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Abstract

In autonomous vehicular systems, object detection performs a fundamental task in
which real-time processing and energy efficiency are crucial for execution on edge de-
vices. Faster R-CNN, which are conventional deep neural network based detectors,
provide high accuracy but at the same time sustain substantial power consumption
because of continuous and computationally intensive operations. This research pro-
poses the design of a hybrid spiking deep neural network that is energy efficient in
object detection by integrating the architecture of SNN (Spiking Neural Network)
that uses LIF (Leaky Integrate and Fire) neurons and temporal spike processing
into the feature extraction stage, reducing redundant neural activities simultane-
ously preserving effective object detection functionality by utilizing event-driven
spiking computation. The framework is assessed on the KITTI dataset which com-
prises real world scenarios of autonomous driving. Experimental evaluation shows
that it achieves a mAP@0.5 of 0.7395, a mAP@0.7 of 0.5926 and a COCO style
mAP@[0.50:0.95] of 0.4771 along with high recall and robust localization. More-
over, the hybrid model enhances detection accuracy over regular SNN models and
improves recognition of small and distant objects. These results validate that the
presented model has a potential and promising aspect for constructing energy effi-
cient object detection systems for autonomous and edge based deployment.

Keywords: Spiking Neural Network (SNN), Faster R-CNN, Object detection, En-
ergy efficiency , KITTI dataset, edge computing, Autonomous driving.
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Chapter 1

Introduction

1.1 Background

Autonomous vehicle is a type of technology, where a car can make its own decision
while driving. Such vehicles are capable of responding effectively to traffic hazards,
whether by stopping for pedestrians or obstacles or by making real-time decisions to
avoid potential collisions. The integration of such vehicles aims to enhance modern
lifestyles by reducing the burden of decision-making during driving. For instance,
momentary lapses in driver concentration can result in serious accidents, a risk that
autonomous systems are designed to minimize. Autonomous vehicles are something
that can help to guess what will happen in future and notify the driver beforehand
or it can drive it by itself [1]. Additionally, there will be less of a traffic hazard
because autonomous vehicles are completely programmed where they know how to
make the best decisions while driving. It is better for new drivers, so it will make
their life a lot easier and will improve the traffic system. Moreover, in situations
where people who are not supposed to drive cars such as someone who doesn’t have
their driving lessons yet, or someone with disabilities who cannot function a car,
those people are someone who can be highly beneficial from this modern technology.

However, autonomous vehicles are still yet to develop completely. Currently, few
tech companies have run some tests, where the accuracy of the autonomous vehicles
weren’t satisfying as different people were injured. Additionally, it raises a question
like, if there were a situation where the car has to save either one person or a group
of people, which decision will it take? Moral questions like that need to be answered
before it is available for the consumers. Moreover, there is concern whether it will be
energy efficient and environmentally friendly or not? Autonomous vehicles are fully
electric and use highly powerful sensors and cameras to detect objects. The fact
that they do not consume fuel does not mean that they are energy-efficient. Still,
when powered by renewable energy sources, autonomous cars can be more effective
and eco-friendly than conventional cars.

1.2 Rational of the study or motivation

In computer vision, object detection mainly deals with locating and spotting ob-
jects by viewing images or videos. Thanks to their ability to find complex fea-
tures from images without any training, Convolutional Neural Networks especially



have changed the field. They focus on achieving reliable results in difficult situa-
tions, more than the traditional approaches that feature are engineered beforehand.
Checking on surveillance projects, yielding fine results in field like self-driving vehi-
cles, medical imaging, and business analytics, these DNN models like YOLO, SSD,
and Faster R-CNN are highly effective. They are skilled at working with different
sizes, light conditions, and how objects are positioned, making it simple to analyze
large sets of information with powerful GPUs [2].

It is challenging to deploy DNNs in energy-limited regions since they take a lot of
computing power. For this reason, researchers are now looking into Spiking Neural
Networks (SNNs). SNNs reproduce the type of communication that happens in the
brain by quickly sending out bursts of information labeled as spikes rather than
slower and regular data. Being event-driven, this type of computing uses less elec-
tric power and complements hardware created for performing low-power operations.
Traditionally, SNNs were unable to complete complex tasks such as object detection
as well as DNNs because of problems with training and spike computation. Now,
improvements and advancements in this field are closing the gap between the two.
The major goal of SNNs for object detection is to reach similar accuracy as DNNs,
but while using far less energy, which allows for quick detection of objects in mobile
phones and other devices.

1.3 Problem statement

Autonomous vehicles are self-driving cars powered by artificial intelligence and this
makes them move safely to their destinations. These vehicles take measurements
in the form of cameras, LiDAR, radar and other sensors to know what is around
them. This information assists the car to recognize the objects, comprehend the
traffic conditions and prevent accidents. Machine learning models then process the
collected data to assist the vehicle in making decisions in driving.

Deep Neural Networks (DNNs) are widely applied in self-driving cars to perform
such tasks as object recognition, lane recognition, and predicting traffic. DNNs
are based on the ability to process images and other sensor input continuously.
They examine a number of frames per second with multiple layers of artificial neu-
rons. Even though DNNs are very accurate, they consume a lot of power since they
are constantly processing data even when the environment is not changing. This
consumes a lot of energy, which makes DNNs inappropriate to vehicles with small
computing and power capabilities. However, Spiking Neural Networks (SNNs) do
not operate like DNNs. They are driven by the way the human brain processes
information. SNNs are not processing data continuously but instead, they just re-
spond to a change in input. They transmit information by means of spikes and as
such, they can only process information when something of importance occurs like
movement on the scene. Due to this event-based behavior, the SNNs use much less
energy and are most effective when these are applicable in real time.

However, the basic designs of SNN are not as efficient as DNNs for complex vision
tasks. To overcome this, hybrid systems that make use of SNNs and DNNs are
utilized whereby the power efficiency of SNNs is used together with the good pre-



cision of deep networks. This paper incorporates a spiking neural network into a
Faster R-CNN system to detect the objects. The main problem lies in the question
of how to develop a fast and energy efficient hybrid model capable of being able to
handle visual or event based data on resource limited devices like those utilized in
autonomous systems. The proposed approach will ensure that it is supported with
a high level of accuracy and consumes less power by integrating the strengths of
SNNs and DNNs, which makes it applicable to real-world edge applications.

1.4 Objective

The primary task of the project is to design, program and test a fast and energy-
efficient hybrid Spiking-Deep Neural Network (SNN-DNN) object detector. Object
detection is a very important aspect of computer vision and is commonly applied in
autonomous vehicles, robotics, surveillance systems, and other intelligent systems.
These systems need models that have the capability of making rapid and correct
decisions as well as use minimum power.

Object detection in traditional Deep Neural Networks (DNNs) has been performed
well since it is able to learn rich features on large datasets. Nevertheless, DNNs
are constantly running computations and need an extensive amount of computing
resources, which is why it makes them less applicable to devices with constraints.
Spiking Neural Networks (SNNs) are event-based processors of information, thereby
being very energy efficient. Nevertheless, SNNs themselves can be affected by the
challenges including reduced accuracy on complex vision tasks [3].

To overcome these shortcomings, the proposed study is aimed at incorporating SNN
into a Faster R-CNN architecture to combine the low power consumption of SNNs
with the high detection rates of DNNs. The purpose of the project is to enhance
speed, precision, and energy efficiency during the object detection tasks, which sug-
gests the model is applicable when used on edge and low-power devices.

This research aims to find out:

e To develop a hybrid SNN-DNN Faster R-CNN model that is applicable to
real-time detection of objects.

e To detect at high accuracy and still increase the speed of inference.
e To test the presented hybrid model with conventional object detection dataset.

e To examine the model performance as measured by accuracy, latency, energy
consumption, and model size.

e To show that hybrid SNN-DNN models are suitable in the use of low-power
and edge devices.

The study will continue to make a contribution towards the creation of viable, quick
and energy saving vision systems that can be implemented in practice in autonomous
and embedded implementations.



1.5 Methodology in brief

The methodology of this study can be split into four main steps which are dataset
preparation, Model implementation, training and evaluation and comparative anal-
ysis. The figure 1.1 illustrates our work flow in sequence.

1. Dataset Preparation

The benchmark KITTI dataset is utilized in this work, and it is dedicated to au-
tonomous driving and includes annotated real-world street scene data. The dataset
includes objects like pedestrians, cars, bicycles etc. In addition, to suit our research
purpose, we have prepared the dataset to both training and testing splits. In addi-
tion, there are scaling, flipping, normalization etc data augmentation strategies to
augment power of generalization.

2. Model Implementation

This paper compares two streams of object detection, a regular DNN-based Faster
R-CNN and a hybrid model of Faster R-CNN with SNN. The use of this design will
incorporate the energy performance of SNNs and the performance of DNNs when it
comes to detecting.

3. Training and Evaluation

The two models are also trained and tested on the identical split of the data to
enable them to be compared fairly. It is evaluated in the parameters of the nor-
mal object detection metrics, the mean Average Precision (mAP), Intersection over
Union (IoU), and the inference latency. The backpropagation of the DNN elements
and the spike-based processing rules determine the training of the SNN backbone
respectively.

4. Comparative Analysis

The two models are contrasted to each other to evaluate the detection accuracy,
inference speed, energy usage and complexity of the model. As this discussion
will determine, this is the performance-power consumption trade-off followed by
the suitability of the hybrid SNN-DNN model to execute on edge and resource-
constrained systems (autonomous and real-time systems).



