) Performance evaluation of proposed method for fixed Wx= 40s, (b) Visualization
of windowing operation, where Wx is time series size, and dx is the shift between consecutive
sliding window.

4. Performance Evaluation

4.1. Experimental Setup

For our experiments, we have used NVIDIA Jetson platform(Xavier, TX2, and Nano). Jetson
Xavier is equipped with GPU (512-core Volta with Tensor Core), CPU (8-core ARMv8.2), and RAM
(16 GB LPDDR4). Similarly, the TX2 and Nano are replete with GPU of 256-core(Pascal) and 128-core
(Maxell) while RAM of values 8GB and 4GB, respectively. The respective embedded hardware is only
used for deployment (testing dataset execution) for most of the experiments. A detailed benchmarking
of these embedded hardware for numerous parameter indices is already performed in one of our
previous work [47]. All experiments are executed in container environment using NVIDIA docker
image. However, for training of all models, we have used desktop computer equipped with CPU
(core i7-9700), GPU (GeForce RTX 2060) and RAM of 16GB, respectively. In case of sparse learning
experiments (Section 5), we have utilized the Jetson platform using container environment. For this we
have used multiple instances of container for incremental learning for new classes as detail is provided
in Section 5, while visualization of deployment is shown in Figure 5. We have used TensorFlow(Keras)
to develop all codes. Furthermore, in our experiments, we have also used sklearn, pandas, matplot-lib,
numpy and other useful python libraries for data processing.
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4.2. Cross Validation of Time Series Data

We have utilized 5-Fold cross validation, in which the data was divided into five parts, where four
of them were used for training and the remaining one was employed for validation. The accuracy used
in the experiments is defined by Equation (4), where TP is number of true positives, TN is the number of
true negatives, FP is the number of false positives and FN is the number of false negatives, respectively.

Accuracy =
TP + TN

TP + TN + FP + FN
. (4)

The accuracy refers to the classification accuracy of the drivers, how the model predicts (driver
identification) drivers based on time-series CAN-BUS sensors data.

4.3. Computational Complexity of the Proposed Model

The proposed deep-learning framework performs efficiently by using only a few parameters.
It outperforms the state-of-the-art algorithms, as confirmed in Table 2. It achieves an accuracy of
98.72% with only 0.232 million FLOPs while employing only 119,352 parameters when using GRU as
an RNN unit. Similarly, using LSTM as an RNN unit, the proposed algorithm obtained an accuracy
of 97.86% by using only 119,832 parameters with 0.233 million FLOPs. Furthermore, our proposed
algorithm outperforms other state-of the-art algorithms in terms of accuracy by consuming two
times fewer FLOPs than those consumed by FCN-LSTM; furthermore, fewer parameters such as
FCN-LSTM consumes 284,294 parameters with basic LSTM (their codes are available on GitHub [48]).
DeepConvGRU-Attention achieved an accuracy of 98.36% by consuming 1.631 million FLOPs,
which is seven times more than those used by the proposed framework. Because our proposed
framework resembles FCN-LSTM with modifications, such as, the 1D CNNs are replaced by Depthwise
convolution (Section 3.3.1), here, we briefly compare our parameters. The 1D CNN in FCN-LSTM
with 128, 256, and 128 filters entails 15,488, 164,096, and 98,432 parameters, respectively. However,
our proposed framework utilized only two depth-wise convolutions with depth-multipliers of 20
and 10, which consume 3000 and 18,000 parameters, respectively. Although it sounds trivial to just
replace the convolution layers, nevertheless, for fine-tuning the network to achieve a competitive
accuracy, ample number of studies and efforts are involved in determining the optimum values for
the kernel sizes and all inter-dependent parameters in the framework. In terms of memory efficiency,
the model size of our proposed deep-learning framework is only 1.69 MB(MegaBytes), which is the
lowest among all the other candidates, as listed in Table 2. Unlike the different algorithms mentioned
in the table, which require feature engineering (moving mean, standard deviation, median, etc.), our
algorithm directly consumes raw features (only normalization), similar to the case of FCN-LSTM.
The proposed framework requires only a 40 s window (time steps) for inferring the driver identity,
compared with others, which require at least 60 s. For the fair comparison, we also evaluated our results
using 60 s window, where our proposed algorithm outperforms in terms of memory usage (1.74 MB)
and computational complexity (0.235 M parameters), achieving competitive accuracy. Subsequently,
with motivation to infer earlier than existing solutions, we targeted 40 s, and achieved outstanding
results in all performance metrics as shown in Table 2. Like all algorithms presented in Table 2, we do
not use any refinement technique, such as fine-tuning (reducing learning rate), and sparse learning at
this stage to investigate the actual performance of the proposed deep-learning architecture.

