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Abstract

Real-time visual object detection on resource-constrained in-vehicle platforms requires a
practical balance among detection accuracy, model size, computational complexity, and
inference speed. Existing lightweight detectors may sacrifice accuracy, particularly for
small and occluded objects, when model scale is compressed aggressively. To address
this trade-off, this study investigates YOLOv8n-FEL, a lightweight visual detector built on
YOLOv8n with a progressive “compress-then-enhance” architecture. The design contains
three architecture-level modifications. First, the standard Bottleneck blocks in the C2f
module are replaced with FasterBlock from FasterNet, forming the C2F-Faster module to
reduce parameter count and computational cost. Second, Efficient Multi-Scale Attention
(EMA) is integrated through the C2F-Faster-EMA configuration to refine features for small
and occluded objects. Third, Large Separable Kernel Attention (LSKA) is introduced at
the SPPF stage to refine multi-scale pooled features without quadratic complexity growth.
Experiments on KITTI show that YOLOv8n-FEL reduces the parameter count from 3.006 M
to 2.582 M and GFLOPs from 8.1 to 6.7, corresponding to reductions of approximately
14.1% and 17.3%, respectively. Under this lightweight setting, precision increases from
88.8% t0 90.6% and mAP@O0.5 increases from 89.1% to 89.5%; however, recall, mAP@0.5:0.95,
and measured inference latency do not surpass the YOLOv8n baseline. At the class level,
the main gain is observed for Cyclist detection, with AP@0.5 increasing from 89.9% to
92.6%, whereas Pedestrian detection and high-IoU localization remain challenging. Direct
evaluation on DAIR-V2X and Carla simulation is used as supporting evidence under
domain shift and controlled scenario variations rather than as deployment-level robustness
validation. Overall, YOLOv8n-FEL is best understood as a lightweight accuracy-complexity
trade-off model.

Keywords: lightweight object detection; YOLOVS; attention mechanism; autonomous
driving; model compression; EMA; LSKA

MSC: 68U10; 68T07; 68T09

1. Introduction

Real-time visual object detection is a core component of autonomous driving percep-
tion. In practical in-vehicle systems, detectors must operate under limited computational
resources while maintaining reliable recognition of safety-critical traffic participants such
as small pedestrians, distant vehicles, cyclists, and partially occluded objects. One-stage
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detectors, particularly the YOLO (You Only Look Once) series [1-4], have been widely
adopted because of their favorable speed—accuracy trade-off. Among them, YOLOv8n
provides a compact baseline for resource-constrained deployment. However, further reduc-
ing model size or computational cost can risk degrading the representation of small and
difficult objects, which is undesirable in autonomous driving scenarios.

Existing studies address this challenge through two complementary directions:
lightweight network design and attention-based feature enhancement. Lightweight meth-
ods reduce parameters and FLOPs, but practical speed gains are often attenuated by the
gap between theoretical FLOPs and wall-clock latency [5]. Attention mechanisms can
improve feature discrimination, but in resource-constrained detectors, their placement and
complexity must be carefully controlled to avoid excessive runtime overhead. Therefore,
lightweight compression and attention-based enhancement should be jointly designed to
balance model compactness, representational capacity, and runtime cost.

These observations motivate a question central to this work: how can a lightweight
detector reduce redundant computation while selectively preserving or restoring fea-
ture representation where it is most useful? Instead of treating model compression and
feature enhancement as separate objectives, this study explores a progressive “compress-
then-enhance” strategy. The basic idea is to first reduce redundant computation in the
C2f-dominated feature extraction path and then reinvest part of the saved capacity into
attention-enhanced feature refinement and spatial-context modeling.

To this end, this study investigates YOLOv8n-FEL, a lightweight visual detector built
upon YOLOv8n. The main contributions of this work are summarized as follows:

1.  We examine a progressive “compress-then-enhance” design strategy for lightweight
object detection, aiming to improve the accuracy—efficiency trade-off by combining
parameter-efficient feature extraction with selective attention-based enhancement.

2. We construct YOLOv8n-FEL by integrating C2F-Faster-EMA and SPPF-LSKA into
the YOLOv8n detection framework. C2F-Faster-EMA introduces Partial Convolution-
based spatial mixing and EMA-based feature refinement into the C2f replacement
module, while SPPF-LSKA applies large-kernel spatial attention to SPPF-style multi-
scale pooled features.