Data Collection

Dataset Split
Train: 80% Test: 20%

Data Preprocessing

Resize, Augmentation,

Normalization

Faster R-CNN (

[ CNN Backbone ] [ RPN+RoiAlign + Head ] [ Spiking Backbone (LIF neurons) ] [ RPN + Detection Head ]

Faster R-SNN (Hybrid)

Conventional
Faster R-CNN

/ /

g II Performance E! i < g

[ Comparison Analysis ]

Findings &
Insights

Figure 1.1: Work Plan

1.6 Research contribution

The proposed thesis has a contribution to the field of energy-efficient computer vi-
sion. Rather than completely superseding the conventional deep learning models,
this work replaces the chosen internal units of the Faster R-CNN architecture and
incorporates the spiking neural concepts. It is an efficient way to minimize energy
consumption and still achieve reasonable object recognition.



The primary findings of this study are as follows:

e Creation of spiking computation hybrid Faster R-CNN: This paper demon-
strates that it is possible to convert Faster R-CNN to a hybrid SNN-based
model without altering its general detection framework. The key steps like
feature extraction, region proposal generation and object classification are
kept, and internal layers are transformed to spike-based processing.

e Object detection design that is energy efficient: The given model makes use of
the spiking neurons which process information on the basis of discrete events,
rather than the continuous values. Such behavior of events can minimize the
amount of computing that should be done and reduce power usage, making
the model an appropriate model for edge devices and low-power vision.

e Better accuracy in comparison with fully spiking models: Compared to a fully
spiking neural network, the hybrid design is simpler to detect objects more
accurately, since it uses both traditional convolutional layers and spiking com-
putation. This trade-off enables the model to have the advantage of spiking
based performance without the loss of performance frequently observed in en-
tirely SNN-based detectors.

e Better detection of small and remote objects: combination.Height-based dis-
cussion reveals that the Hybrid R-SNN maintains more detections with small
or distant objects than the traditional Faster R-CNN model does. This is
an advantage that exists due to the temporal characteristics of spiking neu-
rons which enables weak visual signals to build up over time to be detectable.
This conclusion demonstrates the appropriateness of hybrid spiking models to
challenging cases of detection.

e Accuracy/energy Trade-off analysis: The thesis gives an analysis of the trade-
off between performance in detection and energy-saving. The findings indicate
that good detection accuracy may be obtained at lower computational cost,
and this provides the practical importance of hybrid models.

e Enhanced memory of safety-critical applications: The hybrid model has better
recall, as shown by object classes, that is, it will not be more likely to fail to
see objects in a scene. This property is significant in systems where safety
is a crucial concern like autonomous vehicles and smart surveillance, where
missing a target can be dangerous.

e Generalization of SNNs to complete object detectors: This study broadens the
application of spiking neural networks of simple classification to a full system
of object detection. The suggested hybrid solution paves way to new research
opportunities on developing scalable and energy-conscious vision models on
resource-constrained systems.

1.7 Scopes and challenges

The design and testing of a hybrid Spiking-Deep Neural Network (SNN-DNN) that
would assist in the detection of objects in real-time and in the autonomous systems
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is of concern in the proposed study. The model that will be generated by the re-
searchers through the research they conduct will as well assist in creating a model
that is accurate, fast and also consumes less energy and can be applicable on edge
computing machines with a low level of computing capabilities.

The hybrid model incorporates an SNN backbone in the architecture of Faster R-
CNN, where the event-driven behavior of spiking neurons makes use of the idle
computation. Performance evaluation is performed on the basis of the accuracy,
inference speed, energy consumption, and model size with regard to the standard
object detection data. It also examines how the model can be applied in dynamic
real-world systems e.g. autonomous vehicles where efficient and reliable object de-
tection is critical.

Challenges of Developing a hybrid SNN-DNN system of object detection:

e Training complexity- SNNs use spike information, therefore, it makes opti-
mization and learning even more challenging than general DNNs.

e Performance versus efficiency tradeoff - To achieve high accuracy and lower
latency and power consumption this has to be designed carefully.

e Lack of good software and hardware support - SNNs tools are younger than
DNN frameworks and neuromorphic hardware is not commercially available.

To address these concerns, one needs a system of object detection developed with
practical, fast, and energy efficiency to be employed in edge and autonomous appli-
cations.



Chapter 2

Literature Review

2.1 Preliminaries

Particularly with autonomous driving and advanced driver assistance systems (ADAS),
the integration of artificial intelligence in vehicle systems has become a major focus
of research. Object detection is the core focus in autonomous vehicles. The choice
of neural network architecture becomes crucial as vehicular systems significantly
rely on edge computing architectures to meet real-time processing requirements
while reducing latency and maintaining efficiency. Thus we decided to examine the
comparative landscape between Spiking Neural Networks (SNNs) and Deep Neu-
ral Networks (DNNs) for object detection applications specifically focused for edge
devices in vehicular environments. Spiking Neural Networks represent an exam-
ple toward biologically-inspired computing, processing information through discrete
spikes rather than continuous values. This approach offers theoretical advantages
in energy efficiency, making SNNs particularly attractive for battery-powered edge
devices in vehicular applications. But the application of SNNs to object detection
remains in relatively early stages compared to DNNs. Recent research has explored
the conversion of pre-trained DNNs to SNNs, as well as direct training of SNNs for
computer vision tasks. On the other hand, deep Neural Networks have dominated
the object detection landscape in vehicular applications, with architectures such
as YOLO, SSD, and R-CNN variants being extensively adapted for automotive use
cases. Research has demonstrated that DNNs can achieve high accuracy in detecting
vehicles, pedestrians, traffic signs, and road markings under various environmental
conditions. While DNNs have established dominance in vehicular object detection,
the theoretical advantages of SNNs in terms of energy efficiency and event-driven
processing present compelling opportunities for edge deployment. Thus this research
aims to address these aspects by providing a thorough comparative study that eval-
uates both models under realistic vehicular edge computing constraints. Therefore,
in this section, we also review some of the past research papers where all these
techniques are used and analyze their results, limitations, and improvements in the
future.

2.2 Review of existing research

ECSLIF-YOLO combines Al frameworks of ECS-LIF spiking neurons and the YOLO
to enhance object recognition in autonomous driving [4]. Extracellular space dynam-
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ics leads to a more stable, robust, and biological SNNs. Performances on BDD100K
and KITTI reached a peak of 0.917 at real-time (;75 FPS) performance, which
performs better than previous SNN-based models under adverse conditions. Never-
theless, the model operates based on theoretical predictions of energy and presents
a computational complexity, which prevents its practical implementation unless op-
timized further in its hardware.

In [5], the Time-of-Flight (ToF) sensor system was also suggested as a distributed
solution to LiDAR in autonomous driving. The system has seven synchronized ToF
sensors, which cover 360deg, and fused point clouds are processed with an SNN
via temporal voxel coding to achieve 65% mAP on real-world data. The system
is able to identify nearby objects (0.5-6 m) and produce occupancy grids with re-
duced latency and better-blind spot awareness. Nevertheless, it does not work in
high sunshine, the sensor range is low in comparison with LiDAR, and multi-sensor
registration drift and data shortage is one of the major issues.

Study [6] suggested SFDNet, a complete spiking based object detector model which
combines RGB images and event cameras to create power-saving car vision. It
presents a neuron model, Leaky Integrate-and-Multi-Fire, and a two-pathway net-
work with a spiking YOLOX detection head to process the entire system. As-
sessments on both PKU-DAVIS-SOD and DSEC-Detection datasets demonstrated
state-of-the-art results with low-light and motion-blur conditions and using up to
32x less energy than all-conventional solutions. Nevertheless, the task of detection
of small or occluded objects is very difficult as it has a class imbalance and may also
lose information during the event-to-image conversion.

The robustness of automotive object detectors under camera artifacts and video
compression artifacts was studied in Study [7]. The application of KITTI MoSeg
with Faster R-CNN and YOLOv5 demonstrated that compression alone did not
have significant effects but could achieve up to 90 per cent higher accuracy in the
absence of serious noise and hindrances. The augmented data retraining enhanced
the robustness by up to 35 percent particularly during moderate degradation. Nev-
ertheless, an extreme occlusion (;80%), and none of the real-world degraded datasets
address evaluation realism.

In [8], RT-SNN was put forward as a real-time scheduling scheme of SNN-based
object detection in self-driving cars. The system makes the timesteps dynamic and
recycles membrane potentials using a membrane confidence measure, thus enhancing
speed and energy consumption. Real-time performance Spiking-YOLO experiments
on KITTI showed to be up to 280x or more energy-efficient than ANN models. How-
ever, the method is restricted to the SNN structures and based on the rigid sequence
of tasks, which can decrease plasticity in a complicated situation.

The first SNN to be developed on 4D radar-based 3D object detection was Spik-
ingRTNH proposed in Study [9]. It proposes Biological Top-Down Inference (BTT)
to decrease noise and improve the detection accuracy in addition to increasing energy

efficiency. When tested on the K-Radar data in a variety of weather conditions, the
model gave 51.1% AP3D, 57% APBEV, and lower energy use by 78%. Nevertheless,
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it is based on the implementation of GPU and demonstrates average performance
deterioration as compared to the ANN baselines.

Saeedizadeh et al. offer a comprehensive overview of existing deep learning-based
2D object detection techniques in AD, specifically in vehicle and pedestrian detec-
tion [10]. In their study, they discuss and classify existing object detection methods
into one-stage and two-stage object detection, including YOLO, SSD, and R-CNN,
and their performance in adverse situations such as occlusion and illumination vari-
ations. More than 90 object detection models and 18 publicly available datasets,
including KITTT and nuScenes, are considered in their study.

