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DEEP-LEARNING BASED OBJECT DETECTION FOR AUTONOMOUS DRIVING:
APPLICATIONS AND OPEN CHALLENGES

Object detection is a critical component of autonomous driving systems, enabling accurate identification
and localization of vehicles, pedestrians, cyclists, traffic signs, and other road objects. Deep learning techniques
have revolutionized this field, propelling object detection capabilities to unprecedented levels. This paper presents
a survey of state-of-the-art deep learning-based object detection methods tailored for autonomous driving applications
using monocular camera input.

The purpose of this work is to provide a unified perspective on modern deep learning approaches to object
detection tailored for the unique requirements of autonomous driving. The monocular camera modality is chosen
for its cost-effectiveness, widespread availability, and compatibility with existing automotive hardware. The focus is
solely on deep learning techniques due to their ability to learn rich feature representations directly from data.

The methodology involves a systematic review of real-world applications and challenges, including pedestrian
detection, traffic sign recognition, low-light conditions, and real-time performance requirements.

The scientific novelty. This survey consolidates the latest developments in camera-based object detection
for autonomous driving, providing a comprehensive and up-to-date resource for researchers and practitioners.
It offers insights into emerging techniques, such as attention mechanisms, multi-scale feature fusion, and model
compression, which address critical challenges like occlusion handling, small object detection, and computational
efficiency. Furthermore, the survey explores the potential of explainable Al and meta-learning techniques to enhance
the transparency, interpretability, and generalization capabilities of object detectors in autonomous driving contexts.

Conclusions. Deep learning-based object detection has made significant strides in recent years, enabling
robust and accurate perception for autonomous vehicles. However, challenges persist in real-world deployment,
including handling diverse lighting conditions, adverse weather scenarios, and ensuring reliable performance under
occlusions. This survey highlights promising research directions, such as incorporating attention mechanisms,
temporal information, and multi-scale architectures, to address these challenges and pave the way for safer and more
reliable autonomous driving systems.

Key words: object detection, autonomous driving, deep learning, transformers, attention mechanisms, occlusion
handling, real-time performance.
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BUABJNEHHA OB’EKTIB HA OCHOBI NMMBOKOIro HABYAHHA
Ansda ABTOHOMHOIO KEPYBAHHA: 3ACTOCYBAHHA TA BIAKPUTI NPOBJIEMU

BusierieHHsi 06’ekmig € KpumU4YHO 8aXx/IU8UM KOMIIOHEHITIOM CUCMEM asmOHOMHO020 800iHHS, Wo 0038071
moyHo ideHmuebikygamu ma JioKanisyeamu mpaHCcrnopmHi 3acobu, niwoxodie, eenocurneducmis, OOPOXHi
3Haku ma iHwi dopoxHi 06’ekmu. TexHonoaii 2n1uboKo20 Hag4yaHHS 3pPObUNU PEBOMOUID 8 Uil 2anysi, niGHaswu
Moxnueocmi eusiereHHs1 06’ekmie o besnpeyedeHmMHo20 pigHs. Lis cmamms npedcmasnse 020 HalicyqacHiuux
memodie susierieHHs1 06°ekmie Ha OCHO8i 2nUb0oK020 HagyaHHsI, po3pobrieHux Onss do0amkie a8MOHOMHO20 80QiHHS
3 BUKOPUCMAaHHSIM MOHOKYJISIPHOI Kamepu.

Memotro uiei po6omu € HalaHHSI €0UHO20 noansdy Ha cydacHi nioxodu enuboko2o Has4aHHs 00 BUSIBIIEHHS
o0b’ekmis, crieujasibHO po3pobrieHi Onsi yHiKarbHUX 8UMO2 aemoHOMHO20 800iHHS. ModasibHicmb MOHOKYNSIPHOT
Kamepu 0bpaHo Yepe3 i EKOHOMIYHY egbeKmUBHICMb, LWUPOKY AOCMYHICMb | CYMICHICMb 3 iCHYOYUM a8MmOoMObifibHUM
obnadHaHHsaM. OCcHO8Ha yeaza 30cepedxeHa BUKITIOYHO Ha MexHikax arubokoao Hag4aHHs1 3a805KuU ixHili 30amHocmi
gus4yamu rpedcmasneHHs1 bazambox eriacmueocmeti 6e3rnocepedHbo 3 OaHUX.

