Com.puters, Materials & <Térch Science Press
Continua

https://doi.org/10.32604/cmc.2026.074511

ARTICLE Check for

updates

Optimizing CNN Class Granularity for Power-Efficient Edge Al in Sudden
Unintended Acceleration Verification

HeeSeok Choi' and Joon-Min Gil”"

'Elkanah Research and Development Center, Elkanah Corp, Seoul, Republic of Korea
*Department of Computer Engineering, Jeju National University, Jeju, Republic of Korea
*Corresponding Author: Joon-Min Gil. Email: jmgil@jejunu.ac.kr

Received: 13 October 2025; Accepted: 15 January 2026; Published: 12 March 2026

ABSTRACT: Given the growing number of vehicle accidents caused by unintended acceleration and braking failure,
verifying Sudden Unintended Acceleration (SUA) incidents has become a persistent challenge. A central issue of
debate is whether such events stem from mechanical malfunctions or driver pedal misapplications. However, existing
verification procedures implemented by vehicle manufacturers often involve closed tests after vehicle recalls; thus raising
ongoing concerns about reliability and transparency. Consequently, there is a growing need for a user-driven framework
that enables independent data acquisition and verification. Although previous studies have addressed SUA detection
using deep learning, few have explored how class granularity optimization affects power efficiency and inference perfor-
mance in real-time Edge Al systems. To address this problem, this work presents a cloud-assisted artificial intelligence
(AI) solution for the reliable verification of SUA occurrences. The proposed system integrates multimodal sensor
streams including camera-based foot images, On-Board Diagnostics II (OBD-II) signals, and six-axis measurements to
determine whether the brake pedal was actually engaged at the moment of a suspected SUA. Beyond image acquisition,
convolutional neural network (CNN) models perform real-time inference to classify the driver’s pedal operation states
with the resulting outputs transmitted and archived in the cloud. A dedicated dataset of brake and accelerator pedal
images was collected from 15 vehicles produced by 6 domestic and international manufacturers. Using this dataset,
transfer learning techniques were applied to compare and analyze model performance and generalization as the CNN
class granularity varied from coarse to fine levels. Furthermore, classification performance was evaluated in terms
of latency and power efficiency under different class configurations. The experimental results demonstrated that the
proposed solution identified the driver’s pedal behavior accurately and promptly, with the two-class model achieving
the highest Fl-score and accuracy among all granularity settings.

KEYWORDS: Edge artificial intelligence (Edge Al); real-time inference; sudden unintended acceleration (SUA);
convolutional neural networks (CNNGs); class granularity optimization; pedal placement analysis

1 Introduction

Reports of sudden unintended acceleration (SUA) incidents involving various manufacturers and
vehicle models have been intermittently documented worldwide, and disputes over responsibility between
driver pedal misapplication and mechanical defects remain [1,2]. Such incidents have continuously occurred
in several countries including the United States, Europe, and India, resulting in prolonged debates between
automobile manufacturers and consumers [3,4]. In South Korea, approximately 430 SUA-related complaints
are filed annually—corresponding to an average of 1.7 cases per day—and several fatal accidents have
been reported recently [5]. Large-scale recalls and legal actions regarding SUA have been concentrated in
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major automakers such as Toyota and Lexus since the 2000s. A joint investigation by NASA and National
Highway Traffic Safety Administration (NHTSA) in 2011 cited the low likelihood of electronic control system
defects [6]. However, subsequent studies have demonstrated that a simple 5-V short circuit could trigger
unintended acceleration events without being detected as a fault by the Engine Control Unit (ECU) [7],
and that firmware analysis revealed the possibility of throttle control task freezing due to task scheduling
errors [8,9]. Furthermore, several works have identified potential Real-Time Operating System (RTOS)
instabilities in the electronic throttle control system (ETCS) of multiple manufacturers, i.e., the throttle task
may remain blocked and fail to release acceleration commands under certain conditions such as temperature
variations, CAN bus latency, or watchdog reset failures [10].

In recent years, the issue of SUA has reemerged with the rise of electric and hybrid vehicles as well
as advanced driver-assistance systems (ADAS) particularly due to possible control errors in the so-called
one-pedal driving mode [11]. The causes of SUA can be broadly categorized into two groups, one of
which is vehicle-related mechanical or electronic malfunction. Although SUA has been associated with
faults in electronic systems, software errors, and mechanical defects, a single definitive cause has yet to be
identified [12]. The second cause is driver-related pedal misapplication, primarily involving confusing the
accelerator pedal with the brake pedal. This phenomenon is more likely to occur among elderly drivers whose
slower reaction times under emergency conditions increase the risk of pedal misapplication accidents [13].
Moreover, the number of drivers claiming SUA after any vehicle collision has recently increased, leading to
prolonged and costly investigations. As the number of SUA-related claims continues to rise, investigators
frequently encounter difficulties due to the absence of video evidence at the time of the incident. To date, no
court ruling in South Korea has recognized vehicle defects as the primary cause of SUA or assigned liability
to the manufacturer [14].

The verification process for SUA incidents currently involves the vehicle manufacturer retrieving the
vehicle and conducting internal, non-disclosed testing before notifying the owner of the results. Because
these tests are performed privately, persistent concerns have been raised regarding the reliability and
transparency of the collected data. The situation is further complicated by the fact that the primary data used
by manufacturers to determine whether SUA occurred originate from the Event Data Recorder (EDR) [15].
Originally designed to record the deployment process and conditions of airbag systems, the EDR device is
not fundamentally intended as an accident data recorder. Unlike the electronic control unit (ECU) directly
governing electronic control systems, EDR cannot capture precise sensor information but passively records
signals transmitted from the engine control module (ECM) instead. Consequently, numerous works have
reported the inaccuracy and unreliability of data recorded by EDR systems [16,17]. Using EDR data to verify
SUA incidents in conventional fuel vehicles is already problematic, but applying the same approach to electric
vehicles (EVs) that employ one-pedal driving systems—where braking is rarely performed—is even less
appropriate. In such cases, distinguishing regenerative braking from mechanical braking is difficult, and data
interpretation can easily be distorted.