A hybrid SNN-ANN model that detects events of an object in an automotive set-
ting with an attention-based bridge module was proposed in study [11]. This mod-
ule transforms the sparse spike information into dense features maps using spatial-
temporal attention, which allows the ANN processing. The Genl and Gen4 experi-
ments recorded competitive mAP of 0.35 and 0.27 using a small number of parame-
ters 6.6M and are highly energy and parameter efficient. Even though performance
can be validated real time on Intel Loihi 2, the attention module introduces compu-
tational overhead and integration costs, and thus needs additional optimization to
implement neuromorphic systems entirely.

Current SNN detectors such as Spiking-YOLO are time consuming, which restricts
real-time edge deployment. To make timestep compression and STDI coding under
timestep compression more efficient in energy-efficient SNN, Study [12] suggested
SUHD. Better accuracy with 2000x/750x fewer timesteps on PASCAL VOC and
300x/150x fewer timesteps on MS COCO, and as many as 400x lower energy usage
was achieved with the converted YOLOv5s model. Nevertheless, spike conversion
can be incapable of preserving temporal information and it does not fully generalize
to all neuron models e.g. LIF.

The authors presented a Spiking Feature Pyramid Network (SpikeFPN) for efficient
event based object detection using less computing power [13]. They proposed a
spike-triggered adaptive threshold and surrogate gradient training to ensure sta-
ble learning while examining membrane potential dynamics. By using the GEN1
Automotive Detection dataset, the model gained 0.477 mAP which demonstrates
a 9.7% improvement over previous SNN baselines and exceeding advanced ANNs
and traditional SNNs. The model heavily relies on sensor data which constraints its
generalization and future expandability in spite of its efficient and robust design.

This study emphasizes event based cameras for vehicular object detection, highlight-
ing their low latency and low power consumption in comparison with conventional
cameras [1]. By utilizing datasets such as GEN1, DDD17, DSEC, PKU-DDD17 and
related benchmarks, It contrasts DNN, SNN, GNN and multimodal methods. This
survey demonstrates that while SNNs are energy efficient and effective in classifi-
cation, they still fall behind DNNs in regression based object detection tasks. It
also notes challenges of event data which comprises irregular timing and poor per-
formance for static objects, indicating sensor fusion with conventional cameras as a
solution.
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The authors presented SPLEAT, a neuromorphic accelerator developed to efficiently
implement spiking neural networks on low power hardware [14]. Each spiking layer
has a dedicated neural processing unit activated only by spikes, facilitating batch
norm fusion and multiple neuron models such as IF, LIF and PLIF. The model is
evaluated on the Prophesee GEN1 dataset utilizing a 32-ST-VGG network which
gained effective object detection with 1.08M parameters using only 490 mJ per
prediction. SPLEAT executes 43% faster with a microcontroller, it’s in 3.1 MB
memory, consumes 1 W power and finishes tasks under 1 s, even though implemen-
tation losses still need improvement.

In [15], the authors propose an energy-efficient FPGA accelerator for SNN-based
object detection models like Spiking-YOLO, which are too large to be deployed
on FPGAs in real-time. Algorithmic optimizations include channel pruning, batch
normalization fusion, and scale-aware quantization. In addition, a fully pipelined
hardware architecture is proposed. Systolic arrays and inference neurons are also
used to improve performance. Experimental results demonstrate a 26x model size
reduction while retaining accuracy and achieving real-time performance at 681 fps
with low power consumption.

Laboni and Abichandani conducted a survey of 151 studies on Event-based Spiking
Neural Networks (SNNs) in the context of object detection in computer vision [16].
The survey paper presents the advantages of using Event-based Spiking Neural Net-
works in terms of energy and low latency. The survey paper covers Event-based and
RGB data sources, spike coding schemes, SNNs, and learning algorithms like STDP
and ANN-to-SNN conversion.

In the research paper titled “Autonomous Driving with Spiking Neural Networks”,

the first unified Spiking Neural Network (SNN) framework for end-to-end autonomous
driving with strict energy constraints, is proposed [17]. SAD is a Spiking Neural

Network-based model for autonomous driving, consisting of spiking neurons for per-

ception, prediction, and planning. SAD creates spatiotemporal bird’s-eye-view rep-

resentations, predicts the future using dual-pathway temporal mixing, and makes

driving plans using spiking recurrence. SAD is competitive with ANN-based meth-

ods on the nuScenes dataset while providing lower energy consumption, making

SNN-based methods suitable for autonomous driving.

R-SNN was presented in [18] as a region-based SNN to detect 3D objects that are
3D hardware-optimized. The model transforms an R-CNN (VGG-16) into a spiking
model by weight normalization with the help of IF and mirror neurons with linear
regression decoding. It was tested on VOC 2007 and scored 63.1% mAP and sur-
passed Spiking-YOLO by using only 6 W on Darwin Mouse hardware. However, it
is limited in terms of its performance because of rate-coding noise and the reliance
on the quality of the original DNN when converting it.

This research proposes a framework integrating spiking neural networks (SNNs) with

event based cameras for detecting objects efficiently [19]. Tt utilizes event encoding,
Surface of Active Events (SAE), LIF based SpikingYOLOv4 and semi automatic
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labeling to extend training data without full manual annotation. The method fa-
cilitates real-time, low power detection in challenging environments and advantages
from CNN to SNN conversion for deep SNN modeling. Outcomes validate its scal-
ability and efficiency with future work intended at handling complex datasets and
deeper SNN architectures.

This research proposes a fully spiking neural network (SNN) object detector for
autonomous driving which is based on Faster R-CNN and trained via surrogate gra-
dients [20]. It attains competitive accuracy on Cityscapes, IDD and BDD datasets
at the same time minimizing energy consumption by up to 85% and demonstrating
robustness to noisy outputs. The authors present a lightweight approach to detect
novel objects utilizing RPN analysis, although it is biased toward known classes.
Future work comprises developing fully spiking backbones, enhancing training sta-
bility and improving SNN adaptability in dynamic environments.

[21] presented a framework that integrates DNNs with a bicycle motion model for
3D object detection and path production in autonomous trams. It utilizes BiSeNet
with Faster R-CNN, FPN based feature extraction and an enhanced Kalman filter
which is trained on BDD100K and nuScenes datasets. The system attained high per-
formance (IoU 0.68, mAP on BDD, 0.62 mAP on nuScenes) and precise short term
prediction (approximately 1 m error at 1 s), particularly for cars and buses. Nev-
ertheless, performance reduces beyond one second because of limited inter-vehicle
interaction modeling and the lack of LiDAR data.

The authors presented a Spiking SiamFC++ framework for object tracking, trans-
forming AlexNet into a spiking neural network and training it utilizing surrogate
gradient methods [22]. The model was trained using the GOT-10K dataset and
evaluated on OTB2015, UAV123, VOT2016 and VOT2018 benchmarks. It attained
strong outcomes which outperformed Siam SNN with 85.24% precision and 64.37%
success, matching SiamRPN++ AUC on UAV123 and demonstrating lower precision
loss than SiamFC++on OTB. It still falls behind ANN based models in complex
scenarios and necessitates further improvement in training complexity and data de-
pendency in spite of superior performance among SNNs.

Spiking Neural Networks (SNNs) are currently considered as an energy-efficient sub-
stitute of traditional CNNs to low-power deep learning, especially in autonomous
driving [23]. Although CNNs have high accuracy, they are computationally expen-
sive, making them unsuitable to be used in embedded systems, whereas SNNs make
use of event-driven processing, sparseness of activation, and asynchronous compu-
tation. The developments in the field of training have allowed SNNs to perform
more intricate tasks like detection and segmentation of objects. An example of
this development is the Spikilii framework, which transforms CNN-based LiDAR
3D object-detection models into SNNs and is able to run on the KITTI dataset in
real-time with competitive accuracy.

In [24], the authors have proposed a Fully Spiking Hybrid Neural Network (FSHN)

architecture for efficient object detection in terms of energy consumption. FSHN
extends a Spiking RetinaNet with a backbone of ResNet-101 and incorporates both
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unsupervised STDP training and supervised backprop training. Experimental re-
sults on the MS-COCO dataset have shown that FSHN outperforms traditional
DNN-based and purely backpropagated spiking neural networks in noisy and low-
label scenarios. Replacing MAC operation with accumulation operation results in
up to 150 times energy reduction.

Traditional CNN- and LSTM-based autonomous perception systems demonstrate
excellent results yet they tend not to be real time synchronized and energy efficient
[25]. This has led to a shift of research towards biologically inspired Spiking Neural
Networks (SNNs) in terms of event driven and power-efficient properties, but with
eventual problems in noisy urban settings. To deal with this, a hybrid Deep spiking
neural network based CRF and Probabilistic Particle Filter (PPF) was introduced.
The PPF-DSNN model enhances real-time detection and tracking and achieves an
accuracy of 96.75 at reduced computational costs which explains its ability to sup-
port scalable autonomous vehicle perception systems.

The authors presented a three-stage camera-based deep neural network approach
for 3D object detection [26]. The framework utilizes a RPN combining bird’s eye
view LiDAR features and RGB image features to produce 3D proposals which is
followed by a segmentation network and TNet refinement. The framework is evalu-
ated on the KITTI 3D object detection dataset and it attained APs of 69.21% for
cars, 43.23% for pedestrians and 55.34% for cyclists. Despite the fusion approach
significantly outperforming existing models, further refinement is still necessary for
real-world applications.