Memodosnozis nepedbaqae cucmemamuy4HUll 025190 peanibHO20 3acmocys8aHHs ma npobnem, eKKYaYu
susiarieHHs1 niwioxodie, po3risHasaHHs OOPOXHIX 3HAKI8, yMO8U criabKo20 0ceimiieHHs1 ma 8umMoau 00 IPoGyKmMU8HOCMI
8 peasibHOMY Yaci.

Haykoea Hoeu3Ha. Lleli 025150 06’¢0Hye ocmaHHi po3pobku 6 obracmi susierieHHs1 06°ekmig 3a A0NoMO20KH
Kamepu Onsi a8mMoHOMH020 800iHHS, Halaro4u ecebiyHe i akmyarnbHe dxepesio 0n1s GocnidHUKIe i npakmukis. BiH
MPOIMOHYE PO3YMIHHS HOBUX MemoOie, maKuX SK MexaHi3Mu rpusepHeHHs yeaau, bazamomacuimabHe 06’€OHaHHS
eracmugocmell i CmMUCHEHHST MOOeri, AKi eupiwyromb KpumuyHi npobremu, maki Kk 06pobka 3a20pOOXKEHHS,
susierieHHs1 mManux ob’ekmig i eghekmusHicmb obyucnieHb. Kpim moeo, 021510 0ocnifxye rnomeHuyiarn 3p03yMifio20
WmyyHoe0 iHmenekmy, i Memodie MemaHag4yaHHs1 01151 NiG8UUEHHS MPO30POCMi, iHmeprpemauii ma Moxmueocmeu
y3azanbHeHHs1 demekmopig 06°ekmig y KOHmMeKcMi a8MOHOMHO20 800iHHSI.

BucHoeku. 3a ocmaHHI poKu eusisrieHHs1 06°ekmie Ha OCHO8I 2fluboK020 Hag4aHHS G0Cs2/10 3Ha4YHUX ycriixie,
3abesnequswu HadiliHe ma Mo4yHe crpulHsmms 0ns asmMOHOMHUX mpaHcrnopmHux 3acobie. OdHak nid vac
p0320pmaHHs 8 peasibHOMY C8imi 3anuwaromscs npobnemu, 8KmoYaryu pobomy 3 pi3HUMU YMO8aMU OC8IMIIeHHS,
HecrpusmiueuMu Mo200HUMU CUeHapisMu ma 3abesrnedyeHHs HadilHoi pobomu 8 ymMosax 3acopoldxeHHs. Llel
0ensd nidkpecsoe bazamoobiysitodi HanpsmKku O0cChiOxeHb, MakKi sIK 8KITIOYEHHSI MeXaHi3Mie yeaau, mum4yacogorl
iHgpopmauii ma bacamomacwmabHux apximekmyp, wob supiwumu yi npobnemMu ma fpoknacmu winiax Ons
besneyHiwux i HadilHiwWux cucmem agmoHOMHO20 800iHHSI.

Knro4oei cnoea: susierieHHs 06’ekmig, a8moHOMHe 800iHHS, 2ruboke Hag4aHHS, mpaHCHopMePU, MeXaHi3Mu
yeaau, 3a20p00XKeHHS, IPOOYKMUBHICMb y pearlbHOMY 4aci.

Introduction. Autonomous driving systems
(ADS) have garnered significant attention in
recent years, driven by the promise of enhanced
transportation safety, efficiency, and accessibility.
At the core of these systems lies the critical task
of object detection, which enables the accurate
identification and localization of various elements
in the surrounding environment, including vehi-
cles, pedestrians, cyclists, traffic signs, and other
road objects. Reliable object detection is para-
mount for safe navigation and decision-making
in self-driving vehicles, as it provides the founda-
tional awareness necessary to plan and execute
appropriate actions.

The advent of deep learning has revolution-
ized the field of computer vision, propelling object
detection capabilities to unprecedented levels.
Modern deep learning-based object detectors
have demonstrated remarkable accuracy and
robustness, outperforming traditional computer

vision techniques. However, the unique challenges
posed by autonomous driving scenarios demand
even higher standards of performance, reliability,
and efficiency.