3. We evaluate the proposed model on the KITTI dataset and compare it with represen-
tative lightweight YOLO detectors. The results show that YOLOv8n-FEL provides a
lightweight accuracy—complexity trade-off, reducing parameters and GFLOPs while
slightly improving precision and mAP@0.5, although recall, mAP@0.5:0.95, and mea-
sured inference latency do not surpass the YOLOv8n baseline.

4. We further conduct direct evaluation on DAIR-V2X and Carla without additional
fine-tuning after KITTI training. These experiments are used to examine whether
the observed performance trend extends to cross-dataset and controlled simulation
scenarios involving domain shift, distance variation, and occlusion.

The remainder of this paper is organized as follows. Section 2 reviews related work
on lightweight YOLO-based detection, efficient convolution, and attention mechanisms for
feature enhancement. Section 3 details the overall architecture of YOLOv8n-FEL and its
core modules. Section 4 presents experimental validation on KITTI and direct evaluation on
DAIR-V2X and Carla. Section 5 discusses the accuracy—efficiency trade-off, cross-domain
behavior, limitations, and future work. Section 6 concludes the paper.
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2. Related Work
2.1. Lightweight YOLO-Based Object Detection

One-stage object detectors have become a major branch of real-time object detection
because they directly predict object categories and bounding boxes in a single forward pass.
The YOLO family has evolved through successive improvements in backbone design, multi-
scale feature fusion, label assignment, and detection head design. YOLOv3 [2] introduced
multi-scale prediction for objects of different sizes, YOLOV4 [3] integrated CSPDarknet53
and PANet to improve feature extraction and fusion, and YOLOVS [4] further adopted
C2f modules, an anchor-free decoupled head, and the Task-Aligned Assigner. YOLOv8n,
the nano-scale variant, provides a compact baseline and is therefore suitable for studying
lightweight detection in autonomous driving scenarios.

Recent lightweight detection studies often improve YOLO-style models by replacing
heavy backbone or neck components, introducing efficient convolution modules, pruning
redundant structures, or redesigning feature-fusion paths. These methods reduce model
size and computational cost, but their effectiveness depends strongly on where compression
is applied. Excessive compression in feature extraction or multi-scale fusion may weaken
the representation of small, distant, or occluded objects. Therefore, lightweight detector
design should consider not only the amount of compression but also the architectural
location where the saved computation can be most effectively reinvested.

Recent surveys of small-object detection summarize the rapid development of datasets,
benchmarks, application scenarios, and practical design guidance for small-target percep-
tion [6]. Recent YOLOv8-based lightweight studies further show that efficiency-oriented
modifications can be applied at different architectural locations. Light-FC-YOLO [7] im-
proves YOLOvSs for dense flower counting by introducing lightweight convolution, an ef-
ficient detection head, and LSKA-based feature enhancement, suggesting that lightweight
design and attention-based refinement can be combined in a compact detector. For small-
object and traffic-related detection, SOD-YOLOVS [8] enhances YOLOv8 through improved
multi-path feature fusion, an additional high-resolution detection layer, C2f-EMA, and PloU
loss, indicating that preserving shallow spatial details is important for small targets in
aerial imagery and traffic scenes. In autonomous-driving scenarios, YOLOv8-QSD [9]
improves small-object detection by combining structural re-parameterization, BiFPN-based
feature fusion, and a query-based mechanism, targeting long-distance and safety-critical
traffic objects.

Among these studies, FEB-YOLOVS8 [10] and YOLOv8_Adv [11] are structurally related
to YOLOv8n-FEL because they also introduce PConv /FasterNet-style lightweight spatial
mixing into YOLOvVS8 and combine it with EMA attention. These works provide architec-
tural evidence that lightweight spatial mixing and attention-based feature refinement can
be jointly embedded into YOLOVS variants. However, their detection scenarios, additional
modules, and module placements differ from those of YOLOv8n-FEL. FEB-YOLOVS is de-
signed for underwater object detection and further introduces P2/BiFPN-based multi-scale
fusion, whereas YOLOvV8_Adv targets infrared electrical-equipment detection and com-
bines FasterNet with GSConv, VoVGSCSP, EMA in the Neck, and an additional small-object
detection branch. Therefore, they are discussed here as related YOLOvVS variants rather
than as directly reproducible numerical baselines under the present KITTI training protocol.