Faster R-CNN was able to detect objects more quickly than R-CNN and Fast R-
CNN,; because it eliminated the sluggish external region proposals. The Region
Proposal Network (RPN) produces bounding boxes based on shared feature maps
and allows end-to-end training and precise and multi-scale localization. The model
achieved superior results to selective search based approaches on Pascal VOC and
MS COCO with real-time performance comparable to GPUs. Its speed and accuracy
balance has enabled it to form a basis of numerous later detection undertakings [27].

2.3 Summary of key findings

Recent advances in spiking neural networks (SNNs) for autonomous driving object
detection demonstrate significant potential for energy-efficient perception systems
while maintaining competitive performance with traditional artificial neural net-
works. ECSLIF-YOLO achieved 0.917 mAP on standard datasets with 75+ FPS
while drastically reducing energy consumption through biologically-inspired extra-
cellular space dynamics, while hybrid SNN-ANN architectures successfully imple-
mented attention-based bridge modules on Intel’s Loihi 2 neuromorphic chip for
real-time processing. Novel approaches like SFDNet integrated RGB and event
camera data achieving 32x power reduction, and distributed ToF sensor systems
provided 360° environmental coverage with 65% mAP for close-range detection. En-
ergy efficiency breakthroughs include RT-SNN’s 280x improvement over ANN base-
lines, SUHD’s 750 x timestep reduction with 30% accuracy gains, and FSHN’s 150 x
energy savings through accumulated operations. Practical implementations showed
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promising results with R-SNN achieving 63.1% mAP on neuromorphic hardware
consuming only 6W, SPLEAT accelerator enabling first successful low-power chip
embedding at 490 millijoules per prediction, and FPGA implementations processing
256x256 images at 681 fps with 4.8W consumption. However, persistent challenges
include limited performance under extreme weather conditions, computational com-
plexity for real-world deployment, reduced accuracy for small object detection due to
dataset imbalances, and gaps between theoretical energy estimates and actual neu-
romorphic hardware validation. Despite these limitations, comprehensive surveys
analyzing over 151 papers and unified frameworks like SAD demonstrate that SNNs
represent a viable path toward sustainable, energy-efficient autonomous driving per-
ception systems, though further optimization for adverse conditions and complete
neuromorphic deployment remains necessary.
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Chapter 3

Dataset Description

The KITTI dataset [28] is an incredibly popular benchmark dataset that is used to
develop an assessment of computer vision algorithms in autonomous driving scenar-
ios. It was surveyed by means of vehicles with several sensors on board like high
resolution RGB cameras, LiDAR scanners, GPS, and IMU systems. The dataset
includes actual street scenes that were taken in urban, rural, and highway settings;
therefore, it is very appropriate in various tasks, including object recognition, object
tracking, depth, and understanding of a scene.

The dataset consists of 7,481 images that were captured on the daily sidewalks,
streets, and roads. Height of images varies between 370-376 pixels with an average
of 374.5 pixels per image. The widths of the images vary between 1224 and 1242
pixels with an average width of 1239.9 pixels per image. The KITTI dataset has
9 classes of objects which are categorised into 9 labels, namely: Pedestrian, Truck,
Car, Cyclist, DontCare, Misc, Van, Person_ sitting and Tram. All in all, objects
are 51,865. The classes are divided in the following way: Car (28,742), DontCare
(11,295), Pedestrian (4,487), Van (2,914), Cyclist (1,627), Truck (1,095), Misc (973),
Tram (511), and Person sitting (222). There are a greater number of car cases in
the dataset than any other category since cars are the most common items that can
be found on highways. There are also fewer instances of other classes such as Tram,
Person sitting since they are not as common when one is on the road [29].

Moreover, the dataset has DontCare regions which depict ambiguous or irrelevant
regions in the scene. These areas are not a part of valid object categories and thus
do not participate in the loss computation and evaluation as part of a regular KITTT
evaluation protocol.

Because of realistic data and exhaustive annotations, the KITTI dataset is com-
monly utilized when it comes to assessing the strength and real-time capabilities
of object detection models. KITTI has been a valuable benchmark in the study of
energy-efficient and neuromorphic vision modeling as a way of studying generaliza-
tion of models to autonomous and edge-based applications in the real world.
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Chapter 4

Requirements, Impacts and
Constraints

4.1 Final specifications and requirements

This work is dedicated to the design and analysis of a Region based Spiking Neural
Network (RSNN)-based framework of object detection to obtain the energy-efficient
visual perception. The system demands neuromorphic-inspired modeling with spik-
ing fire neuron dynamics, e.g. Leaky Integrate-and-Fire (LIF) neurons, which pro-
cess the temporal spike based information. Python is the main programming lan-
guage, deep learning models based on PyTorch with spiking neural networks (e.g.,
SpikingJelly or BindsNET') and simulation of spike activity and network behavior
are the main software requirements. The model needs benchmark object detection
datasets transformed into spike-based representations, and needs to be trained and
evaluated with the help of a GPU. Functional requirements comprise correct local-
ization of objects, low-latency inference, and low power use in comparison to deep
neural networks used in conventional modes.

4.2 Societal impact

The proposed RSNN-based object detection system has significant societal bene-
fits, particularly in applications where energy efficiency and real-time processing
are critical. Low-power intelligent vision systems can be deployed in edge devices
such as surveillance cameras, autonomous vehicles, drones, and assistive technologies
without relying heavily on cloud-based computation. This enhances accessibility,
improves safety, and enables intelligent systems to operate reliably in resource-
constrained environments. Moreover, energy-efficient Al solutions contribute to
broader societal goals by reducing dependence on high-power computing infrastruc-
ture.

4.3 Environmental impact

The conventional deep neural networks demand a lot of computing power, which
is energy-consuming and contributes to carbon emission production. The proposed
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system uses very little energy by taking advantage of RSNNs that can communi-
cate using sparsity in spikes and event-driven processing. This will help in making
computing environmentally friendly by reducing the amount of power consumption,
as well as increasing the life cycle of hardware products. The use of spiking neural
networks contributes to green Al projects and complies with the world-wide policy
of reducing the environmental footprint of massive machine learning systems.

4.4 Ethical issues

The main ethical issue associated with this study is the responsible application of
AT and the use of data. The use of object detection systems can be used in the
situation of surveillance or monitoring and this leads to the issue of privacy and
abuse.

The autonomous vehicle systems also provide the possibility of an ethical dilemma
when collision is inevitable. As an illustration, when one person is standing alone on
one side of the road and a group of people is available on the other side, the car will
have to make the choice that will cause the least harm. This leaves important ethical
questions of decision-making, responsibility, and of the worth of human life. Object
detection and decision systems therefore should be developed in consideration of
ethical rules that guarantee human safety, fairness and responsibilities as opposed
to technology-focused optimization.

4.5 Standards

The proposed system follows established machine learning and neuromorphic com-
puting standards, including best practices for model evaluation, reproducibility, and
documentation. Standard object detection metrics such as precision, recall, and
mean Average Precision (mAP) are considered for performance evaluation. The re-
search also aligns with general software engineering standards for modular design,
version control, and experimental reporting.

4.6 Project management plan

The project is carried out in accordance with a systematic timeline that is divided
into several stages, such as literature review, model design, implementation, experi-
mentation, and analysis. The first stages aim at familiarizing oneself with the RSNN
network and spike-based learning. The next steps include the implementation of the
model, preparation of datasets, and evaluation of the performance. The resources
can be computing hardware, software tools, and academic references. Milestones
and progress reviews are regular and made to ascertain that the project is com-
pleted in time.

The project was done in stages in order to secure systematic progress. Firstly, the

literature associated with RSNN and energy-efficient object detection was conducted
in order to establish the scope of the research. The second step was the design of the
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RSNN-based architecture and choice of suitable datasets. It was then implemented
and experimented on with the help of simulation tools and performance evaluation
and analysis were done. Proper progress monitoring and periodic review of the
progress were ensured to carry out the project in time.

4.7 Risk management

The proposed research has a number of risks. The process of training RSNNs can
be computationally intensive and can be prone to convergence problems because
of non-differentiable spike functions. In order to reduce this risk, surrogate gradi-
ent techniques and well established neuron models are used. The other risk is the
fact that it may result in worse performance than traditional deep neural networks;
this can be mitigated through parameter tuning and a combination of approaches.
Widespread compatibility Hardware and software compatibility risks are reduced by
utilizing popular frameworks.

There were a number of risks that were identified in the development of the project.
A significant risk was that it was not easy to train RSNN models because of non-
differentiable functions of spikes, which were reduced by adopting surrogate gradient
methods. The other threat was that there was a possible gap in performance with
the traditional deep neural networks, which was overcome by the careful parameter
tuning and model optimization. Software or hardware constraints were the technical
risks that were eliminated with the assistance of highly supported structures and
backup settings.

4.8 Economic analysis

Economically, object detection systems that are based on the RSNN have long-term
cost-saving as they use less energy and cost less to operate. The implementation of
energy-efficient models reduces the cost of hardware and the consumption of power
in the long run, even though the initial development and experimentation might
need specialized knowledge and computation resources. This renders the proposed
solution to be economically feasible to large scale and edge based intelligent systems,
especially in low resource environments.
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Chapter 5

Proposed Methodology

5.1 Design process or methodology overview

A hybrid Faster R-SNN is proposed in this study by expanding the conventional
Faster R-CNN framework with spiking neuron dynamics which is influenced by bi-
ological neurons to detect objects in autonomous driving applications. The key
motivation of this research is to present temporal and event-driven calculation into
the pipeline of object detection, conversely handling the localization ability and the
high detection accuracy of Faster R-CNN.