In other words, drivers may intentionally reduce the degree of pressing the accelerator pedal to
decelerate; however, this behavior is often inadequately reflected in standardized EDR parameters. As a result,
accident reports showing “no brake pedal input” may falsely suggest driver error. Therefore, it is essential
to interpret such data in the context of EV-specific characteristics, particularly recognizing that accelerator
release automatically triggers regenerative braking. These limitations have prompted recent works proposing
new methods for detecting SUA events specifically tailored to electric and eco-friendly vehicles, instead
of relying on traditional EDR-based verification [18]. Several commercial solutions using pedal cameras
mounted near the driver’s foot to record pedal movement have recently emerged. Verification must address
the following to determine liability accurately: (1) whether the brake pedal was pressed at the moment
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of the incident, (2) whether it was pressed with sufficient force rather than lightly, and (3) whether the
accelerator pedal was pressed and whether both pedals were pressed simultaneously. However, these systems
are insufficient for verifying all three major conditions required to establish reliable evidence of an SUA
event. Table 1 summarizes representative studies related to SUA verification and vehicle behavior analysis to
provide context for the proposed framework. While earlier works mainly focused on EDR data or single-
sensor detection, recent approaches introduced Al-based recognition but still lacked multimodal integration
and power-efficient Edge deployment.

Table 1: Summary of representative studies related to SUA verification and Edge AT applications. (v = feature included,
X = not considered).

Analysis Power
k (Ref. A h D Real-Ti Limitati
Work (Ref.) pproac ata Source Method eal-Time Efficiency imitations
Wei EDRiuse n Statistical Low data
accident EDR log i X X
etal. [12] . analysis accuracy
reconstruction
Distance )
Cha sensor-based Infrared Threshold logic v X Single-sensor
etal. [13] sensor only
check
Kim Black box for Video + .
etal. [16] SUA evidence sensor Event capture X X Non-real-time
I ED D E
Leeetal [15] [WPrOved EDR prp  cAN ata X X ocus o
data for EV's restructuring storage
Energy-efficient
Rossi CNN for Lightweight Non-SUA-
C v v
etal. [19] real-time amera CNN specific
inference
Deep learning on No explicit
Guetal. [20] p 8 Camera CNN on NPU v X power
NPU platform
measurement
Proposed  Multimodal Edge Cam + IMU CNN Y v Preliminary
approach Al for SUA + OBD-II (optimized) results

Moreover, most existing Al-based approaches still rely on single-sensor inputs or simple classification
architectures; hence the difficulty in precisely distinguishing complex pedal operations and driver behaviors
in real-world driving scenarios. In addition, the computational efficiency and energy consumption of
Al models deployed on edge devices remain underexplored. Although several studies have attempted to
detect SUA occurrences using vision- or sensor-based approaches, few have systematically investigated how
CNN class granularity optimization affects inference accuracy and power efliciency in real-time Edge Al
environments. To address these gaps, this work proposes a multimodal Al-based framework that enables
reliable, explainable, and user-verifiable SUA analysis.

The proposed system integrates infrared (IR) cameras, six-axis inertial measurement unit (IMU), and
On-Board Diagnostics II (OBD-II) interfaces installed in the vehicle to collect multimodal data for precise
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inference. Using convolutional neural network (CNN) models, the system performs real-time inference
based on the camera data collected at the moment of the incident to classify the driver’s foot position into
two situations: brake-pedal pressing and accelerator-pedal pressing. The results are stored in the cloud for
further analysis.

For efficient inference performance, the CNN models class granularity is systematically varied from
coarse to fine levels to conduct quantitative analyses of Al accuracy, model execution time, and power
consumption. In addition, a six-axis inertial sensor (three-axis accelerometer and three-axis gyroscope) is
mounted behind the brake pedal. The accelerometer measures the brake pedal displacement to quantify the
amount of pedal depression, with the gyroscope detecting impact signatures to determine whether the pedal
was physically pressed even when no braking action occurred. Finally, data collected through the OBD-II
interface provide complementary information regarding accelerator pedal engagement and displacement.

The proposed framework enables clear identification of the root cause of SUA events through this work,
distinguishing between system malfunctions and driver pedal misapplications. Moreover, the proposed
solution enhances consumer confidence and improves the overall Quality of Experience (QoE) for drivers
who are concerned about potential acceleration anomalies by offering a transparent, data-driven method for
verifying suspected SUA incidents.

Meanwhile, edge Al systems have emerged in recent years as a promising solution for real-time data
processing on embedded or on-vehicle devices. Edge Al performs inference locally unlike conventional
cloud-based AI, minimizing network latency, reducing power consumption, and enabling instant decision
making. These characteristics are particularly important for safety-critical scenarios such as vehicle SUA
verification where rapid and reliable inference is required.

The main contributions of this study are summarized as follows:

(I)  We propose a multimodal edge AI framework integrating IR cameras, six-axis IMU, and OBD-II
signals to verify Sudden Unintended Acceleration (SUA) incidents in real time.

(2) We conduct a systematic analysis of CNN class granularity to evaluate its effect on inference accuracy,
latency, and power efficiency under various class configurations.

(3) We implement and evaluate the proposed system on an edge AI platform (Jetson Orin Nano),
demonstrating real-time inference capability and energy-efficient performance.