The following are the key factors involved in reducing both the number of parameters and size of
the proposed network:

• The input size (40 × 15) is the key to reducing the network size, which mainly contributes to
memory consumption. Although it does not consume parameters , it is indirectly involved in
reducing the number of parameters of the subsequent layers.
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• A max-pooling layer is utilized to effectively reduce the network size (memory and parameters)
by setting a high filter size, thereby alleviating the over-fitting problem. This, in turn, indirectly
affects the parameters of subsequent layers.

• Depthwise convolution layers with large-sized filters and few depth-multipliers can effectively
reduce the number of parameters.

• The augmentation of the LSTM layer is not sequential; instead, the input is separately fed to the
convolutional and LSTM layers in the proposed model, thereby reducing the size of the hidden
LSTM layer, such as a single layer with 10 hidden states in our case. However, DeepConvLSTM
uses two LSTM layers with 128 hidden neurons each to acquire a competitive accuracy.

The proposed model outperforms the other state-of-the-art algorithms in terms of accuracy,
with significantly low computational complexity (i.e., low number of FLOPs and parameters), and its
most compact size is presented in Table 2. Subsequently, the proposed model outperforms in terms of
inference time while running in embedded hardware (Jetson platform), as shown in Table 3.

Table 3. Performance comparison of Proposed Model with compressed version of competitive models.

Algorithm Pruning FLOPs
(M)

Memory
(MB)

Accuracy
(%)

# of Channels
Pruned/Total

Inference Time (µs/Sample)
(Container-NVIDIA Docker)

Xavier TX2 Nano

DeepConv
GRU

- Attention

0% 1.627 7.91 98.36 - ∼505 ∼1175 ∼2580

8.50% 1.482 7.48 98.04 LSTM1(07/128)
LSTM2(11/128) ∼469 ∼1040 ∼2270

19% 1.314 6.64 96.89 LSTM1 (20/128)
LSTM2(15/128) ∼452 ∼997 ∼2160

FCN-LSTM

0% 0.566 3.28 95.10 - ∼284 ∼365 ∼450

5.30% 0.535 3.14 94.32 Conv1(10/128)
Conv2(10/256) ∼253 ∼342 ∼416

12.20% 0.496 3.07 93.92
Conv1(10/128)
Conv2(20/256)
Conv3(10/256)

∼241 ∼333 ∼371

Proposed
DC-LSTM 0% 0.233 1.69 97.86 - ∼188 ∼207 ∼230

Proposed
DC-GRU 0% 0.232 1.69 98.72 - ∼182 ∼205 ∼227

4.4. Robustness to Data Anomalies

The accuracy of driver-identification algorithms is directly associated with the reliability of car
sensors, which are prone to malfunction, noise, failures, and hacking attempts. Feeding the network
with this kind of anomalous and erroneous data can deteriorate the model accuracy. However, even
when fed with anomalous data, our network outperforms other networks , thereby demonstrating
its robustness (Table 4). Our robustness test is inspired by FCN-LSTM [8]. In this regard, n random
sensors are selected to be modified out of total 15 sensors (i.e., features), where n is 7 in this case.
Different rate of anomalies are simulated such that 1%, 10%, and 50% of total samples from validation
set were modified by random values in 7 features each (Table 4). Similarly, for each rate, two anomalies
duration (i.e., 1 s and 10 s) were simulated. In this case, 1 s and 10 s means, we modified out of 40 s (Wx)
for each input sample (40 × 15). Summarizing, 1% of anomaly means, 1% of total validation samples,
while 1 s means 1 of 40 s per sample data is modified with random noise. It can be seen in Table 4,
the minimum accuracy of proposed algorithm (Depthconv-LSTM), shortly DC-LSTM, obtained as
75.21% even when introduced with 50% anomalies. Similarly, proposed DC-GRU obtained minimum
of 75.43% accuracy even in the presence of 50% of anomalies. Our proposed solution outperforms
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the FCN-LSTM. Moreover, we have used outlier rejection algorithm, the one-class support vector
machine(SVM), to correct the anomalies. Previously, one-class SVM was found to be the best candidate
for anomaly detection, after detailed comparison [8]. One-Class svm identifies anomalies, which
can be used for correction and estimation of original data. In this regard, the trivial method is to
take average of neighbors. For instance, given the order sequence of any feature values {10,3000,20},
recorded at timestamps of t, t+1, t+2 after anomalies injection. Accordingly, the one-class SVM will
identify, t+1 location, as outlier, and to remove anomaly, we replace the values of t+1 with average
(i.e., 15). The detailed results are shown in Table 4 . Our proposed model is more robust to anomalies
than FCN-LSTM, which make it a favorable candidate to deploy in real-time conditions.