Faster R-CNN completely depends on artificial neural networks (ANNs) using con-
tinuous activations leading to high processing cost and power usage as a result of
complex and recurrent operations. To overcome this limitation, the suggested Faster
R-SNN is an addition of the spiking neural network (SNN) processing into the Faster
R-CNN pipeline, in an ANN-SNN framework. The CNN backbone is kept the same
and it generates regular feature maps which are then subjected to LIF neurons to
transform them into the spike-based representations. This spike-enhanced feature
map is inputted into the Region Proposal Network (RPN) and detection heads which
is left to work in an analog mode. The model applies spiking dynamics without any
changes to either the backbone or detection pipeline, which is achieved by connect-
ing LIF neurons between feature extraction and the RPN.

Temporal spike accumulation and event-based processing of visual features are facil-
itated by the incorporation of Leaky Integrate and Fire (LIF) neurons. This enables
the network to represent visual information throughout several discrete time steps
that decreases redundant activity of neurons and enhances robustness in difficult
conditions for example- occlusion and noise. Simultaneously, maintaining the analog
RPN and detection heads assures the stability of the training and precise bounding
box prediction.

The presented Faster R-SNN model’s complete pipeline along with ANN modules,
spiking modules and spike to spike transition is displayed in figure 5.1.
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Figure 5.1: R-SNN Architecture Diagram

5.2 Leaky Integrate-and-Fire (LIF) Neuron Model

In the proposed Faster R-SNN, neurons are presented by Leaky Integrate-and-Fire
(LIF) which are used to simulate spiking behavior. The following figure represents
the internal functioning of the LIF neuron. The figure 5.2 illustrates the manner
in which the neuron receives the input signals, generates spikes and restores its
condition in the course of time.
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Figure 5.2: Internal Dynamics of LIF neuron illustrating membrane integration,
spike generation and reset mechanism over time

The value of the membrane potential is a time-dependent value of each LIF neuron.
At every time step t, the membrane potential update of V(t) by the following rule:
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V(t) = AV(t - 1) + I(t)

Here, the LIF membrane update rule is a general discrete-time approximation of the
classical leaky integrate-and-fire neuron model, which is commonly used as a spiking
neural network simulation [30]. I(t) is the current input of the CNN feature maps
and [ is the leakage factor, which has a value ranging between 0 and 1. This leakage
leads to the slow decrease of the membrane potential in case no new input arrives.
Consequently, the neuron has the ability to retain the recent inputs and forget the
old inputs which helps the network to process information with time rather than at
once [31].

Once the membrane potential reaches a certain large value and exceeds a predeter-
mined level Vth, the neuron produces a spike. It is a binary signal, i.e. a spike,
which means that the neuron has been excited. The membrane potential returns
to a preset value after discharging (Vreset). A failure to trigger the membrane po-
tential to the threshold will result in the production of no spikes and the neuron
will keep on integrating incoming input. This combination of integration, firing and
reset enables the neuron to be time-based and event-driven.

The spike output S(t) represents the activation of a particular neuron at a given time
period. The magnitude of the input signal is transferred into the amount of spikes a
neuron produces within a sequence of steps. This is what is called rate coding [32].
The spiking neuron layer converts the temporal spike activity to a continuous value
which may be usable by the next analog layers in the network by counting spikes
over time. The technique helps the model to achieve the temporal dynamic of visual
features and improve the consistency of object recognition.

5.3 Data preprocessing

The preprocessing stage prepares the raw KITTI dataset for utilizing it efficiently
during training and testing. Initially, the image and annotation file paths are struc-
tured and object classes are allocated to the numerical labels. The annotation
files are then ready to retrieve significant information such as object categories and
bouncing box coordinates. To ensure data quality, invalid entries, unknown classes
and incorrect bounding boxes are eliminated. Then all valid labels and bounding
boxes are transformed into an organized numerical format which is suitable for deep
learning models. Furthermore, to maintain evaluation and robust model training,
the dataset is divided into 80% training and 20% testing.

Subsequently, a custom dataset loader is utilized to pair each image with its equiv-
alent annotations. While the processed labels are stored in a standardized target
structure, the images are loaded and transformed into a consistent RGB format.
Supplementary information such as bounding box area and image identifiers is also
incorporated for evaluation objectives. To enhance the model robustness, optional
data transformations are employed. Finally, samples are integrated into batches
utilizing a custom function. Through the procedure, the raw dataset is cleaned,
standardized and converted into a model ready state for efficient object detection
training.
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5.4 Implementation of selected design

This model is trained and evaluated utilizing the benchmark KITTI object detec-
tion dataset which is broadly applied for the research of autonomous driving. The
dataset consists of multiple labelled scenarios of real world streets with object cat-
egorization such as car, cyclist and pedestrian which are crucial for safety driven
applications.

For training and testing, the dataset is split into two subsets. Between these two sub-
sets, 80% is used for training and 20% is used for testing. Standardized preprocessing
approaches including resizing and normalization are employed before inputting im-
ages into the network. The resolution of the input images are both consistent and
stable throughout batches over the period of training which is ensured because of
these steps.

5.4.1 CNN Backbone with Feature Pyramid Network (FPN)

The proposed Faster R-SNN model’s backbone is based on the standard ResNet with
Feature Pyramid Network (FPN) framework that is utilized in the Faster R-CNN
architecture. The backbone of the CNN derives the representations of hierarchical
features at multiple spatial scales which permits detection of both small and large
objects.

This backbone, in terms of structure, is maintained to sustain the deep convolutional
networks’ strong representational power in this hybrid model. The multi scale fea-
ture maps are produced by the FPN function as input signals to spiking neuron
layers which facilitate a seamless transition from continuous feature representations
to spike based processing.

5.4.2 Spiking Neuron Layer

The primary contribution of this proposed hybrid model is embodied in the imple-
mentation of a spiking neuron layer directly after the CNN backbone. This layer
substitutes conventional activation functions with LIF neurons.

Each neuron implements input feature activations across T discrete time steps where
its membrane potential progresses as per LIF dynamics. A spike is produced and
the potential is reinitialized when the membrane potential surpasses a preassigned
threshold. This procedure transforms static feature maps into temporal spike trains
which allows the network to collect evidence throughout time instead of depending
on a single forward pass.

This model does not use feedback or iterative connections different from recurrent
neural networks. Rather, temporal information is obtained via spike integration
throughout time steps which delivers temporal robustness excluding incorporating
architectural complexity.
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5.4.3 Spike to Rate Coding Conversion

A spike to rate coding method is applied to interface spiking and non spiking ele-
ments since the RPN and detection perform in the analog area. The binary spike
outputs produced by the LIF neurons are aggregated throughout T time steps and
calculated as the mean to configure continuous feature maps which is shown in the
following through equation:

T
1
Rate = T Z S(t)
t=1
Here, S(t) denotes the binary spike output at t time step.

This rate coded representation maintains the temporal information mapped by spik-
ing activity, concurrently remaining consistent with standard convolutional and re-
gression analysis [32]. Therefore, the hybrid model integrates SNN and ANN mod-
ules effectively without altering the pipeline of Faster R-CNN.

5.4.4 Region Proposal Network (RPIN) and Detection Head

The RPN obtains the rate coded feature maps and produces potential object pro-
posals by estimating scores of the probability of being an object and the offsets of
the bounding box. This level is maintained fully analog to secure precise localization
and stable optimization.

Upon completion of the RPN, RolAlign is employed to retrieve fixed size feature
representations for each proposal. These features are forwarded to the detection
head which carries out object classification utilizing a layer of softmax and enhances
bounding box coordinates [27].

The proposed model prevents instability linked to spiking regression layers and at-
tains detection performance equivalent to conventional Faster R-CNN while taking
advantage of spiking computation in the backbone by managing these phases in the
analog domain.
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Chapter 6

Results

6.1 Initial Analysis

In our experiments on the KITTI dataset, before the proposal of the hybrid model,
we initially evaluated both spiking-based and conventional deep learning object de-
tection models and observed clear performance differences. The SNN-based mod-
els, namely Spiking-YOLO and SUHD, showed comparatively lower detection accu-
racy. Spiking-YOLO achieved an overall precision of 29.91%, recall of 17.21%, and
mAP@QQ.5 of approximately 0.05, while SUHD obtained a precision of about 19.8%
and recall of 30.1%. Although both spiking models were able to detect larger and
more frequent object classes such as cars and trucks, they consistently struggled
with smaller or less frequent classes like pedestrians and cyclists, resulting in low
recall and higher false-negative rates.

In contrast, the DNN-based models demonstrated substantially stronger perfor-
mance across all evaluation metrics. YOLOv) achieved the best overall results,
with a micro-average precision of 82.48%, recall of 90.39%, and F1 score of 86.25%,
indicating robust and reliable object detection across all classes. The SSD model
also performed competitively, achieving a precision of 0.831, recall of 0.439, and
mAP@Q.5 of 0.423, offering a balanced trade-off between accuracy and computa-
tional efficiency. Overall, these results indicate that while SNN-based detectors
show promise due to their potential energy efficiency, their detection performance
currently lags behind conventional DNN-based models, emphasizing the need for
further architectural and training improvements in spiking networks.

After seeing these outcomes, we developed and evaluated the proposed hybrid model.

6.2 Performance evaluation

Disclaimer: All experiments and evaluations presented in this study were con-
ducted in a controlled simulation environment using Jupyter Notebook with the
PyTorch deep learning framework on a desktop system running Windows 11 and
equipped with an NVIDIA GeForce RTX 3070 Ti graphics card. GPU power con-
sumption was measured using MSI Afterburner, which provides software-based esti-
mates of GPU power usage during training and inference. As both performance and
energy measurements are influenced by the underlying hardware, operating system,
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software framework, driver behavior, and monitoring methodology, the reported re-
sults are specific to this experimental setup and should be interpreted within this
context. Consequently, these findings are not claimed to be universally general-
izable across different platforms, configurations, or real-world and neuromorphic
deployment environments, and further evaluation under diverse conditions would be
required to establish broader generalizability.