(4) We present a transparent, user-verifiable SUA verification pipeline that enables objective interpretation
of driver behavior based on multimodal data fusion.

2 Motivation

Recent years have seen a continuous increase in the number of SUA incidents reported in various
countries, including Korea. When such accidents occur, the vehicle is typically retrieved by the manufacturer
and tested internally in a closed environment. The driver or consumer has no access to the raw data or
testing procedure, and the final judgment on whether the case qualifies as SUA is unilaterally determined
by the manufacturer. Consequently, there is no transparent or objective mechanism for consumers to
verify the authenticity of the manufacturer’s conclusion or to prove their own innocence in disputed cases.
Recent investigations by NHTSA and NASA have found that most SUA cases are attributed to driver input
misinterpretation or system-level ambiguity—not necessarily software defects—but also acknowledge the
lack of transparent verification processes available to consumers [21].

2.1 Limitations of Current Verification Methods

The current verification process relies heavily on the Event Data Recorder (EDR), a module originally
designed to record airbag-deployment events rather than comprehensive driving dynamics. However, EDR
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suffers from low data resolution in both temporal and physical aspects. Its sampling frequency is typically
limited to 1 Hz or less, which means that short and transient pedal actions occurring within a few hundred
milliseconds cannot be captured. Furthermore, it stores only discrete or binary signals such as brake-switch
ON/OFF or simplified throttle-position values derived from the Engine Control Module (ECM). As a result,
fine-grained variations in pedal displacement, pressure intensity, or acceleration patterns are not recorded,
leading to incomplete or misleading interpretations of accident causes. Prior studies have also emphasized
that the low sampling rate and non-standardized structure of EDR data make it unsuitable for detailed
behavioral reconstruction in crash analysis [22].

2.2 Need for an Edge AI-Based Verification Framework

Addressing these limitations increasingly requires an Edge Al-based consumer verification framework
that can independently record and analyze vehicle behavior at the source. By integrating sensors and pedal-
view cameras on an embedded platform such as the NVIDIA Jetson Orin Nano, pedal operations can
be continuously monitored and classified in real time. The proposed approach enables reliable inference
within 100 ms latency and ensures data integrity through secure cloud synchronization. This architecture
allows independent, objective, and tamper-resistant verification of driver inputs during SUA events. Recent
research has demonstrated that embedded Al systems can achieve sub-100 ms latency for real-time vehicle-
state inference using lightweight CNNs on Jetson-class edge devices; thus validating the feasibility of this
approach [19].

2.3 Research Motivation and Goals

Ultimately, this study is aimed at establishing a technical foundation for consumer-oriented SUA
verification by optimizing CNN class granularity on an edge-level AI system. Through comprehensive
analysis of performance metrics including loss, accuracy, Fl-score, latency, and power efficiency, the pro-
posed method seeks to overcome the inherent limitations of EDR-centric analysis and provide an objective,
transparent, legally defensible verification mechanism for future SUA investigations. Recent studies have
explored the optimization of CNN class granularity to balance model interpretability and computational cost
in edge-based safety systems, highlighting the potential of adaptive class design in real-time applications [20].

3 Our Proposed Solution

This section describes in detail the proposed solution for verifying SUA incidents in vehicles. Fig. |
illustrates the overall conceptual architecture of the developed system. The proposed framework integrates
multiple sensing devices including an IR camera, an OBD-II scanner, and a six-axis IMU consisting of an
accelerometer and a gyroscope. Data acquired from these sensors are synchronized with a cloud server,
allowing clear identification of the driver’s foot position and pedal operation during the suspected SUA event.
Furthermore, a CNN-based image recognition module is implemented to perform real-time classification of
pedal use, specifically whether the driver is pressing the brake or the accelerator pedal. The inference results
are immediately stored in the cloud to ensure transparency and traceability. The system also includes an edge-
level processing unit (on-vehicle edge server) that manages the integration of all three sensing components,
enabling low-latency data fusion and on-device inference.
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Figure 1: Conceptual diagram of the proposed SUA verification system.

3.1 System Architecture

The following are the roles of the edge server and the sensing devices used in the proposed solution.

« Edge Server: Serving as the core processing unit, the edge server employs an NVIDIA Jetson Orin
Nano 8 GB device. It is connected to the three sensor modules, performing real-time inference while
all collected data are locally stored. To ensure data integrity, one image is uploaded to the cloud server
per second. Section 4.1 summarizes the detailed specifications of the edge hardware and sensors used in
the experiments.

o IR Camera: Installed near the driver’s footwell, the infrared (IR) camera records which pedal is pressed
by the driver during the suspected SUA event. It also determines which pedal is being operated at that
moment based on real-time inference.

o  OBD-II Scanner: The OBD-II scanner measures the operation and displacement of the accelerator pedal
during an SUA event. This enables the system to determine whether the driver pressed the accelerator
pedal or simultaneously engaged both accelerator and brake pedals.

o  Six-Axis Inertial Sensor (IMU): Mounted behind the brake pedal, the IMU measures pedal displacement
and shock intensity to quantify the degree of brake engagement. This allows the system to identify
clearly the driver’s braking intent even during transient moments of pedal unresponsiveness caused by
SUA events.

3.2 Data Collection

The collected dataset consists of a total of 24,743 images, with overall size of approximately
69 GB. Table 2 presents the dataset samples and structure including representative vehicle models and
number of collected images. Pedal images were collected from 15 vehicle models produced by 6 different
manufacturers for training and testing, with additional data included for extended validation. The dataset
was divided into training and testing sets at a ratio of 80:20.
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Table 2: Dataset samples and structure.