Table 1 provides a concise architecture-level comparison, focusing on the shared
lightweighting-and-attention design, the main architectural differences, and reproducibility
considerations. The published methods target different object domains and do not provide
task-specific configuration files that fully specify the reported architectures and training
settings. Under such conditions, performance differences on KITTI could reflect implemen-
tation and tuning choices rather than the intrinsic effectiveness of the original algorithms.
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Table 1. Simplified architecture-level comparison with related YOLOvS8 variants using PConv/
FasterNet-style lightweighting and EMA attention.

Method

Target Scenario

Shared Design with Main Architectural Reproducibility/Role in

YOLOvVS8n-FEL Difference This Study
Uses Adds P2 features and iggi?gﬁ%?i&g;ﬁl\;;‘;s
FEB-YOLOVS [10] Under'water object PConv /FasterNet-style C2f BlF.PN-bascf:d multi-scale structurally related method
detection replacement and EMA fusion; designed for .
. rather than a direct KITTI
attention underwater datasets .
baseline
Infrared Combines Uses GSConv, VoVGSCSE, Te;(t)itsi-fzeiiﬁzgfﬁl\ads]dals
YOLOvS8_Adv [11] electrical-equipment IfasterI\T.et/I.’Con\f-style EM.A.m the Neck, a.nd an structurally related method
. lightweighting with EMA additional small-object .
detection . . rather than a direct KITTI
attention detection branch

baseline

YOLOVSn-FEL (ours)

Traffic-object detection for
autonomous driving

Adds SPPEF-LSKA for
large-kernel spatial-context
refinement and keeps the
three-scale Detect head

Final configuration is
specified in this study;
evaluated on KITTI,
DAIR-V2X, and Carla

Uses C2F-Faster-EMA for
lightweight feature
refinement

Zhu et al. [12] also studied a YOLOv8-C2f-Faster-EMA variant for underwater trash
detection, providing additional evidence that C2{-Faster-EMA can serve as a lightweight
C2f replacement. However, their work focuses on an underwater detection scenario and
mainly examines the C2f replacement itself, whereas the present study further combines
C2F-Faster-EMA with SPPF-LSKA and evaluates this compress-then-enhance placement
strategy for traffic-object detection. Thus, this prior work is treated as closely related
evidence for the C2f replacement component rather than as the same research setting
as YOLOvS8n-FEL.

YOLOv8n-ALM [13] validates layer-adaptive pruning on KITTI, offering a pruning-
based lightweighting reference under a comparable evaluation setting. Different from
post-training pruning, YOLOv8n-FEL is positioned as a progressive architecture-level
placement study: redundant computation in C2f-dominated feature extraction is first
reduced, and part of the saved capacity is then selectively reinvested into EMA-based
feature refinement and SPPF-LSKA-based spatial-context modeling.

2.2. Efficient Convolution and Partial Convolution

Efficient convolution operators are widely used to reduce the computational burden
of convolutional neural networks. Depthwise separable convolution, popularized by Mo-
bileNet [14], decomposes standard convolution into depthwise and pointwise operations.
ShuffleNet improves inter-group information exchange through channel shuffle. These
designs can reduce theoretical FLOPs, but practical acceleration may be limited when
memory access becomes fragmented or arithmetic intensity decreases.

FasterNet [5] analyzes this discrepancy and proposes Partial Convolution (PConv) to
reduce redundant spatial computation while preserving regular memory access. Instead
of applying spatial convolution to all channels, PConv applies a regular convolution to
only a subset of channels and passes the remaining channels through an identity path.
This design maintains the spatial modeling ability of standard convolution on selected
channels while reducing unnecessary computation on the rest. For YOLOvS8n, the C2f
module appears frequently in both the Backbone and Neck/Head path, making it a natural
target for PConv-based lightweighting.

2.3. Attention Mechanisms for Feature Enhancement

Attention mechanisms aim to improve feature representation by emphasizing informa-
tive channels, spatial locations, or contextual regions. SENet introduces channel attention
through global average pooling and gating, while CBAM extends feature recalibration to
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both channel and spatial dimensions. Coordinate Attention further encodes positional cues
through directional pooling, making attention more sensitive to object location. However,
attention modules differ substantially in how they preserve spatial structure and how much
computational overhead they introduce. For lightweight traffic-object detection, global
descriptor-based attention may be less effective for small or partially occluded targets if
fine-grained spatial cues are overly compressed, whereas spatially aware attention can
improve feature discrimination at the cost of additional latency. This motivates the use of
EMA for grouped multi-scale feature refinement and LSKA for large-kernel spatial-context
modeling in the proposed compact detector.