Autonomous vehicles must operate in dynamic
and complex environments, where varying light-
ing conditions, adverse weather, occlusions, and
diverse object appearances can significantly
impact detection accuracy. Moreover, the real-time
nature of autonomous driving necessitates object
detectors capable of processing high-resolution
video streams at high frame rates while maintain-
ing low latency, ensuring timely decision-making
and response.

By synthesizing the latest research efforts and
insights, this paper aims to provide a comprehen-
sive understanding of the state-of-the-art in deep
learning-based object detection for autonomous
driving and pave the way for future advancements
in this critical domain.
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Applications and Open Challenges.

Pedestrian detection. This component of
autonomous driving systems is critical to ensure
the safety of vulnerable road users. It enables
self-driving vehicles to identify and track pedestri-
ans in their surroundings, allowing them to make
informed decisions and take appropriate actions
to avoid collisions or other hazardous situations.
Accurate pedestrian detection is essential for
maintaining the trust and acceptance of autono-
mous vehicles by the public.

Despite significant advancements in computer
vision and machine learning techniques, pedes-
trian detection for autonomous driving still faces
several challenges. Occlusion, where pedestrians
are partially obscured by other objects or vehicles,
remains a significant hurdle. Varying lighting con-
ditions, weather patterns, and diverse pedestrian
appearances (clothing, posture, etc.) can also
impact the reliability of detection algorithms. Addi-
tionally, distinguishing between static and moving
pedestrians, predicting their intentions, and han-
dling edge cases like crowded scenarios pose
ongoing challenges.

(Lyssenko et al., 2024) address the safety-crit-
ical aspect of pedestrian detection in automated
driving, where misdetections of critical pedestrians
can endanger vulnerable road users. They intro-
duce a safety-adapted loss function that leverages
time-to-collision and distance information to quan-
tify the criticality of pedestrians during training.
Their approach aims to mitigate the misdetection
of critical pedestrians without sacrificing overall
performance.

Several papers discuss using the YOLO object
detection algorithm for pedestrian detection in real-
time scenarios. (Mishra & Jabin, 2023) and (Zuo
et al., 2021) show that YOLO has proven effective
at detecting and localizing objects in images with
impressive speed. YOLO using transfer learning
on pre-trained models is discussed by (Mishra &
Jabin, 2023). (Zuo et al., 2021) evaluate differ-
ent YOLO variants like YOLO-Tiny, YOLO, and
YOLO-SPP, with YOLO and YOLO-SPP showing
high average confidence, and YOLO-Tiny having
fast detection speed suitable for real-time sce-
narios. The improved YOLO-R model proposed
by (W. Lan et al., 2018) with added Passthrough
layers can effectively improve pedestrian detection
accuracy while reducing false and missed detec-
tions, achieving 25 FPS.

Other works focus on pedestrian detection
using infrared images and multimodal data fusion
techniques. (Wei et al., 2023) propose an approach
using an improved UNet and YOLO network
that shares visible light information from related

datasets, achieving high detection accuracy on
infrared pedestrian datasets, with a real-time
speed of 25.6 FPS on edge devices. (Y. Zhang et
al., 2022) introduce a lightweight vehicle-pedes-
trian detection algorithm based on YOLOv4 with a
MobileNetv2 backbone, multi-scale feature fusion,
and coordinate attention mechanism, improving
accuracy and speed over the original YOLOV4.
(Y. Chen et al., 2023) propose the TF-YOLO detec-
tor that uses a transformer-fusion module in a two-
stream backbone to robustly integrate visible and
infrared images, improving pedestrian detection
performance under various illumination conditions
compared to state-of-the-art approaches.