Objective Manufacturer Vehicle Model Number of Collected Data
KIA The all-new Sportage 2405
Ray 2405
Morning Urban 2406
Carnival KA4 2407
. Renault QM6 2342
Training & Test Chevrolet EQUINOX 2405
KGM Torres 2405
Volkswagen Jetta 2471
Hyundai SONATA DN$ 2407
Casper 2405
BMW X1 46
Chevrolet All-new Malibu 36
For additional validation Hyundai The all-new Grandeur 45
Seltos 43
Avante N 26

3.3 Data Preprocessing

For data labeling, the Ground Truth function of AWS SageMaker was utilized to perform the annotation
process [23]. The dataset was classified into four classes (4-class configuration) based on the driver’s pedal
operation status: no pedal operation, slight brake operation, full brake operation, and accelerator operation.
This classification scheme enables the model to distinguish between normal and abnormal pedal operations
during driving. In addition, the sensing data collected from the OBD-II and six-axis inertial sensors were
not subjected to missing-value imputation since abnormal or missing readings in these sensors may indicate
critical events rather than noise. Fig. 2 illustrates the overall conceptual architecture of the developed system.

(a) (b) (0 (d)

Figure 2: Data collected from the camera for 4 pedal operation classes: (a) No pedal operation; (b) Slight brake pedal
operation; (c) Full brake pedal operation; (d) Accelerator pedal operation.

3.4 Application of Transfer Learning

Transfer learning leverages the knowledge acquired from a pre-trained model to enhance performance
on a new task even with limited available data. Therefore, applying transfer learning to the Al-based
processing of vehicle pedal black-box images makes for an effective, efficient approach. Since the pedal
black-box image data are collected under diverse driving environments and conditions, training a model
from scratch for every situation would be time-consuming and computationally inefficient. For example,
an image-recognition model pre-trained on large-scale datasets such as ImageNet can be used to perform
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fine-tuning on specific pedal operation scenarios such as brake engagement or accelerator activation. The
model can achieve high performance with significantly less training data by adapting the pre-trained weights
to the newly collected dataset. In this work, transfer learning was implemented using PyTorch with several
pre-trained CNN architectures including VGG, ResNet, EfficientNet, Inception, DenseNet, and MobileNet.
The pedal black-box image dataset consists of images captured from various angles and under different
environmental conditions reflecting diverse driving situations. Sensor data corresponding to brake and
accelerator operations were also included. No additional lighting or region-of-interest constraints were
applied to recreate realistic driving conditions.

3.5 Proposed Technical Components of the Solution

This section describes the technical components of the proposed solution in detail.

3.5.1 CNN-Based Class Granularity Design

We conducted experiments usinga CNN model to analyze how class granularity affects overall inference
performance. During the experiments, the number of output classes was dynamically adjusted among 4, 3,
and 2 configurations according to the observed performance variations in order to identify the optimal class
configuration for the proposed solution. The CNN class mapping function is defined as:

&X ->C )

where C = Gy, C,, ..., Cy represents a finite, discrete set of class labels. Each C; denotes a subset of samples
corresponding to the i-th class, with the “hat” symbol indicating that ¢ is an estimated mapping function
approximating the true (ground-truth) mapping function c.

In this work, fine granularity refers to the use of a larger number of classes (e.g., 4-class configuration)
capturing subtle variations in pedal behavior, whereas coarse granularity corresponds to a reduced number of
classes (e.g., 2-class configuration) focusing on broader operational distinctions. By varying this granularity,
the system can balance between interpretability, computational efficiency, and generalization performance.
A comparative analysis was conducted by iteratively modifying the class configuration and evaluating its
impact on loss, accuracy, Fl-score, latency, and power consumption.

The detailed class configurations are summarized as follows:
o 4-class: no pedal operation, slight brake operation, full brake operation, and accelerator operation

o 3-class: no pedal operation, brake operation, and accelerator operation
o 2-class: brake operation and accelerator operation

3.5.2 Probability-Based Assessment of Driver Misapplication

In cases of suspected SUA events, the proposed system analyzes multimodal sensor data to determine
whether the incident was caused by driver misapplication or non-driver-related factors. To achieve this, a
conditional joint probability model representing the dependency structure among behavioral and sensor
variables is constructed as expressed in Eq. (2):

P(B,F,S,Ab,Aa,D) = P(B) P (F|B) P (S|B, F) P (Ab|S) P (Aa|Ab) P (D|Aa) 2)

where each variable represents a distinct behavioral/sensor-based feature:

e D =1: driver misapplication (driver fault)
e D = 0:no driver fault (not driver fault)
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o B =1:the driver pressed the brake pedal

o F =1:the driver pressed the brake pedal firmly

o S =1: no simultaneous pressing of the accelerator and brake pedals
oAb =t: brake pedal displacement increased

o Aa = - 1:accelerator pedal displacement did not increase

o (Optional) A = 1: accident event indicating an SUA occurrence

Class label D represents the driver’s culpability: D = 1 denotes driver fault, whereas D = 0 indicates no
driver fault. Optionally, an additional accident trigger variable A = 1 can be included when an SUA judgment
event is detected.

The complete evidential feature set is represented in Eq. (3):

E=(B=1LF=1,8=1,Ab=t,Aa=~1) ()

The decision rule is then derived from the conditional posterior probability as shown in Eq. (4):

P(D=0|B=1,F=1,S=1,Ab=f,Aa = - 1) = P(B,F,S,Ab, Aa, D = 0)/P(B, F, S, Ab, Aa) (4)

Finally, if the computed posterior probability exceeds predefined threshold 7, the event is classified as
non-driver misapplication as formulated in Eq. (5):

Decision:D=0< P(D=0E) >t (5)

where 7 denotes the decision threshold that determines whether the event is classified as driver misappli-
cation or not. This probabilistic inference approach provides an interpretable, legally defensible analytical
framework for verifying driver innocence in SUA-related incidents, leveraging objective, multimodal
evidence acquired through edge-Al sensing.