EMA (Efficient Multi-Scale Attention) [15] addresses this issue by using grouped
multi-scale processing and cross-spatial interaction to preserve positional information
with limited computational overhead. This makes EMA suitable for attention-enhanced
refinement inside lightweight feature extraction modules. LSKA (Large Separable Kernel
Attention) [16] models long-range spatial dependencies through decomposed large-kernel
operations, reducing the complexity of large-kernel attention while preserving an expanded
receptive field. Such large-kernel spatial modeling is relevant to the SPPF stage, where
multi-scale context is already aggregated through serial pooling.

Recent YOLOVS variants also show the usefulness of attention and context-enhancement
modules. SOD-YOLOVS [8] embeds EMA into a C2f-EMA structure to strengthen feature
extraction for small-object detection, which is consistent with the need to preserve spatially
informative features in compact detectors. YOLOv8-MU [17] introduces a large-kernel
block, a C2fSTR module, an SPPFCSPC-EMA module, and multi-scale fusion components
for underwater detection, illustrating the value of combining broader receptive fields with
attention-enhanced context aggregation. Light-FC-YOLO [7] also incorporates LSKA to
improve feature-detail extraction under dense-object conditions.

Different from these enhancement-oriented designs, the proposed YOLOv8n-FEL does
not introduce attention modules as isolated add-ons. EMA is placed inside the C2F-Faster-
EMA module after the lightweight FasterBlock transformation, while LSKA is applied after
SPPF-style multi-scale pooling. This placement links compression and enhancement more
explicitly: C2F-Faster-EMA addresses redundant computation in repeated C2f positions,
whereas SPPF-LSKA strengthens long-range spatial context at the terminal Backbone stage.

2.4. Summary and Research Gap

Based on the above review, the present study is positioned as an architecture-level
integration and placement study. Existing lightweight detection studies often emphasize
reducing parameters or FLOPs, but the resulting loss of representational capacity and its
compensation are not always analyzed together. Meanwhile, attention-based enhancement
is frequently introduced as an accuracy-improving module, but its placement within a
compact detector is not always co-designed with the compression step. The closely re-
lated work by Zhu et al. [12] has already shown the usefulness of the C2F-Faster-EMA
combination for underwater trash detection. Different from that component-level replace-
ment setting, the present work examines whether C2F-Faster-EMA can be combined with
SPPF-LSKA in a traffic-object detector so that compression in the repeated C2f path and
spatial-context enhancement at the SPPF stage are treated as linked architectural deci-
sions. Post-training compression methods such as structured pruning and channel-wise
distillation for YOLOvVS [18,19] provide another route for edge deployment, but they
compress an already trained detector rather than co-designing lightweight feature extrac-
tion and attention-based refinement within the architecture. Recent Transformer-based
real-time detectors such as RT-DETR [20] offer an NMS-free alternative to CNN-based
YOLO architectures, yet their parameter budgets are generally larger than nano-scale CNN
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detectors. These observations motivate the proposed “compress-then-enhance” design:
redundant computation is reduced in the C2f-dominated feature-extraction path, and fea-
ture refinement and spatial-context modeling are then selectively enhanced through EMA
and SPPF-LSKA.

3. Methodology

This section presents the overall YOLOv8n-FEL architecture and its core module-level
modifications under a progressive “compress-then-enhance” design pipeline. Section 3.1
describes how the detector is built upon the YOLOvS8n baseline while retaining the original
Backbone-Neck-Head detection paradigm. Sections 3.2-3.4 then detail the three key
components: C2F-Faster for lightweight feature extraction, C2F-Faster-EMA for attention-
enhanced feature refinement, and SPPF-LSKA for long-range dependency modeling.

3.1. Overall Architecture of YOLOv8n-FEL

YOLOVS [4] adopts a modular Backbone-Neck-Head detection architecture, where
the Backbone extracts hierarchical features through repeated C2f modules and an SPPF
module, the Neck performs PAN-FPN-style bidirectional fusion across P3/P4/P5 scales,
and the Head uses an anchor-free decoupled design for classification and bounding-box
regression. YOLOv8n, the nano-scale variant, is the most compact of the family and serves
as the baseline for this study.