Pedestrian detection in crowded scenes poses
challenges due to occlusion and scale variations.
The recently proposed end-to-end detectors DETR
and deformable DETR, based on transformer
architectures, have shown promising results by
avoiding hand-crafted components, but (Lin et al.,
2021) found their performance surprisingly poor
on crowd pedestrian detection compared to Fast-
er-RCNN. Several works aim to address this issue.
(Han et al., 2024) propose an improved deforma-
ble DETR (IDPD) with a dynamic neck and hybrid
decoding loss to alleviate information loss and
positive-negative imbalance. (Yuan et al., 2022)
demonstrate the effectiveness of vision transform-
ers for fast and accurate single-stage pedestrian
detection by proposing a spatial and multi-scale
feature enhancement module. (Deng & Li, 2024)
introduce an efficient dense pedestrian detection
algorithm using EfficientNet as the backbone, a
cross-fertilization module for fusing multi-scale
features, and noise removal training to improve
detection of occluded and small-scale pedestrians
while reducing model size and computation.

Moving object detection (MOD) is essen-
tial for identifying potential collision risks from
dynamic objects in the environment. Several
works have proposed deep learning approaches
to tackle this problem by jointly modeling motion
and appearance cues. (Siam et al., 2018) intro-
duced MODNet, a two-stream architecture that
combines object detection and motion segmenta-
tion for improved accuracy. (Yahiaoui et al., 2019)
extended this idea to fisheye surround-view cam-
eras with FisheyeMODNet. (Rashed, Essam, et
al., 2021) explored end-to-end MOD in the bird’s
eye view (BEV) space using monocular images,
demonstrating significant improvements over tra-
ditional inverse perspective mapping methods.

To further improve MOD performance, research-
ers have explored incorporating additional infor-
mation into the models. VM-MODNet (Rashed,
Sallab, et al., 2021) leverages vehicle motion
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information to enable ego-motion compensation,
leading to substantial gains in accuracy. (Hernan-
dez et al., 2020) fused semantic information from
a deep learning detector with occupancy grid esti-
mations to recognize moving objects. RST-MOD-
Net (Ramzy et al.,, 2019) developed a real-time
spatio-temporal architecture that exploits temporal
motion information from sequential images and
optical flow for increased robustness.

In addition to deep learning approaches,
researchers have also explored alternative strat-
egies for real-time MOD in autonomous driving
systems. (Jha et al., 2021) introduced a sys-
tem that combines object detection and tracking
algorithms, adaptively controlling their execution
cycles to ensure real-time performance in vari-
ous edge computing environments. (Z. Zhou et
al., 2023) proposed RENet, a novel RGB-Event
fusion network that jointly exploits complementary
modalities from conventional cameras and event
cameras for more robust MOD under challenging
scenarios. (D. Liu et al., 2020) presented MFCN,
an end-to-end deep learning framework that lever-
ages temporal coherence and motion patterns in
video features for improved object detection accu-
racy while maintaining efficiency.

Traffic sign detection task faces challenges
such as multi-scale targets and real-time perfor-
mance requirements. Several studies have aimed
to improve the detection accuracy and speed for
multi-scale traffic signs by enhancing the feature
pyramid network of object detectors like YOLOVS.
(J. Wang et al., 2021) proposed an adaptive atten-
tion module and feature enhancement module in
the feature pyramid to reduce information loss and
enhance representation ability. The ETSR-YOLO
algorithm (H. Liu et al., 2023) generated an addi-
tional high-resolution feature layer and introduced
improved C3 modules to suppress background
noise and enhance feature extraction. (T. Chen &
Ren, 2023) designed a cross-level loss function to
enable each level of the MFL-YOLO model to learn
diverse features and improve fine-grained details
for detecting damaged traffic signs.

Other approaches have focused on improving
the performance of object detectors like SSD for
traffic sign detection. (You et al., 2020) proposed a
lightweight SSD network with 1x1 convolution ker-
nels and color-based filtering to improve detection
speed while maintaining accuracy. (Wu & Liao,
2022) combined SSD with a receptive field mod-
ule and path aggregation network to improve small
traffic sign detection and integrate multi-scale fea-
tures. (Greer, Gopalkrishnan, Deo, et al., 2023;
Greer, Gopalkrishnan, Landgren, et al., 2023)
defined the concept of «salient» traffic signs/lights

that influence driver decisions and trained Deform-
able DETR models with a salience-sensitive loss
function to emphasize performance on these sali-
ent objects.