4 Performance Evaluation

Prior to the performance evaluation, six pre-trained CNN models were initially employed for transfer
learning to compare their performance. Models exhibiting relatively low accuracy or instability during fine-
tuning were excluded in subsequent evaluations as the class granularity was adjusted.

4.1 Experimental Environment

The experimental setup was implemented on an NVIDIA Jetson Orin Nano 8 GB device, which
performs on-device inference in real time. The edge system was connected to three sensing modules—an
infrared (IR) camera, an OBD-II scanner, and a 6-axis inertial sensor—enabling multimodal data acquisition
and processing. Detailed hardware and software specifications are summarized in the tables below.

4.1.1 Hardware and Software Configurations

The in-vehicle inference tasks were executed on an NVIDIA Jetson Orin Nano development board,
which also handled auxiliary computation and data processing on the edge. All deep learning training pro-
cesses were performed on an AWS SageMaker instance. Table 3 describes the detailed hardware specifications
of each environment, and Table 4 summarizes the corresponding software stacks and libraries.



10 Comput Mater Contin. 2026;87(2):73

Table 3: Hardware specifications of the experimental environments.

Edge/Traln CPU (VCPU) GPU GPU RAM RAM (System
Instance Memory)
1024-core
- A Vl h . h
Jetson Orin Nano 6-core AR NVIDIA Ampere Shared wit

(8 GB) Cortex-A78AE GPU with 32 system memory 8 GB 64-bit LPDDR5

v8.2 64-bit Tensor Cores (up to 8 GB)

ml.p3.2xlarge 8 vCPU 1 x NVIDIA V100 16 GB 61 GB

Table 4: Software environment and key configurations.

Edge/Train Instance Purpose Key Specs

JetPack 5.1.3, Ubuntu 20.04 LTS, CUDA 11.4, cuDNN
8.6, TensorRT 8.5, PyTorch 2.2.0

Jetson Orin Nano (8 GB)  On-device inference

Training Server/SageMaker Training Python: 3.10, PyTorch 2.2.0, CUDA 12.1, cuDNN 9.1.0

4.1.2 Training Details

The training hyperparameters were configured as shown in Table 5. The dataset was split into 80%
training and 20% validation subsets. CrossEntropyLoss was employed as the loss function during model
configuration; therefore, the final Softmax activation was omitted. The AdamW optimizer was adopted, with
the momentum term excluded. Since CrossEntropyLoss implicitly applies the Softmax operation, the model
outputs logits during the training process. Finally, predictions were obtained during inference by applying
the argmax operation to the logits.

Table 5: Training hyperparameters used in the experiments.

Batch Size Optimizer Learning Rate DropOut Weight Decay Epochs Loss Function
32 AdamW 0.0008 0.4 0.0005 30 CrossEntropyLoss

4.2 Evaluation Metrics

The performance of the CNN models was evaluated using multiple metrics. For quantitative perfor-
mance evaluation across different levels of CNN granularity, loss, accuracy, and Fl-score were employed as
key metrics. Furthermore, latency (ms/frame) was measured to verify real-time responsiveness on embedded
edge devices, with power efficiency (FPS/W) analyzed to identify energy-efficient models at the system
level. The primary evaluation metrics used in this study include loss, accuracy, Fl-score, latency, and power
efficiency, mathematically defined in Eqs. (6) and (7). Furthermore, precision and recall were used to interpret
the classification balance between positive and negative samples and conceptually incorporated into the
computation of Fl-score. loss represents the difference between the model’s predicted output and the actual
ground-truth value.
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(6) latency measures the average processing time per frame in milliseconds.

t -t
Latency = -2nd —"start (6)

frames

(7) power efficiency expresses computational efficiency in terms of processed frames per watt.

FPS

Watt @

Power Ef ficiency =

4.3 Quantitative Performance Evaluation of CNN Granularity

Quantitative experiments were conducted to compare CNN performance across different class granu-
larities (2-, 3-, and 4-class configurations). Each configuration was trained under identical hyperparameters
and dataset conditions to ensure fair evaluation. Table 6 presents the quantitative performance results of the
4-class model.

Table 6: Performance results of the 4-class model.

Model Loss Accuracy F1-Score
Train Val Train Val Train Val

MobileNet 0.1243 1.2472 0.9525 0.6595 0.9526 0.6477
ResNet 0.1332 1.5075 0.9478 0.5925 0.9479 0.5712
VGGI19 0.7133 1.1360 0.7046 0.5371 0.7093 0.5262
DenseNet 0.3932 2.1522 0.8443 0.4846 0.8443 0.4820
EfficientNet 0.9133 1.1957 0.6169 0.4898 0.6160 0.4527
Inception 1.0843 1.2216 0.5684 0.4313 0.5675 0.4313