YOLOvVS8n-FEL retains this overall detection paradigm and the three-scale detection
outputs but replaces the repeated feature-extraction and context-refinement modules.
The concrete modifications are as follows:

1. Backbone C2f replacement: the original C2f modules at layers 2, 4, 6, and 8 are
replaced with C2F-Faster-EMA.

2. SPPF replacement: the original SPPF module at layer 9 is replaced with SPPF-LSKA.

3.  Neck/Head-path C2f replacement: the original C2f modules at layers 12, 15, 18,
and 21 are replaced with C2F-Faster-EMA.

4.  Detection output: the Detect head receives the outputs from layers 15, 18, and 21,
corresponding to P3, P4, and P5 feature scales.

Figure 1 presents the overall architecture of YOLOv8n-FEL. The diagram follows
the YOLOvS8 Backbone-Neck-Head paradigm, with the replaced modules highlighted
along the forward path. In the Backbone, C2F-Faster-EMA units at layers 2, 4, 6, and
8 perform attention-enhanced lightweight feature extraction, and the SPPF-LSKA module
at layer 9 provides large-kernel spatial-context refinement after multi-scale pooling. In the
Neck/Head path, C2F-Faster-EMA modules at layers 12, 15, 18, and 21 replace the original
C2f blocks for bidirectional feature fusion and refinement. The Detect head receives the
processed feature maps from layers 15 (P3), 18 (P4), and 21 (P5), corresponding to the three
detection scales.

The functional roles of these modules are summarized in Table 2. C2F-Faster serves as
the lightweight structural basis, C2F-Faster-EMA adds embedded attention refinement to
the C2f replacement path, and SPPF-LSKA provides spatial-context refinement after multi-
scale pooling. In the full YOLOv8n-FEL configuration, C2F-Faster-EMA is used as the C2f
replacement and SPPF-LSKA replaces the original SPPF module. Additional configurations,
including C2F-Faster, SPPF-LSKA, C2F-Faster+SPPF-LSKA, and C2F-Faster+EMA, are
used in the ablation study to examine component-level and combined effects.
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Backbone
Feature Extraction
(YoLOv8n C2f blocks are replaced by
C2f_Faster_EMA blocks.)

PAN-FPN Neck
Multi-scale Feature Fusion
(c2f blocks in the neck are also
replaced by C2f_Faster_EMA blocks.)

SPPF_LSKA
Multi-scale Pooling + Large
Selective-Kernel Attention

‘ Input Image }—0

\

i v

S
P3/8 P4/16 P5/32
Small objects Medium objects Large objects

Figure 1. Overall architecture of YOLOv8n-FEL. C2F-Faster-EMA replaces the original C2f modules
in the Backbone and Neck, while SPPF-LSKA replaces the SPPF module for spatial-context refinement.
The Detect head produces P3, P4, and P5 outputs.

Table 2. Functional roles of the YOLOv8n-FEL modules.

Module Applied Position Primary Function Mechanism
Intermediate ablation; structural .
C2F-Faster basis of C2F-Faster-EMA Parameter compression PConv-based FasterBlock
CoF-Faster-EMA Layers2/4/6/8/12/15/18/21 in Lightweight feature refinement Faster.Block with embedded EMA
the full model attention
SPPF-LSKA Layer 9 in the full model Spatial-context refinement i’ile):ti) (;olmg followed by LSKA

3.2. C2F-Faster: Lightweight Feature Extraction

The C2f module in YOLOvS8n repeatedly applies Bottleneck blocks for hierarchical
feature extraction and therefore accounts for a non-negligible part of the computation in
the nano-scale detector. C2F-Faster reduces this cost by replacing the Bottleneck units with
FasterBlocks built upon Partial Convolution (PConv) [5].

For an input feature map x € R*/*®, PConv applies a regular 3 x 3 convolution to
only a subset of channels, denoted as c, = c¢/n4;,, while the remaining channels are passed
through an identity path:

Yie, = Conv3><3(x1:cp)r Yep+1ic = Xept1ic 1)

With n4;, = 4, only one quarter of the channels undergo spatial convolution. This
design reduces spatial-convolution cost while keeping the operation less fragmented than
many lightweight alternatives [5]. However, the actual inference latency still depends on
the full network structure, attention overhead, implementation, and hardware platform.