Table 4. Performance evaluation in the presence of Anomalous Data.

Anomaly
Rate

Anomaly
Duration

Accuracy with Anomalies Corrected Anomalies (One-Class SVM)

Proposed
DC-GRU

Proposed
DC-LSTM FCN-LSTM Proposed

DC-GRU
Proposed
DC-LSTM FCN-LSTM

0% 1 s 98.72 97.86 95.1 98.72% 97.86% 95.10%
10 s 98.72 97.86 95.1

1% 1 s 98.08 97.22 93.25 97.32 96.62 93.89
10 s 98.08 97.22 92.6

10% 1 s 92.74 92.52 85.85 97.12 96.22 93.57
10 s 93.16 92.09 84.89

30% 1 s 82.69 81.62 70.42 96.32 95.52 92.93
10 s 81.2 81.62 69.77

50% 1 s 72.86 73.5 57.23 95.14 94.51 91.64
10 s 75.21 75.43 57.88

4.5. Comparison with Compressed versions of Existing Models

This study primarily aims to produce a lightweight solution. Most studies in the literature
focus on compression methods including network pruning, quantization, Huffman coding [49],
and sparse-regularization [50] of the existing architectures to remove unnecessary connections and
make the neural network more compact without compromising the accuracy. We have used depthwise
convolution to reduce the architecture size; however, the existing models can be compressed to
produce a lightweight solution. In addition, compression is easier than significantly changing
the architecture. Accordingly, we compare our results with those obtained using the compressed
versions of state-of-the-art frameworks in terms of driver identification. We successfully applied
channel pruning on each layer of DeepConvRNN-Attention and FCN-LSTM as shown in Figure 4b.
In Reference [51], it was reported that channel pruning was more sensitive in the initial and last layers.
However, the layers in the middle were less affected in terms of accuracy, indicating a possibility for
further pruning while maintaining the accuracy. To select unimportant channels to prune, we followed
a well-known L1-norm-based method [51]. The following are the steps for channel pruning.

• For each filter in a particular layer, compute the sum of its absolute kernel weights using equation
of L1 norm [51].

• Sort the filter on the basis of the L1 norm values calculated in the previous step.
• Prune the m filters that have the smallest L1 norm values, and remove the corresponding feature

maps from the current and next layers.

– To select the optimum values of the m filters to be pruned, we begin pruning with the smallest
number, that is, 10, and start evaluating the accuracy on a validation dataset.
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• To delete the channels from layer i and i+1, we use the Keras-surgeon [52] tool, which deletes the
channels and provides a new copy of the pruned model.

The channel pruning performed is visualized in Figure 4a. We applied channel pruning on
all the three 1D constitutional layers and LSTM layer of FCN-LSTM, as depicted in Figure 4b.
Similarly, we pruned the filters of both the depthwise convolution layers and two LSTM
layers of DeepConvLSTM-Attention, as depicted in Figure 4c. As depthwise convolutions utilize
fewer parameters, so pruning significantly affect the accuracy when applied at depthwise of
DeepConvGRU-Attention. The final configuration of pruning for selected layers, the effect of the
pruning on accuracy and computational complexity is summarized in Table 3. The proposed method
outperforms all listed algorithms in terms of accuracy, memory usage, and inference time in all
Jetson platform.

Figure 4. (a) Channel pruning. Locations where channel pruning was applied in (b) FCN-LSTM and
(c) DeepConvLSTM-Attention.

5. Deploying the Proposed Model with Sparse Learning

5.1. Sparse Learning

Sparse learning is a technique in which a pre-trained network is analyzed to categorize the weaker
and the strong nodes among layers, which may exist in scattered locations. The best nodes from all or
selected layers are then frozen (non-trainable), and the weaker nodes in selected layers are re-trained.
During training, the weaker nodes are sparsely located among different layers, which is the reason to
regard it as sparse learning. In case of transfer learning, network adopts new classes or tasks by using
the knowledge of an existing weights without training from scratch [53]. However, in sparse learning,
only the connections of the selected nodes are trained when a new class is considered [54]. The training
method in sparse learning comprises two steps: freezing the non-target parameters (important nodes
for the existing classes) and performing conventional training on the selected parameters (weak nodes)
like in the case of transfer learning for new classes.