The Faster R-CNN model and Hybrid model’s performance is analyzed by using the
benchmark KITTI dataset which consists of eight types of object classes such as car,
pedestrian, truck, van, person sitting, cyclist, tram and miscellaneous. The dataset
is segmented as training and testing subsets that follow established evaluation pro-
tocols.

Object detection accuracy is mainly evaluated utilizing Intersection over Union (IoU)
where a predicted bounding box is regarded as correct if its overlap with the ground
truth is greater than a pre-specified threshold. In this research, an IoU threshold of
0.5 is applied as the baseline standard and the corresponding mean Average Precision
(mAP@0.5) is utilized as the main evaluation metric because of its broad adoption
in autonomous driving standards. To analyze further, localization precision under
more stringent conditions, additional evaluations are performed utilizing mAP@Q.7
and COCO style mAP@[0.50:0.95] which averages performance throughout multiple
thresholds of IoU and delivers a more in-depth measure of detection robustness.

Additionally, detailed class-wise evaluation is conducted using Average Precision
(AP) for each object class to evaluate class specific behaviour along with global
mAP values. Precision, recall, F1 score metrics are further integrated to measure
the trade-off between false positives and false negatives which is specifically cru-
cial for safety critical autonomous driving applications. Furthermore, to evaluate
misclassification patterns among visually similar object categories, confusion matri-
ces and related visualizations are used which facilitates deeper understanding into
model strengths and limitations.

6.2.1 Performance evaluation workflow of Hybrid R-SNN

The presented hybrid architecture’s overall performance for the detection on the
KITTTI object detection dataset is condensed in the following manner:

e mAPQ@Q.5: 0.7395
e mAPQ@Q.7: 0.5926
e mAP@[0.50:0.95]: 0.4771

The high value of mAP@0.5 shows the model’s high detection efficacy based on con-
ventional evaluation criteria. Furthermore, the values of mAP@Q.7 and mAP@[0.50:0.95]
indicate precise localization performance utilizing higher overlap thresholds. These
outcomes validate that this model can not only localize but also classify objects
throughout various levels of spatial precision efficiently.
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Per Class Quantitative Analysis:

The trained hybrid model acquired class wise precision, recall, F'1 score, truth posi-
tive (TP), false positive (FP) and false negative (FN) are calculated on the basis of
the final results of the evaluation. The numerical results for the object classes are
presented below:

Class Precision Recall F1 Score Support TP FP FN
Car 0.4148  0.9900  0.5848 5843 5673 8002 170
Cyclist 0.1652  0.9493  0.2814 283 263 1329 20
Misc 0.0839  0.8623  0.1528 184 155 1692 29
Pedestrian 0.1541  0.9194  0.2642 935 841 4615 94
Person_sitting  0.1105  0.6775  0.1900 73 48 386 25

Tram 0.1771  0.9311  0.2976 90 82 381 8

Truck 0.2660  0.9779  0.4183 238 228 629 10
Van 0.2332  0.9695 0.3761 575 546 1795 29

Table 6.1: Precision, Recall, F1 Score, Support, true positive (TP), false positive
(FP) and false negative (FN) for each class.

From the outcomes, it is observed that though across most classes recalls are high
which shows the capability of the spiking based temporal processing to identify a
large portion of ground truth objects, precisions of several classes are relatively lower
because of false positives, specifically in visually similar categories. This compromise
indicates that the model emphasizes object detection coverage which is beneficial
for safety essential systems like autonomous driving.

Additionally, class wise AP (Average Precision) is calculated to study the perfor-
mance of the detection throughout multiple categories of object. The outcomes are
given in a table in the following:

Class Average Precision (AP@0.5)
Truck 0.9093
Car 0.9379
Van 0.8680
Tram 0.8036
Cyclist 0.8180
Misc 0.6109
Pedestrian 0.7443
Person _sitting 0.2234

Table 6.2: Average Precision (AP@0.5) for each class

Here, the results demonstrate that the model accomplishes very high AP for primary
classes such as car, truck and van which are neatly presented in the KITTI dataset
whereas the lower AP scores are detected for visually ambiguous classes such as per-
son sitting which illustrates the challenge of detecting objects with low frequency.
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Height based Average Precision Analysis:

To analyze the performance of the detection under varying levels of object diffi-
culty, height based Average Precision AP@(.5 values are calculated for the domi-
nant classes such as car, pedestrian and cyclist that follow the KITTI benchmark
criteria.

Difficulty =~ Car  Pedestrian Cyclist

Easy 0.9454 0.8313 0.7979
Moderate 0.9110 0.4515 0.8253
Hard 0.9329 0.1165 0.6675

Average  0.9298 0.4664 0.7636

Table 6.3: Difficulty-wise Average Precision (AP@0.5)

These outcomes demonstrate that the model performs significantly for easy and
moderate objects especially for cars and cyclists. For hard pedestrian cases, per-
formance gets lower which generally include small sizes of objects, occlusions and
images with low resolution.

Qualitative and Visual Analysis:

To supplement the quantitative outcomes and to illustrate the learning behaviour
and detection ability of the presented hybrid spiking deep neural network, qualita-
tive and visual representations are displayed here.

Training Dynamics:

The training procedure is evaluated utilizing loss versus epochs and mAP@0.5 versus
epoch graphs. Figure 6.1 and 6.2 represents the graphs respectively.
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Figure 6.1: Training Loss Vs Epoch (Hybrid Model)

mAP vs Epoch

0.7

0.6

0.5 1

mAP

0.4

0.3 —&— mMAP@0.5

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0
Epoch

Figure 6.2: mAP vs Epoch (Hybrid Model)

The training loss demonstrates that there has been a steady reduction while the
mAP@Q.5 curve enhances and stabilizes over epochs that verifies proper learning
and convergence of the model.



Quantitative Performance Visualizations:

Various graphical evaluations are utilized to describe the performance of the detec-
tion:

e Precision-Recall curves are illustrated for car, pedestrian and cyclist classes
that show the balance between precision and recall throughout the thresholds
of confidence. The dotted curve in Figure 6.3 illustrates the performance of the
overall Precision-Recall of the model by merging detections from the classes
of all objects.

Precision-Recall Curves (loU=0.5 matching)
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Figure 6.3: Precision-Recall Curves (Hybrid Model)

e The confusion matrix in Figure 6.4 demonstrates misclassification patterns,
especially between visually similar classes.
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Confusion Matrix (Matched Detections, loU=0.5)
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Figure 6.4: Confusion Matrix (Hybrid Model)

e The false negatives are more recurring for smaller and harder object classes

which is demonstrated by a false positive vs false negative bar chart in Figure
6.5.
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Figure 6.5: False Positive vs False Negative Bar Chart (Hybrid Model)
Qualitative Detection Results:

Sample detection images along with bounding boxes, class labels and confidence

scores are displayed in Figure 6.6 to qualitatively verify the accuracy of detection
through visual inspection
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Figure 6.6: Sample detection results on KITTI images demonstrating predicted
bounding boxes with class labels and confidence scores (Hybrid Model)

Moreover, to achieve a clearer understanding of dataset difficulty, the ground truth
bounding box size distribution is evaluated. The distribution in visualized in Figure
6.7 below.

GT Bounding Box Size Distribution (W vs H) — Val
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Figure 6.7: Ground truth bounding box size distribution for the KITTI validation
set (Hybrid Model)

In Figure 6.8, TP(green), FP(red) and FN(blue) overlays evidently to demonstrate
accurate detections, inaccurate detections and objects that are missed. A confidence
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heatmap is incorporated to display regions of the activation of high spiking neurons
that shows efficient event based feature localization as shown in Figure 6.9.

Pred vs GT Overlay (green=TP, red=FP, blue=FN)

Figure 6.8: Visualization of true positives (TP), false positives (FP) and false neg-
atives (FN) in Hybrid Model results of detection

Confidence Heatmap

Figure 6.9: Confidence heatmap of detection predictions (Hybrid Model)

Analytical Visual Insights:
The IoU distribution histogram in Figure 6.10 demonstrates that most predictions

acquire high convergence with ground truth boxes which validates correct localiza-
tion.
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loU Distribution (Matched Detections, loU=0.5)
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Figure 6.10: Histogram of IoU distribution (Hybrid Model)
Power Consumption Logging:

The following graph in Figure 6.11 shows the value of sustained power consumption
while running the model (in Watts).

MSI Afterburner v4.6.6 hardware monitor n

Figure 6.11: Power Consumption (Hybrid Model)

6.2.2 Performance evaluation workflow of Faster R-CNN

The summary of the overall performance of the Faster R-CNN architecture on the
KITTI dataset on object detection is presented in the table below. The model also

showed significant progress during the training process reaching high precision in
localization and classification.

o mAP@0.5: 0.8590
o mAP@0.7: 0.7358
o mAP@[0.50:0.95]: 0.5920
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Results show the model converged full of success and the mAP@0.5 attains its max-
imum of 0.8590 on the last analysis. This high score is accompanied by a high mAP
0.7 of 0.7358, proving the fact that the model not only identifies objects but also
their location with a high level of overlap with the ground truth.