Some studies have explored alternative archi-
tectures like transformers for traffic sign recogni-
tion. (Farzipour et al., 2023) proposed a hybrid
model combining convolutional and transform-
er-based blocks with a locality module to capture
local and global features, achieving high accuracy
on ftraffic sign datasets. The DSRA-DETR algo-
rithm (Xia et al., 2023) introduced dilated spatial
pyramid pooling and multi-scale feature residual
aggregation to improve multi-scale traffic sign
detection with DETR. (S. Chen et al., 2024) pre-
sented a semi-supervised learning framework
combining CNN and multi-scale transformer with
hierarchical sampling and local/global information
aggregation for accurate traffic sign detection and
recognition from vehicle panoramic images.

Semi-supervised object detection meth-
ods leverage both labeled and unlabeled data to
improve performance, and they are widely used
in autonomous driving systems where only a frac-
tion of objects are labeled (Hu et al., 2022). These
methods generate pseudo-labels for unlabeled
objects, which can significantly improve perfor-
mance but also introduce noise and errors, espe-
cially for video data (W. Chen et al., 2024; Hu et
al., 2022). Approaches have been proposed to
generate more robust pseudo-labels by leveraging
motion continuity in video frames (Hu et al., 2022)
and using semi-supervised co-training with unsu-
pervised data augmentation to improve generali-
zation and robustness under adversarial attacks
(W. Chen et al., 2024). Additionally, methods have
been developed to correct and refine pseudo-la-
bels to reduce classification and localization noise
(He et al., 2023), as well as to enhance the quality
of object queries and selectively filter high-qual-
ity pseudo-labels in transformer-based object
detection models (Shehzadi et al., 2024). These
advancements in semi-supervised object detec-
tion aim to improve accuracy, consistency, and
robustness, particularly for challenging scenarios
involving small or occluded objects in autonomous
driving applications.

Real-time object detection. Recent advances
in real-time object detection for autonomous driv-
ing have focused on developing efficient and accu-
rate models. (Miraliev et al., 2024) propose a real-
time memory-efficient multitask learning model for
joint object detection, drivable area segmentation,
and lane detection, achieving high accuracy and
a processing speed of 112.29 fps. (Mahaur et al.,
2023) introduce architectural modifications to the
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YOLOvV5 model, including group depthwise sep-
arable convolutions and attention-based dilated
blocks, improving small object detection accuracy
by 8.35% on the BDD100K dataset while increas-
ing speed by 3.1%. The DPNet algorithm (Q. Zhou
et al.,, 2022) presents a dual-path network with
a lightweight attention scheme, enabling paral-
lel extraction of high-level semantic features and
low-level object details, achieving state-of-the-art
trade-off between detection accuracy and effi-
ciency. (A. Wang et al., 2024) introduce YOLOv10,
a real-time end-to-end object detector with consist-
ent dual assignments for NMS-free training and
holistic efficiency-accuracy driven model design,
significantly reducing computational overhead
and enhancing capability compared to previous
YOLOs. (Zhao et al., 2024) propose RT-DETR, the
first real-time end-to-end object detector, featuring
an efficient hybrid encoder and uncertainty-min-
imal query selection, outperforming advanced
YOLOs in both speed and accuracy on the COCO
dataset.

Low light condition. Operate seamlessly 24/7
without being limited by nighttime or poor visibil-
ity scenarios is crucial for enabling safe and reli-
able autonomous driving in all environments and
conditions. (X. Wang et al., 2022) and Pham et al.
(Pham et al., 2020) propose methods to enhance
low-light images and improve object detection
accuracy, which is crucial for applications like traf-
fic monitoring and autonomous driving. (X. Wang
et al., 2022) utilize dark channel prior and adap-
tive gamma transformation to restore scene radi-
ance and develop the LL4PH-Net framework for
low-light traffic object detection. (Pham et al,,
2020) introduce DriveRetinex-Net, a deep retinex
neural network trained on a low-light driving data-
set (LOL-Drive), which decomposes images into
reflectance and illumination maps, enhancing the
latter for improved object detection.