The FasterBlock wraps PConv with a pointwise-convolution MLP (mlp_ratio = 2)
and a residual connection with DropPath:

y = x + DropPath(MLP(PConv(x))). (2)

C2F-Faster is constructed by replacing the Bottleneck units inside each C2f module
with FasterBlocks at the positions listed in Section 3.1, with the SPPF layer unchanged in
this standalone configuration. In the final YOLOv8n-FEL model, these same positions are
further upgraded to C2F-Faster-EMA (Section 3.3); the isolated effect of the PConv-based
compression step is evaluated in the ablation study (Section 4).

3.3. C2F-Faster-EMA: Attention-Enhanced Feature Refinement

C2F-Faster reduces redundant spatial computation, but the lightweight PConv-based
transformation may also weaken channel-spatial representation for small and occluded
objects. C2F-Faster-EMA addresses this by embedding Efficient Multi-Scale Attention
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(EMA) [15] into the FasterBlock to selectively strengthen informative feature responses
with limited overhead.

Concretely, given an input X € RE*HxW

, EMA divides channels into groups and
performs attention within each group to reduce computational cost. Within each group, di-
rectional pooling along horizontal and vertical dimensions encodes positional information,
and the resulting spatial descriptors interact with local convolutional features to produce
channel-spatial attention weights. The grouped design and cross-spatial interaction make
EMA suitable for a nano-scale detector: the per-group computation limits overhead, while
directional pooling preserves positional cues useful for small and occluded traffic objects.

C2F-Faster-EMA replaces all C2f modules at the positions listed in Section 3.1. Inside
each Faster_Block_EMA, EMA is inserted after the PConv—MLP branch and before residual

addition. Let x” denote the output of the PConv-MLP branch; the residual update becomes:
y = x -+ EMA (DropPath(x')). (3)

Figure 2a illustrates the internal structure of the C2F-Faster-EMA module. The module
is constructed upon the C2f split-transform—concatenate design, with each Bottleneck unit
replaced by a Faster_Block_EMA. Inside each Faster_Block_EMA, the input first passes
through the PConv layer for efficient spatial mixing on a subset of channels, followed by a
pointwise-convolution MLP for channel-wise interaction. DropPath is applied for stochastic
depth regularization. The EMA mechanism then refines the output through grouped multi-
scale attention with cross-spatial interaction, producing channel-spatial attention weights
that strengthen the representation of informative features. Finally, a residual connection
adds the original input to the attention-refined output.

C2f_Faster_EMA SPPF_LSKA

Partial Conv 3x3

1 Inputfeature map —— Channel split 14 1/4 channels

Input feature map ——»

1x1 Conv
channel reduction
'

'
local feature

.
Lot Concat pooled features
large selective kernel
v v

EMA attention > N 1x1 Conv
e e Residual add Output feature map feature compraseion }—V Output feature map

x
shortcut

SPPF pooling
multi-scale context

T )
34

Identity path
3/4 channels

MLP / 1x1 Conv | Concat —

(a) C2F-Faster-EMA (b) SPPF-LSKA

Figure 2. Core modules of YOLOvV8n-FEL. (a) C2F-Faster-EMA integrates PConv-based lightweight
spatial mixing and EMA-based feature refinement within the C2f replacement module. (b) SPPF-
LSKA retains SPPF-style serial max-pooling and introduces LSKA for large-kernel spatial-
context refinement.

In the final YOLOv8n-FEL configuration, C2F-Faster-EMA is combined with SPPF-
LSKA (Section 3.4). The ablation study (Section 4) compares C2F-Faster-EMA with the
C2F-Faster-only variant to isolate the contribution of EMA-based refinement.

3.4. SPPF-LSKA: Large-Kernel Spatial Context Refinement

The SPPF module in YOLOv8n aggregates multi-scale context through serial max-
pooling and concatenation, but the pooling operations are parameter-free and lack learnable
spatial weighting. For traffic-object detection, contextual cues around occluded or distant
objects help distinguish foreground targets from background clutter. SPPF-LSKA addresses
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this by retaining the SPPF pooling path and applying Large Separable Kernel Attention
(LSKA) [16] after multi-scale feature concatenation, preserving the efficiency of SPPF while
making context aggregation adaptive.