5.2. Node Selection Towards Sparse Learning

To train the proposed model to learn new data while retaining the performance of the existing
classes without affecting the network size, we implement sparse learning on the proposed model.
This enables our lightweight model to adapt to a greater number of classes without compromising
the accuracy and resources (parameters) with regard to the existing categories. Accordingly, we first
shortlist the strong nodes in the fully connected layers using two node-selection methods: (i) ranking
by the magnitude of nodes and (ii) the average activation method [54]. Thus, we deploy the proposed
adaptable model in a container environment, as depicted in Figure 5. To validate our idea, we first
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perform sparse learning without introducing new class data, as depicted in Table 5, that is, we employ
10 classes in the case of the initial network, with the test accuracy of 97.86%. We then freeze 20% of the
nodes (20% of 32 nodes is 7 nodes) via ranking by the magnitude of nodes. We retrain our network
to further finetune the weaker nodes (the remaining 28 nodes), thereby increasing the accuracy by
up to 0.86%. Similarly, the accuracy increased upon freezing 40% of the nodes (i.e., 40% of 32 nodes
is 13 nodes). The test accuracy is listed in Table 5. The detailed pattern of the validation accuracy
corresponding to each case is depicted in Figure 6a. The increase in the performance via sparse
learning, when no new data are introduced to the model, shows that more classes can be adjusted.
Because the number of categories is limited (maximum 10) in a particular dataset (Ocslab), we could
only generate cases within 10 classes. Thus, we attempted to mimic the real environment wherein
hundreds of classes would be available for sparse learning.

Figure 5. Visualization of sparse-learning deployment. Our implementation focuses on the container
environment only for data.

The sparse learning conducted to adjust the new classes can be further divided into two cases.
Here, we assume that α is the number of existing classes and β the number of new classes.

Table 5. Performances of the proposed model before and after using sparse learning.

# of Classes Sparse Learing
only FC Layer

Proposed
DepthConv-LSTM

Accuracy (%)

Proposed
DepthConv-GRU

Accuracy (%)

Node Selection
Method

10 Initial Network 97.86 98.72 -

10 80% re-train, 20% Freeze 98.72 98.72 Ranking Mg. of nodes

10 60% re-train, 40% Freeze 98.08 98.5 Ranking Mg. of nodes

7 Initial Network 99.11 99.4 -

7+3 80% re-train, 20% Freeze 97.86 99.15 Ranking Mg. of nodes

7+3 60% re-train, 40% Freeze 98.29 99.15 Ranking Mg. of nodes

4 Initial Network 99.51 99.51 -

4+6 80% re-train, 20% Freeze 96.37 98.08 Ranking Mg. of nodes

4+6 60% re-train, 40% Freeze 97.86 97.44 Ranking Mg. of nodes

4+6 re_train 0=<Av<Eq_value 96.79 98.08 Avg Activation Method
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Figure 6. Performance evaluation (DepthConv-LSTM) with and without sparse learning: (a) without
introducing new classes and (b) with the introduction of a smaller number of classes than existing.

• Case 1 (α > β): As a proof of concept, we begin with seven (α = 7) randomly selected classes
(for simplicity, we consider A–G) and train the model from scratch (see Table 5) to obtain an initial
network with a significantly high test accuracy of 99.11%. The complete pattern exhibited by the
validation accuracy is depicted in Figure 7b. First, we freeze 20% of the nodes in the pre-trained
network for α classes. Later, we feed the network with the data of α+β (7 + 3) classes and retrain
the 80% of weak nodes for fine tuning. The test accuracy decreases to 97.86%, similar to that in the
case of training 10 classes from scratch. However, upon freezing 40% of the nodes and re-training
only 60% of the nodes, the test accuracy becomes significantly high (see Table 5). Such sparse
learning can result in higher accuracy than that in the original training procedure of starting from
the scratch. Another supporting argument is the pattern followed by the validation accuracy:
when we retrain 80% of the nodes, the validation accuracy of the model starts from the seventies,
whereas when we retrain only 60% nodes, the validation accuracy for the first few epoch starts
from the nineties (see Figure 7b). Similar pattern can be found in case of DepthConv-GRU as
shown in Figure 9a,b.