Per Class Quantitative Analysis:

An evaluation of the performance of the model was done in detail per class to
determine the reliability of the model in the various object classes in the KITTI
dataset. The next table shows the accuracy and recall as well as the Fl-score of
each class and the exact numbers of False Positives (FP) and False Negatives (FN).

Class Precision Recall F1-Score Support TP FP FN
Car 0.5761  0.9706  0.7231 5843 5671 4172 172
Cyclist 0.2675  0.9435  0.4169 283 267 731 16
Misc 0.2175  0.9185  0.3517 184 169 608 15
Pedestrian 0.2762  0.9102 0.4238 935 851 2230 84
Person_sitting ~ 0.1921  0.7945  0.3093 73 o8 244 15
Tram 0.3857  0.9556  0.5495 90 8 137 4

Truck 0.4726  0.9790  0.6375 238 233 260 5

Van 0.4107  0.9600 0.5753 575 552 792 23

Table 6.4: Precision, Recall, F1 Score, Support, true positive (TP), false positive
(FP) and false negative (FN) for each class.

The findings indicate that the model works exceptionally well with the most fre-
quent object in the data set which is the Car category. Its overall performance was
good with an F1l-score of 0.7231. Most of the categories also have very high recall
values in the model with the highest being 0.9706 which is Car and 0.9790 which is
Truck. This implies that the Faster R-CNN model is effective in detecting objects
and it does not miss objects easily. That is, it has a very low false negative.

Nevertheless, other categories get a low score of precision, particularly Person_sitting
and Misc, with the values of 0.1921 and 0.2175 respectively. This implies that al-
though the model identifies the majority of these objects, it is highly prone to errors
by identifying objects that do not exist. Indeed, in the Person sitting category, the
model had 244 false positives but 58 true positives. It indicates that the model is
identifying numerous false objects as well as the true ones.

Such an issue is typical to object detection, in particular, small or less common
classes. The model is then over sensitive and will start recognizing background pat-
terns or other similar forms as real objects. Although it does not lose many objects,
it requires an improved accuracy to minimize these false detections.

Additionally, class wise AP (Average Precision) is calculated to study the perfor-

mance of the detection throughout multiple categories of object. The outcomes are
given in a table in the following:
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Class Average Precision (AP@0.5)

Truck 0.9583
Car 0.9513
Van 0.9285
Tram 0.9049
Cyclist 0.8834
Misc 0.8325
Pedestrian 0.8228
Person_sitting 0.5907

Table 6.5: Average Precision (AP@0.5) for each class

The findings confirm that the model has high AP values over prevailing classes of
vehicles, including Car (95.13%), Truck (95.83%), and Van (92.85%), which have
a high presence in the KITTI dataset. On the other hand, less frequent or more
complex visually, the classes (Person-sitting 59.07%), got lower AP scores. This
gap makes it clear why it is intrinsically difficult to identify objects with large pose
variations or fewer training examples where they can be easily confused with the
more prevalent Pedestrian category.

Height based Average Precision Analysis:

To further examine the strengths of the proposed model, an assessment was done
depending on the height of the pixel bounding boxes of the objects. Object height is
among the major aspects of the KITTI benchmark since it is highly associated with
the distance between the object and the sensor and directly influences the difficulty
of detection. According to the dimensions of vertical pixels, three levels of objects
are illustrated: Easy (large objects), Moderate (medium-sized objects), and Hard
(small objects).

Difficulty = Car  Pedestrian Cyclist

Easy 0.9677 0.8829 0.9061
Moderate 0.9572 0.5810 0.9279
Hard 0.9567 0.2188 0.8000

Average  0.9605 0.5609 0.8780

Table 6.6: Difficulty-wise Average Precision (AP@0.5)

The Faster R-CNN that uses a Feature Pyramid Network (FPN) shows a stable
performance in all these levels of difficulty. For large objects, the model has high
detection rates as demonstrated in the difficult-wise AP@0.5 results as the model
has high scores in Average Precision of Cars (0.9677), Pedestrians (0.8829), and Cy-
clists (0.9061) in the Easy category. It means that the model is effective to address
high spatial and semantic features in the image when the objects are represented by
a larger number of pixels. Medium-sized objects do not decrease performance, and
the Car (0.9572) and Cyeclist (0.9279) classes in particular seem to be advantageous
in the case of the multi-scale feature representation offered by the FPN.
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Nonetheless, performance of detection reduces on small objects in the Hard group,
particularly on Pedestrian class that reduces to an AP of 0.2188. This drop is in-
dicative of the famous problem related to the ability of the region-based detectors to
detect distant and low-resolution objects. Smaller objects occupy fewer pixels and
it becomes difficult to get discriminative features out of such a model. Nonetheless,
the Car and Cyclist classes have relatively high AP values of 0.9567 and 0.8000
respectively, as they have more unique shapes and visual shapes.

Qualitative and Visual Analysis:

To supplement the quantitative values, qualitative assessment was conducted through
visualization of the Faster R-CNN detection results, in the KITTI test sequences.
This discussion is based on the model as to whether it is capable of properly localizing
objects, the confidence of the result, and the presence of overlapping or hidden cases.

Training Dynamics:

The training procedure is evaluated utilizing loss versus epochs and mAP@Q.5 versus
epoch graphs. Figure 6.12 and 6.13 represents the graphs respectively.

Training Loss vs Epoch
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Figure 6.12: Training Loss Vs Epoch (Faster R-CNN)
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mAP vs Epoch
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Figure 6.13: mAP vs Epoch (Faster R-CNN)

Quantitative Performance Visualizations:

Various graphical evaluations are utilized to describe the performance of the detec-
tion:

e Precision-Recall curves are illustrated for car, pedestrian and cyclist classes
that show the balance between precision and recall throughout the thresholds
of confidence. The dotted curve in Figure 6.14 illustrates the performance
of the overall Precision-Recall of the model by merging detections from the
classes of all objects.
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Precision-Recall Curves (loU=0.5 matching)
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Figure 6.14: Precision-Recall Curves (Faster R-CNN)

e The confusion matrix in Figure 6.15 demonstrates misclassification patterns,
especially between visually similar classes.

Confusion Matrix (Matched Detections, loU=0.5)

Car

5000
Pedestrian

Cyclist 4000

Truck
3000

Van

True label

2000
Person_sitting

Tram 1000

Misc

Predicted label

Figure 6.15: Confusion Matrix (Faster R-CNN)
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e The false negatives are more recurring for smaller and harder object classes
which is demonstrated by a false positive vs false negative bar chart in Figure
6.16.

Error Breakdown per Class (FP vs FN) — Val

Figure 6.16: False Positive vs False Negative Bar Chart (Faster R-CNN)

Qualitative Detection Results:

Sample detection images along with bounding boxes, class labels and confidence
scores are displayed in Figure 6.17 to qualitatively verify the accuracy of detection
through visual inspection

Val image #0 Val image #374
5 Q% Pk

Val image #748
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Val image #1122 Val image #1496
v O © -

Figure 6.17: Sample detection results on KITTI images demonstrating predicted
bounding boxes with class labels and confidence scores (Faster R-CNN)

Moreover, to achieve a clearer understanding of dataset difficulty, the ground truth
bounding box size distribution is evaluated. The distribution in visualized in Figure
6.18 below

40



GT Bounding Box Size Distribution (W vs H) — Val

175 - ‘
150 -
125 -
x C
£ 100 - ’ . o
E %I “,"'_‘,,.'
2 X T L)
T 754 .f::‘ § g YRy s
50 -
25 -
o A T T T T T T
0 50 100 150 200 250
Width (px)

Figure 6.18: Ground truth bounding box size distribution for the KITTI validation
set (Faster R-CNN)

In Figure 6.19, TP(green), FP(red) and FN(blue) overlays evidently to demonstrate
accurate detections, inaccurate detections and objects that are missed. A confidence
heatmap is incorporated to display regions of the activation of high spiking neurons
that shows efficient event based feature localization as shown in Figure 6.20.

Pred vs GT Overlay (green=TP, red=FP, blue=FN)

Figure 6.19: Visualization of true positives (TP), false positives (FP) and false
negatives (FN) in Faster R-CNN results of detection
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Confidence Heatmap

Figure 6.20: Confidence heatmap of detection predictions (Faster R-CNN)

Analytical Visual Insights:

The IoU distribution histogram in Figure 6.21 demonstrates that most predictions

acquire high convergence with ground truth boxes which validates correct localiza-
tion.

loU Distribution (Matched Detections, loU=0.5)
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Figure 6.21: Histogram of IoU distribution (Faster R-CNN)

Power Consumption Logging:

The following graph in Figure 6.22 shows the value of sustained power consumption
while running the model (in Watts).
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Figure 6.22: Power Consumption (Faster R-CNN)

6.3 Final design adjustments

As part of the final design optimization, the training strategy of the proposed Hy-
brid R-SNN model was refined through careful selection of optimization and learning
rate scheduling techniques. Stochastic Gradient Descent (SGD) was adopted as the
primary optimizer, with a learning rate of 0.005 to ensure stable and gradual con-
vergence. Momentum was set to 0.9 to accelerate training by smoothing gradient
updates and reducing oscillations during optimization.

To control overfitting and improve generalization, L2 regularization was incorpo-
rated using a weight decay factor of 0.0005. Additionally, a Step Learning Rate
Scheduler was employed, where the learning rate was reduced by a factor of 0.1
every three epochs. This adaptive scheduling strategy allowed the model to learn
rapidly in early stages while enabling finer weight adjustments in later epochs.

These final training adjustments significantly improved convergence stability, re-
duced training loss, and enhanced the overall detection performance of the RSNN
model.