Several other approaches tackle the chal-
lenge of object detection in adverse weather and
low-light conditions for autonomous driving. The
IDOD-YOLOV?7 algorithm (Qiu et al., 2023) jointly
optimizes image defogging (AOD) and enhance-
ment (SAIP) modules with YOLOV7 detection,
improving perception in low-light foggy environ-
ments. (W. Liu et al., 2022) propose Image-Adap-
tive YOLO (lA-YOLO), where a differentiable
image processing module adaptively enhances
images for better object detection. (Guo et al.,
2024) introduce HawkDrive, a transformer-based
visual perception system with stereo vision and
edge computing for depth estimation and seman-
tic segmentation in night scenes. (Ye et al., 2024)
propose VELIE, a vehicle-based efficient low-light

image enhancement method using Swin Vision
Transformer and U-Net for real-time inference and
edge deployment in intelligent vehicles.

Overview of Modern Techniques.

Modern deep learning-based object detection
systems for autonomous driving must possess
exceptional accuracy in detecting and precisely
localizing a wide range of objects, including vehi-
cles, pedestrians, cyclists, traffic signs, and other
road elements. They should demonstrate this high
level of accuracy under diverse lighting conditions,
varying weather scenarios, and situations with par-
tial occlusion. Additionally, these systems need to
deliver real-time performance, capable of process-
ing high-resolution video streams at high frame
rates while maintaining low latency to enable timely
decision-making and response. Furthermore,
robustness and reliability are crucial, ensuring safe
and consistent operation even in challenging sce-
narios. There are some approaches that may help
to meet these requirements.

Incorporating attention mechanisms into
object detectors can help them focus on relevant
regions and better handle occlusions. (S. Zhang et
al., 2021) propose an attention mechanism across
CNN channels to represent various occlusion pat-
terns for pedestrian detection and re-identification,
employing attention guided self-paced learning to
balance optimization across different occlusion
levels. (Zou et al., 2020) proposed an attention
guided neural network model (AGNN) that uses
an attention mechanism to selectively weight and
integrate features from sub-images representing
body parts of occluded pedestrians for improved
detection performance.

Leveraging temporal information from
video sequences can help in tracking and pre-
dicting the movement of occluded objects. It
was proposed a novel spatio-temporal fusion
Transformer (STFT) (Qi et al., 2024) model that
incorporates a dynamic template update strategy
based on salient points feature representation,
an loU-Aware target state estimation head, and
an loU-Aware criterion for robust thermal infra-
red object tracking to address the limitations of
existing approaches in handling scale variations,
appearance changes, and occlusions.

Incorporating FPNs or similar multi-scale
architectures can help object detectors capture
both fine-grained and contextual information,
improving small object detection. (Huang et al.,
2023) propose the Multiple Link Feature Pyra-
mid Networks (MLFPN) with novel information
transfer pathways and Poly-Scale Convolution
(PSconv) to reduce feature information loss and
improve pedestrian detection. (Yahya et al., 2023)
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introduce the Fast Region-Convolutional Neural
Network (R-CNN) with the Attention-guided Con-
text Feature Pyramid Network (ACFPN) for object
detection in autonomous vehicles, achieving bet-
ter mean Average Precision (mAP). (Dang et al.,
2023) propose the hierarchical attention feature
pyramid network (HA-FPN), comprising trans-
former feature pyramid networks (TFPNs) that
apply self-attention across scales to capture con-
textual information, and channel attention modules
(CAMs) that select channels with rich information
to improve bounding box detection accuracy and
object localization, while minimizing computational
overhead. (Xie et al., 2022) proposed FocusTR
(Focusing on the valuable features by multiple
Transformers) architecture that presents novel
self-attention mechanisms, including spatial-wise
boxAlign attention, context-wise affinity atten-
tion, and level-wise attention, along with low and
high-level fusion and Pre-Ln, to effectively fuse
multi-level and multi-sensor feature pyramids for
object detection in autonomous driving.

Model Compression and Quantization
techniques like model pruning, quantization, and
knowledge distillation can significantly reduce the
computational complexity and memory footprint of
object detectors. (H. Liu et al., 2021) and (Youn
et al., 2023) explore knowledge distillation as a
technique for compressing large neural networks
like vision transformers and convolutional neural
networks into smaller and more efficient models
suitable for resource-constrained devices such
as autonomous vehicles. The core idea involves
training a smaller «student» model to mimic the
behavior of a larger and more accurate «teacher»
model, transferring knowledge from the teacher
to the student. (Q. Lan & Tian, 2023) and (Agand,
2024) propose enhancing this process with tech-
niques like model pruning, quantization, and adap-
tive instance/scale-wise distillation.