A noticeable tendency toward overfitting was observed across all six transfer learning architectures
as the validation accuracy significantly declined relative to the training results. Such degradation can be
attributed to the limited dataset size and increased model complexity introduced by finer class granularity.
When pedal use is subdivided into four levels such as slight brake operation vs. full brake operation, the
inter-class similarity becomes high; thus leading to ambiguous cases that are difficult to distinguish even
for humans. Under such conditions, class boundaries become indistinct, decision boundary learning is
hindered, and CNN’s discriminative capability becomes inherently constrained. As a lightweight network,
MobileNet fits the training data almost perfectly and converges rapidly even with small datasets but exhibits
a clear limitation in validation performance. ResNet maintains overall stable behavior thanks to its residual
skip connections, but tends to achieve slightly lower validation accuracy than MobileNet. With its deep
and heavy architecture, VGGI19 shows signs of underfitting in this setting; despite performing well on
larger datasets and longer epochs, its effectiveness here is limited. DenseNet demonstrates adequate training
performance but experiences a significant drop during validation, suggesting that its dense connectivity
and large number of parameters may lead to excessive model complexity and hinder generalization on
small datasets. EfficientNet also exhibits mild underfitting; despite its efficient compound scaling design, it
requires a minimum data scale to realize its full potential. Finally, Inception recorded the lowest performance
among the six transfer learning models and—in some cases—even underperformed in terms of the baseline
CNN without transfer learning. Overall, excessively fine class granularity was found to increase inter-class
similarity and degrade model performance across all six architectures.
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Table 7 presents the results obtained from training with the 2-class configuration. In this experi-
ment, MobileNet—which showed the best performance in the 4-class configuration—and VGGI19, which
demonstrated moderate performance, were selected and trained for 30 epochs using the same protocol.

Table 7: Performance results of the 2-class model.

L A F1-
Model 0S$ ccuracy Score
Train Val Train Val Train Val
MobileNet 0.0392 0.0094 0.9835 0.9979 0.9835 0.9979
ResNet 0.1393 0.0711 0.9470 0.9765 0.9470 0.9765

Compared with the 4-class configuration, the overall performance improved when using the 2-class
setup. For MobileNet, both training and validation losses were remarkably low, convergence was stable,
and almost no signs of overfitting were observed. The small gap between training and validation metrics
in both models indicates strong generalization capability. Compared to VGGI19, MobileNet achieved lower
loss and higher accuracy and Fl-score. Interestingly, instances wherein the validation performance exceeded
the training performance were observed. This phenomenon may occur because regularization techniques
applied during training (e.g., dropout and weight decay) intentionally constrain model capacity, but such
constraints are disabled during validation. It may also be attributed to the slightly easier validation dataset
than the training set or from distributional differences introduced by the train-validation split. Therefore,
these results can be interpreted as a reflection of the regularization effects and dataset characteristics rather
than overfitting. Table 8 presents the results obtained from training with the 3-class configuration.

Table 8: Performance results of the 3-class model.

L A F1-

Model 0SS ccuracy Score
Train Val Train Val Train Val

MobileNet 0.5046 4.2616 0.6570 0.5624 0.6580 0.4876

In this experiment, only MobileNet was trained as it exhibited the strongest performance in both 2-
class and 4-class settings. While the 2-class configuration achieved excellent performance and the 4-class
setup showed relatively stable results, the performance dropped significantly in the 3-class configuration.
Clear decision boundaries can be established in the 2-class setup through binary separation, with each
class remaining relatively well-defined in the 4-class configuration. When the classes are reduced to three,
however, the definition of the intermediate class becomes ambiguous; thus resulting in unclear class
boundaries and diminished discriminative capability. Hierarchical restructuring may also exacerbate data
imbalance, leading to prediction bias toward majority classes and degraded performance for minority
classes. These findings suggest that the 3-class configuration adversely affects model performance, and that
careful class definition and data balance adjustment will be critical factors for future real-world vehicle field
experiments. As a result, the 2-class model recorded the highest Fl-score and the lowest loss, demonstrating
better generalization and inference stability compared to other configurations.
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4.4 Real-Time Inference Performance

Real-time inference performance was measured on the Jetson Orin Nano by evaluating frame-wise
latency and throughput (FPS). To evaluate the real-time performance of the proposed CNN class models,
inference latency was analyzed for each processing stage. A custom measurement script was implemented
to record the elapsed time of every frame in milliseconds (ms) during TensorRT-based inference. infer_ms
represents the pure GPU inference time (ms) in this experiment, measured as the duration between the start
and end of CUDA events. This value corresponds to the actual execution time of TensorRT on the GPU,
i.e., kernel execution time. post_ms denotes the time required to obtain the class index from the output
tensor using argmax, whereas total_ms indicates the overall pipeline time required to process a single frame
from image capture through preprocessing, inference, and postprocessing. Since latency is measured in
milliseconds, FPS is calculated by dividing 1000 by total_ms, indicating the number of frames processed per
second. Fig. 3 summarizes the average inference latency of these metrics for each class configuration.

Inference Latency (Time Series) (4-class vs 2-class) Post-processing Latency (Time Series) (4-class vs 2-class) Total Pipeline Latency (Time Series) (4-class vs 2-class)

—e— dclass (avg = 4.60 ms)
—s— 2-class (avg = 4.99 ms)

—e— d-class (avg = 6.01 ms)
—=— 2.class (avg = 6.24 ms)

Milliseconds (ms)
conds (ms)

Miliseconds (ms)

Millise

8
7
6
5
4
3

50 100 150 200 250 300 50 100 150 200 250 300 50 100 150 200 250 300
Frame index Frame index Frame index

(a) (b) ©

Figure 3: Frame-wise latency comparison between the 2-class and 4-class CNN models: (a) Inference latency (Time
Series) showing the GPU computation delay per frame; (b) Post-processing latency (Time Series) representing the time
required to obtain the class index from the output tensor; (c) Total pipeline latency (Time Series) including image
acquisition, preprocessing, inference, and postprocessing stages.

The 2-class configuration achieved average total latency of 10.21 ms or approximately 12.4% lower than
that of the 4-class configuration (11.65 ms), demonstrating superior end-to-end pipeline efficiency. infer_ms
of the 2-class model was 8.91 ms or shorter than that of the 4-class model (10.26 ms), suggesting lower
computational complexity. The difference between the two models was negligible in the case of post_ms,
implying that post-processing contributed minimally to the overall latency. Consequently, the 2-class model
achieved 98.0 FPS, outperforming the 4-class model (85.8 FPS) and confirming its superior real-time
performance. These results confirm that reduced class granularity enhances computational efficiency for
real-time applications.