6.4 Statistical analysis

The autonomous perception systems lack a generally standardized equation that can
be used in determining the computational or energy efficiency. It is however com-
mon to measure object detection models on accuracy-latency trade-offs and even
energy-sensitive performance, particularly in a real-time and edge-deployed setting
where researchers benchmark object detectors based on mean average precision and
inference time and associated performance estimates [33]. Moreover, energy- con-
science deep learning research indicates the relevance of quantifying energy usage
by real power and execution time and mapping these values on model effectiveness
through indexes of energy efficiency [34], [35]. Based on these practices, we come
up with the following task specific measures of efficiency.

Basic Efficiency
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Basic efficiency is defined as the ratio of detection accuracy to total inference time,
indicating how efficiently a model produces accurate detections over time.

Hybrid R-SNN Faster R-CNN
Basic Efficiency Basic Efficiency
= mAP@Q0.5 + Inference Time = mAP@Q.5 + Inference Time
= (0.7395 + 656.5008 Secs = 0.8609 + 580.7490 Secs
= 0.00112 mAP /sec = 0.00148 mAP /sec

The Faster R-CNN model demonstrates higher basic efficiency due to superior de-
tection accuracy and reduced inference time, whereas the Hybrid R-SNN exhibits a
modest reduction in speed and accuracy as a trade-off for energy efficiency.

Power Efficiency

Power efficiency quantifies the amount of detection accuracy achieved per unit of
energy consumption.

Hybrid R-SNN Faster R-CNN
Energy Energy
= Power x Execution Time = Power x Execution Time
= 180 W x 13197.9239 Secs =255 W x 11682.3536 Secs
= 2375626.302 Joules = 2979000.168 Joules
Power Efficiency Power Efficiency
= mAP@O0.5 + Energy = mAPQO0.5 =+ Energy
= 0.7395 + 2375626.302 = 0.8609 =+ 2979000.168
= 3.11E-7 mAP/J = 2.88E-7 mAP/J

Although the Hybrid R-SNN consumes lower total energy, it achieves higher power
efficiency, highlighting the benefit of spiking neural computation in reducing redun-
dant operations and enhancing energy-aware inference.

Multi-Metric Efficiency

Multi-metric efficiency incorporates both mAP@0.5 and mAP@0.7 to jointly assess
detection accuracy and localization quality under time constraints.

Hybrid R-SNN Faster R-CNN
Multi-Metric Efficiency Multi-Metric Efficiency
— (mAP@0.5 + mAP@0.7) = (2 x — (mAP@0.5 + mAP@0.7) = (2 x
Inference Time) Inference Time)
= (0.7395 + 0.5926) < (2 x 656.5008 = (0.8609 + 0.7357) = (2 x 580.7490
Secs) Secs)
= 0.00101 = 0.00137
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The Faster R-CNN achieves higher multi-metric efficiency, indicating stronger per-
formance across multiple accuracy thresholds. However, the Hybrid R-SNN main-
tains competitive performance while offering improved energy efficiency, making it
more suitable for power-constrained edge applications.

6.5 Discussions

This discussion expounds the comparison of traditional Faster R-CNN model and
the proposed Hybrid R-SNN model and demonstrates the merits of hybrid spiking-
based object detection. As Faster R-CNN has a better detection accuracy within
the typically used evaluation measures, the Hybrid R-SNN displays characteristics
that will be part of the future energy-efficient and safety-critical vision systems.

The experimental results indicate that Faster R-CNN is better compared to Hybrid
R-SNN in all measures of mean Average Precision (mAP) such as mAP at 0.5, mAP
at 0.7 and COCO-like mAP at [0.50:0.95]. This proves its high capability of local-
izing objects and making accurate predictions. Nevertheless, the Hybrid R-SNN
has a competitive detection performance when using sparse and event-based spiking
computation. This shows that the spiking-based processing would be able to aid
practical object detection requiring much lower computation activity.

Notably, the Hybrid R-SNN demonstrates an evident increase in accuracy compared
to fully spiking object detection models tested previously in this paper. Earlier SNN
based detectors like Spiking-YOLO and SUHD had very low mAP values and could
not detect small or less frequently occurring classes of objects, e.g. pedestrians and
cyclists. Conversely, the Hybrid R-SNN offers significantly better detection accu-
racy and recall between categories of objects. The performance of this improvement
proves that incorporating spiking neurons with conventional convolutional layers can
address the drawbacks of the performance of fully spiking models at a reasonable
cost of energy consumption.

The other important strength of the Hybrid R-SNN is the greater recall in most
object classes. This implies that the model will not be more bound to miss objects
in a scene, but it will bring more false positives. This is a reasonable trade-off in
terms of safety, particularly in systems that are used in autonomous driving, as
missed detections are more dangerous than more detections. The recall oriented
behavior is a design choice whereby the element of coverage is given more emphasis
than exactness.

The effect of height-based analysis also indicates the efficiency of the Hybrid R-SNN
in the hard case. Although the two models can work effectively with large and
medium-sized objects, the Hybrid R-SNN has a higher retention of detection with
small and distant objects. The temporal dynamics of spiking neurons can be used
to explain this advantage, which enables weak visual signals to be accumulated over
time and made detectable.

Regarding efficiency, Faster R-CNN has a lower inference latency, and Hybrid R-
SNN has a higher power efficiency because it has an event-driven neuron activation.
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The present Hybrid R-SNN implementation has only marginally extended inference
time, but its energy-conscious implementation gives it an excellent basis to be opti-
mized in the future.

All in all, Faster R-CNN still proves better in the cases when a high accuracy should
be achieved, but Hybrid R-SNN is a viable advancement of traditional SNN-made
detectors and a promising move in the direction of sustainable and energy-efficient
object detection. As the Hybrid R-SNN is further refined in architecture and its
training quality is enhanced, it can be assumed that the hybrid R-SNN will be able
to achieve increased accuracy without sacrificing its energy-saving advantages.
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Chapter 7

Conclusion

7.1 Summary of key findings

This research shows that implementing the dynamics of spiral neural within a region
based convolutional neural network architecture is not only practical but also effec-
tive. The presented hybrid Faster R-SNN accomplishes the performance of strong
detection on the KITTI dataset which achieves a mAP@0.5 OF 0.7395, mAP@0.7 of
0.5926 and COCO style mAP@[0.50:0.95] of 0.4771. Class wise evaluation demon-
strates notably high Average Precision for primary vehicle classes for example- car,
truck and van while performance decreases for rare and visually ambiguous classes
such as person sitting. Furthermore, height based AP evaluation ensures that the
model operates reliably on easy and moderate objects in line with expectations of
challenges for small and heavily occluded objects, in particular pedestrians at ex-
tended ranges.

Apart from accuracy, the main contribution resides in efficiency. The model gets
positive outcomes from temporal spike accumulation and event based computation
which leads to high recall and decreased repetitive processing through the implemen-
tation of LIF based spiking neurons in the backbone of the Faster R-CNN. Efficiency
metrics demonstrate a beneficial accuracy-time-energy trade off which emphasizes
the applicability of the proposed hybrid Faster R-SNN model for edge devices espe-
cially for the applications of autonomous driving systems. In summary, the findings
confirm that the hybrid SNN-DNN framework can maintain competitive detection
accuracy while also delivering promising benefits in energy efficiency which makes
them a potential candidate for low power vision systems in real time.

7.2 Contributions to the field

The hypothesis of the thesis is: An energy efficient hybrid Spiking Neural Network-
based Faster R-CNN object detection. Rather than rearchitecturizing the whole
architecture, Faster R-CNN key internal layers are implemented in terms of spike-
based processing, but leave feature extraction, region proposal, and classification.
The event-driven spiking neuron model consumes less power and unnecessary com-
putation, so it can be used in edge and embedded systems. The trade-off between
energy efficiency and detection accuracy is also presented by the study, which proves
that reliable object detection can be implemented at lower computation cost and
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expands the use of spiking neural networks to full object detection pipelines.

In this study, we contribute to energy-efficient computer vision by addressing sev-
eral key aspects. First, we create a hybrid spiking Faster R-CNN by converting
selected internal layers to spike-based processing while keeping the overall detection
framework intact. Second, we design an energy-efficient object detector utilizing
event-driven spiking neurons which reduces computation and power consumption
for edge devices. Third, we analyze the accuracy—energy trade-off, showing that our
model achieves good detection performance at lower computational cost. Fourth,
we demonstrate improved recall in safety-critical applications such as autonomous
driving and surveillance. Finally, we extend the application of spiking neural net-
works from simple classification to full object detection, paving the way for scalable,
energy-aware vision models on resource-constrained systems. In addition, the pre-
sented hybrid model attains higher detection accuracy than fully spiking models and
also enhances the recognition of small and distant objects through temporal spike
accumulation.

7.3 Recommendation for future work

This study has shown that a hybrid Spiking-Deep Neural Network could be used
to achieve object detection with higher energy saving than other traditional deep
learning models. The proposed system balances between the detection and lower
computational cost by combining the spiking neural networks with deep neural ar-
chitectures, which makes the system applicable to the low-power environment as well
as on the edge-based systems. The comparison proves the future of neuromorphic-
inspired systems in terms of efficient and sustainable visual perception systems.

To continue working on the model in the future, one can further explore more
complex spiking neuron models and more sophisticated hybrid structures to further
improve detection. More large-scale datasets like MS COCO or event-based vision
datasets may be utilized to test generalization in real-world conditions. Besides,
the implementation of the proposed model on the neuromorphic hardware systems
and training optimization strategies may pave the way to better understanding the
characteristics of real-time performance and energy consumption in practice.
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