In autonomous driving contexts, Flexi-Com-
pression (H. Liu et al., 2021), Quasar-ViT (Li
et al., 2024), and the approach by (Youn et al.,
2023) focus on compressing vision transform-
ers and convolutional neural networks used for
object detection, semantic segmentation, and
navigation by employing architectural modifi-
cations, hardware-aware neural architecture
search, and combining distillation with pruning
and quantization. Additionally, (Q. Lan & Tian,
2023) introduce multi-teacher adaptive instance
distillation, while (Agand, 2024) explores an
end-to-end transformer-based sensor fusion
method using knowledge distillation to improve
performance and handle challenging scenarios
in autonomous driving.

Incorporating meta-learning techniques,
which learn to adapt to new domains quickly, can
enhance the generalization capabilities of object
detectors. (Sun et al., 2024) propose a transform-
er-based few-shot object detection approach for
traffic scenarios. It employs class-agnostic training
to extend the detector to novel classes and com-
bines visual prompts with pseudo-class embed-
dings to improve query generation. This approach
does not require retraining during inference and
accurately localizes novel objects through an
improved query generation mechanism.

Integrating explainable Al techniques can
provide local explanations for individual predic-
tions made by object detectors and improve trans-
parency and interpretability. (Dong et al., 2023)
propose a novel approach to enhance trustwor-
thiness in autonomous driving systems through
explainable deep learning models. Instead of
treating decision-making as a classification task, it
frames it as an image-based language generation
(image captioning) task, where the model gener-
ates textual descriptions of driving scenarios to
serve as explanations for its decisions. (Cultrera,
Luca., 2023) presents an approach to autonomous
driving based on imitation learning using visual
attention mechanisms. By selectively weighting
and prioritizing relevant regions in the image, this
method aims to mimic the human approach to driv-
ing and enhance interpretability and explainability.
(Adom & Mahmoud, 2024) introduce RB-XAl, a
Relevance-Based Explainable Al algorithm that
uses Concept Relevance Propagation (CRP) to
provide transparent concept-level explanations
for the behavior of object detection models used
in autonomous vehicles. CRP generates expla-
nations that automatically identify and visualize
relevant concepts within the input space, shed-
ding light on the crucial areas responsible for the
models’ decisions. (Kolekar et al., 2022) propose
an explainable inception-based U-Net model with
Grad-CAM visualization for semantic segmenta-
tion in unstructured traffic environments on Indian
roads. The inception U-Net model combines an
inception-based module as an encoder for auto-
matic feature extraction and a decoder for recon-
structing the segmentation feature map. Grad-
CAM is used to interpret the deep learning model,
increasing consumer trust by providing visual
explanations.

Conclusions. The field of object detection
for autonomous driving has seen remarkable
progress, with innovative architectures demon-
strating state-of-the-art performance. However,
several challenges remain, including handling
occlusions, varying lighting conditions, diverse



Information Technology: Computer Science, Software Engineering and Cyber Security, Bun. 3, 2024

object appearances, and achieving real-time per-
formance with high accuracy and robustness.

To tackle these challenges, future research
should prioritize integrating attention mechanisms
to focus on relevant regions, leveraging tempo-
ral information from video for tracking occluded
objects, and incorporating multi-scale archi-
tectures like FPNs to capture fine-grained and
contextual information. Additionally, model com-
pression techniques like knowledge distillation,
quantization, and pruning can reduce computa-
tional complexity for efficient inference. Incorpo-
rating meta-learning can enhance generalization

to new domains, while explainable Al techniques
can provide local explanations, improving trans-
parency and interpretability. Other promising
directions include multi-task learning for joint
perception tasks, sensor fusion approaches lev-
eraging complementary modalities, and semi-su-
pervised methods to leverage unlabeled data.
Ultimately, continued research efforts in these
areas, coupled with hardware advancements, will
pave the way for safe and reliable autonomous
driving by enabling efficient, accurate, and robust
object detection systems capable of operating in
diverse real-world environment.
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