However, a frame-wise comparison between the two models highlights the need to consider the fre-
quency at which each model achieves faster processing as this factor may influence the overall interpretation
of performance. Fig. 4 illustrates the frame-wise total latency differences between the 2-class and 4-class
models, showing which model processed each frame more quickly.

Each point represents the difference in total pipeline time (4-2-class) per frame, excluding the initial
warm-up section (0-20 frames). The pink points above the zero axis indicate frames where the 2-class
model was faster, whereas the navy points below the axis denote the frames where the 4-class model was
faster. The 2-class model was faster for 143 frames (47.7%) but was outperformed by the 4-class model in
156 frames (52.0%). Only one frame (0.3%) showed identical latency for both models. Although the 2-
class model was slightly faster on average, the frame-wise comparison reveals that both models alternately
dominated with nearly equal frequency. This indicates that the latency difference between the two models
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is negligible yet confirms that the proposed system consistently ensures real-time responsiveness across
different class granularities.

Which model was faster per frame? (Total_ms difference, warmup excluded)
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Figure 4: Frame-wise latency difference between the 2- and 4-class CNN models. Each dot represents the latency
difference (4-2-class) for individual frames, where pink points indicate frames processed faster by the 2-class model and
navy points represent those processed faster by the 4-class model. The distribution visually confirms that both models
maintain nearly equal responsiveness across frames, although the 2-class model shows slightly lower average latency
overall.

4.5 Power Efficiency

This section presents a comparative analysis of power consumption and inference efficiency across
models, emphasizing the trade-off between performance and energy cost. The analysis evaluates the power
consumption and inference efficiency of the proposed CNN models on the Jetson Orin Nano platform. Three
major power metrics were measured using a low-level hardware monitoring script that directly accessed the
INA3221 power sensor on the Jetson board. Instead of relying on high-level tools, the script read voltage (mV)
and current (mA) values directly from the sensor register files under the */sys/bus/i2¢/.../hwmon/hwmon*/’
directory. This approach collects raw power data through the kernel driver interface, ensuring accurate
readings at the hardware level. The logged measurements were saved in CSV format for subsequent analysis
including VDD_IN_W, VDD_CPU_GPU_CV_W, and VDD_SOC_W.

VDD_IN_W represents the total system input power drawn from the power adapter and serves as
the key reference for overall system consumption. It denotes the overall system power consumption and
consequently serves as the primary reference for model comparison. VDD_CPU_GPU_CV_W indicates the
combined power consumption of the CPU, GPU, and CV (Computer Vision accelerator) rails. This value
is the most sensitive power metric during deep learning inference as it directly reflects computational load.
VDD_SOC_W represents the SoC-level power used by memory controllers, I/O peripherals (PCle, USB,
CSI), and other subsystems. This value may also rise slightly as the CNN model size increases and memory
access becomes more frequent, but varies minimally in general compared to CPU/GPU power.

Fig. 5 presents a comparison of power consumption between the 2-class and 4-class models based on
the VDD _IN_ W and VDD_CPU_GPU_CV_W metrics.
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Figure 5: Comparison of total and compute rail power consumption between the 2- and 4-class CNN models. The total
input power (VDD_IN_W) and compute rail power (VDD_CPU_GPU_CV_W) were measured on the Jetson Orin
Nano. The 4-class model consumed slightly higher power due to increased computational load, with both configurations
remaining within the stable 5-6 W operating range.

The total input power (VDD_IN_W) averaged 5.44 W for the 2-class model and 5.61 W for the 4-
class model, corresponding to a marginal increase of 0.17 W (~3.1%) in the latter. The computational rail
(VDD_CPU_GPU_CV_W) averaged 1.32 and 1.44 W, respectively, indicating that the additional compu-
tational complexity of the 4-class configuration leads to modestly higher consumption. The SoC power
(VDD_SOC_W) remained nearly identical (1.27 vs. 1.30 W), implying limited differences in memory or
I/0 load. Overall, both models maintained stable operation within the 5-6 W range, which is well within
the Jetson Orin Nanos power envelope. Table 9 and Fig. 6 summarize the comparative results of three
power metrics.

Table 9: Summary of power consumption metrics for the 2-class and 4-class CNN models.

Absolut
Metric 2-Class 4-Class Di ﬂ:Se (:'el:lcee Relative Difference
(Mean) (Mean) (%) (4 vs. 2)
(4-2)
VDD_IN W 5.44 5.61 +0.17 +3.1%
VDD_CPU _GPU _CV_W 1.32 1.44 +0.12 +9.1%

VDD_SOC_W 1.27 1.30 +0.03 +2.4%
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Figure 6: Summary of power consumption metrics for the 2- and 4-class CNN models.

The 4-class is approximately 3% larger in terms of total input power (VDD_IN_W), and the compute
power (VDD_CPU_GPU_CV_W) is approximately 9% higher. The SoC power difference is minimal at
approximately 2%. Fig. 7 illustrates the inference efficiency (FPS/Watt) comparison between the 2- and
4-class CNN models.

Inference Efficiency (FPS/Watt, 40 samples aligned)
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Figure 7: Comparison of inference efficiency (FPS/Watt) between the 2- and 4-class CNN models.