• Case 2 (α < β): We repeat similar experiments for the case where there are more new classes (β)
than existing classes (α). However, in practice, this case can degrade the network performance [54].
This is because the pre-trained model can find difficulties in adjusting to an enormous amount of
data as compared with the small amount of data previously used for training; thus, it may require
major weight updates to achieve an acceptable accuracy. To resolve this issue, the authors in [54]
proposed the following formula as an effective node-selection method:

0 < A(i)
avg ≤ µ − (1 − log(1 +

β

α
))

√
1
M

ΣM
0 (A(i)

avg − µ)2. (5)

This formula was previously validated on LeNet, AlexNet, and VGGNet to adapt to up to 40%
new classes without a significant loss in the accuracy corresponding to existing classes [54].
We exploited this formula for node selection in the fully connected layer of the proposed model.
We retrained the nodes whose magnitudes ranged from 0 to the value obtained using the formula.
Because all the nodes values were activated using ReLU, their magnitudes were greater or equal to
zero. Accordingly, we retrained all the nodes that lied in this range and froze the remaining ones.
When α = 4, we obtained the initial test accuracy of 99.51% upon training only 4 classes (see Table 5).
However, upon freezing the nodes according to the formula and feeding the network with data
regarding α+β(4+6) classes, the accuracy suddenly dropped to 96.79%, which is lower than the
original accuracy (97.86%) of the network when trained from scratch. Similarly, upon freezing 20%
nodes using the previous ranking-by-magnitude method, we obtained a lower accuracy, that is,
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96.37%. We achieved an accuracy of 97.86% upon freezing 40% nodes and re-training the rest
using sparse learning. The corresponding validation accuracy curves for DepthConv-LSTM are
depicted in Figure 8a,b. Similar pattern can be found in case of DepthConv-GRU as shown in
Figure 9a,b.

Figure 7. Performance evaluation (DepthConv-GRU) with and without sparse learning: (a) without
introducing new classes and (b) with the introduction of a smaller number of classes than existing.

After training the network, we froze the best nodes of the last fully connected layer, as depicted
in Figure 5 (see the dotted line). Each container could download the baseline model (the proposed
adaptable model) and add new classes using sparse learning. Our container-based solution can be later
deployed in the edge sever, where any type of container-orchestration method, such as Kubernetes or
SWAM, can use the container as the fundamental block [37,38].The location of the edge server will be
closed to the client (i.e., car in our case), and can be accessed through authorization (i.e., token, client
certification) based on container orchestration system (i.e., Kubernetes, SWAM, etc.).

Figure 8. Performance evaluation (DepthConv-LSTM) upon introducing more classes than the existing
number of classes (a) using the ranking of nodes, (b) comparison of the ranking of nodes obtained
using the average activation method.
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Figure 9. Performance evaluation (DepthConv-GRU) upon introducing more classes than the existing
number of classes (a) using the ranking of nodes, (b) comparison of the ranking of nodes obtained
using the average activation method.

6. Discussion and Conclusions

The proposed model is a lightweight deep-learning solution for driver identification. Notably,
it is more compact than the state-of-the-art algorithms and outperforms them in terms of accuracy
(see Table 2).

Compared with the state-of-the-art algorithms, the proposed solution is more robust to anomalies,
thereby providing a better solution in real-time situations in the case of any malicious noise in
sensors or the communication of CAN bus data. Moreover, our algorithm is equipped with a
sparse-learning feature that enables it to absorb a more significant number of classes than that by
traditional techniques in the container environment for driver-behavior identification. Furthermore,
our proposed deep-learning architecture is more compact than even the compressed versions of
conventional algorithms. To achieve a competitive accuracy, we fine-tune the degree of overlap in
the window (i.e., the length of time steps). The overlap does not contribute to the model size but is
crucial in the performance of the subsequent deep-learning architecture in time-series classification,
such as driver identification in our case. The method of augmenting the RNN layer(LSTM/GRU) with
a convolutional layer is also crucial in terms of the computational complexity and convergence of the
deep-learning architecture for driver-behavior identification. In case of sparse learning, when existing
number of classes are significantly more than new classes, we prefer ranking of magnitude technique
to use as node selection method at fully connected layer. Contrarily, in case, the number of new classes
are greater in number than existing classes data, we prefer to utilize average activation technique [54]
as node selection method for sparse learning. We successfully deployed the proposed deep learning
architecture on NVIDIA Docker to run it in a container environment using Jetson embedded platform
(Xavier, Tx2, Nano). Subsequently, the proposed model can be run as an instance(container), and adjust
a greater number of classes incrementally using sparse learning, by multiple containers in a real-time
container environment at edge server, under the umbrella of edge computing.
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