The 2-class model showed a minor advantage from a power efliciency perspective. Although both
models achieved nearly identical inference speeds (35.38 vs. 35.16 FPS), the 2-class configuration reached
6.50 FPS/W compared to 6.26 FPS/W for the 4-class model—an improvement of roughly 4%—due to
slightly lower power draw. Despite the small efficiency gap, this suggests that simpler class granularity can
yield marginally better energy use under identical conditions. Both configurations exhibited stable total and
rail power patterns with transient fluctuations primarily observed in the CPU/GPU compute rail, which
directly reflects the inference workload. The measured power efficiency values consistently ranged from
5.5 to 6.5 FPS/W, confirming that both CNN models operate efficiently on the embedded edge platform.
In conclusion, the power consumption characteristics of the two models are nearly identical with the
2-class configuration showing slightly better energy efficiency, whereas the 4-class configuration offers
improved prediction stability and reduced uncertainty. Overall, the 2-class model offers slightly superior
energy efficiency without compromising stability, which makes it a more practical choice for real-time
embedded deployment.
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4.6 Discussion

In this section, the experimental results are integrated and discussed to provide a comprehensive
understanding of how class granularity and model architecture affect inference performance and power
efficiency. The final results are summarized in Table 10, which consolidates the accuracy, Fl-score, inference
latency, and power consumption across all class configurations. Note that power and latency measurements
were performed only for the 2- and 4-class models (MobileNet and ShuffleNet) as part of the efficiency
analysis, with their comparative results additionally visualized in Fig. 8.

Table 10: Overall comparison of CNN performance across different class granularities and architectures.

CNN Model Class Config Loss  Accuracy F1-Score Latency (ms) Power (W)

MobileNet 4-class 1.2472 0.6595 0.6477 11.65 5.44
3-class 4.2616 0.5624 0.4876 N/A N/A
2-class 0.0094  0.9979 0.9979 10.21 5.61
ShuffleNet 2-class 0.0203 0.9959 0.9959 11.88 5.99

0.030 14
I MobileNet (2-class)
I ShuffleNet (2-class)

12
0.025

r10

0020 0.9979 0.9979

0.015

Latency / Power

0.010
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0.000

Loss Accuracy F1-Score Latency (ms) Power (W)

Figure 8: Comparative performance between MobileNet and ShuffleNet (2-class) across multiple metrics. The left axis
shows normalized values (Loss, Accuracy, F1-Score), and the right axis represents real-time inference metrics (Latency,
Power).

To ensure a fair, comprehensive comparison, an additional performance evaluation was conducted using
ShuffleNet, a representative lightweight CNN architecture. The results indicate that ShuffleNet—despite
achieving relatively high Fl-score and accuracy—showed inferior performance in terms of inference latency
and power consumption. This comparison further validates that the proposed MobileNet (2-class) model
provides a more favorable trade-off between accuracy and efliciency for real-time embedded inference.

The experimental results demonstrate that the MobileNet 2-class configuration offers the most practical
balance between accuracy, latency, and energy efficiency. Although fine-grained class structures provide
richer interpretability, their computational overhead limits real-time usability on embedded systems. There-
fore, the proposed 2-class CNN configuration is the most feasible solution for edge AI-based SUA verification
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in real-world vehicular environments. In conclusion, the 2-class model demonstrates both superior perfor-
mance and energy efficiency, indicating a clear advantage for real-time edge deployment. shows the
real-time inference display of the 2-class model and the corresponding user solution interface.
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Figure 9: Real-time inference display of the 2-class model and corresponding integrated dashboard view: (a) Real-time
CNN inference operation of the SUA verification solution implemented with the 2-class MobileNet configuration; (b)
User dashboard interface that lets users monitor the brake pedal displacement on the left, accelerator pedal displacement
at the center, and their corresponding foot image on the right. All data are updated every second and can be accessed
via the deployed web dashboard.

5 Conclusions and Future Work

In this work, we presented a lightweight CNN-based approach for verifying SUA events on embedded
edge Al systems. By systematically comparing 2-class and 4-class configurations, the proposed framework
demonstrated that the 2-class model achieved superior performance in terms of accuracy, Fl-score, and
power efficiency while maintaining real-time inference capability. The experimental results confirmed that
the optimized model not only reduced latency but also improved the overall energy efficiency of in-
vehicle verification systems. These findings highlight the feasibility of implementing real-time AI inference
directly on low-power embedded devices such as the NVIDIA Jetson Orin Nano without requiring external
computation resources. The proposed system is capable of performing real-time inference with sub-100 ms
latency, focusing primarily on image-based pedal classification to determine the driver’s foot position
during suspected SUA incidents. This enables transparent and objective verification of driver actions in
real-world vehicular environments. By integrating multimodal sensor data including infrared images, brake
pedal displacement, and OBD-II readings, the system ensures the reliable detection of brake or accelerator
engagement; thus distinguishing between driver misapplication and mechanical malfunction.

As this study presents only preliminary results, the proposed framework cannot be directly applied
to commercial systems yet. Further refinement and integration are required to aggregate all experimental
outcomes and derive more reliable performance metrics.

Additionally, a probabilistic reasoning model originally introduced in will be further devel-
oped and empirically validated in future work. This model is designed to estimate driver intent uncertainty
and provide interpretable explanations by modeling confidence distributions across multimodal sensor
observations. Once integrated, it is expected to enhance explainability and reliability by complementing the
deterministic CNN-based inference results.

For future work, we plan to expand this framework into a Vision-Centric Multimodal (VCM) system
that incorporates temporal information and cross-sensor fusion for higher-level scene understanding.
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The proposed VCM model will perform multimodal reasoning across image, inertial, and OBD-II
data streams unlike the current real-time image-based CNN, generating natural language-based situational
interpretations such as describing the cause of acceleration or braking behavior in semantic terms.

The VCM approach enables context-aware and explainable inference despite its longer processing
latency of approximately 5 to 10 s, bridging the gap between low-latency edge AI perception and multimodal
semantic reasoning for future Al-based automotive safety systems.
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