LSKA models long-range spatial dependencies through large-kernel attention imple-
mented with separable depth-wise operations. A direct K x K depth-wise convolution
incurs cost proportional to K?; LSKA decomposes this into separable 1D operations and
dilated convolutions, reducing the dominant cost to approximately linear in K. A simplified
conceptual form is:

y = Arska(x), Arska(-) ® DWConvy, g (DWConvky1(-)), 4)

where A;gga denotes the large-kernel spatial-attention operation and DWConv denotes
depth-wise convolution. In the inspected implementation, the SPPF-LSKA module uses
k_size=11.

SPPEF-LSKA replaces the SPPF module at layer 9 (Section 3.1). The input feature
first passes through cvi; the resulting feature is processed by serial max-pooling and
concatenation; LSKA is applied to the concatenated multi-scale features; and cv2 performs
channel fusion:

y = cv2 (LSKA (Concat (z, MP(z),MPz(z),MP3(z)))), z = cvl(x), (5)

where MP denotes the serial max-pooling operation. Figure 2b depicts the internal structure
of the SPPF-LSKA module. The module retains the original SPPF serial max-pooling path:
the input first passes through cv1 for channel reduction, then undergoes three successive
max-pooling operations whose outputs are concatenated with the initial feature map
to form multi-scale pooled features. At this stage, the standard parameter-free pooling
gives way to the LSKA block, which applies large-kernel spatial attention (k = 11) via
decomposed 1D depth-wise convolutions. This learnable weighting adaptively emphasizes
informative spatial regions across the pooled scales. Finally, cv2 fuses the attention-refined
multi-scale features back to the desired channel dimension.

In the final YOLOvV8n-FEL configuration, SPPF-LSKA is combined with C2F-Faster-
EMA; the standalone variant is evaluated in the ablation study (Section 4) to isolate
its contribution.

4. Experiments and Analysis

This section evaluates YOLOv8n-FEL from three perspectives. First, the KITTI ex-
periments examine the accuracy—efficiency trade-off under the primary training domain.
Second, the DAIR-V2X experiment evaluates cross-dataset behavior by directly testing
KITTI-trained models on a different vehicle-side dataset. Third, the Carla simulation
experiment assesses model behavior under controllable scenarios involving distance varia-
tion, occlusion, and scene complexity. Unless otherwise specified, model comparisons are
conducted under matched training and inference settings to support fair comparison.

4.1. Experimental Setup
4.1.1. Datasets and Evaluation Protocol

Three datasets are employed for systematic validation, and each dataset serves a
different experimental purpose.

KITTI Dataset: KITTI is used as the primary training and validation dataset. The dataset
is converted into YOLO-format annotations with three object categories: Car, Pedestrian,
and Cyclist. According to the inspected project directory, the KITTI training split contains
6001 images and 6001 corresponding label files, while the validation split contains 1480 im-
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ages and 1480 corresponding label files. All models in the main KITTI comparison are
trained on the KITTI training split and evaluated on the KITTI validation split under the
same input resolution. This dataset provides the primary evidence for the ablation study
and the comparison with representative lightweight detectors.

DAIR-V2X Dataset: The vehicle-side subset of DAIR-V2X is used to examine cross-dataset
behavior beyond KITTI. In this protocol, models are trained on KITTI and directly evaluated
on DAIR-V2X without additional training or fine-tuning. No DAIR-V2X samples are
used for training, validation-based model selection, or parameter tuning in the direct-
evaluation setting. This design is intended to evaluate whether the performance trend
observed on KITTI can extend to a real-world dataset with different sensor placement and
scene distribution.

Carla Simulation Data: Carla 0.9.15 is used to construct controlled driving scenarios for
scenario-level evaluation. The evaluation includes near-range, mid-to-far-range, complex-
environment, and real-time motion detection scenarios. The quantitative comparison
focuses on three representative settings: near-range, mid-to-far-range, and complex scenes.
Carla provides controllable traffic environments and ground-truth annotations, and the
results are evaluated using a KITTI-compatible metric module. The Carla data are used
only for direct evaluation and are not included in model training or fine-tuning. Since
the Carla experiment uses KITTI-trained models directly tested in simulation and is not
designed as a Carla-specific class-wise benchmark, the Carla analysis is reported at the
scenario level rather than at the Pedestrian/Cyclist class level.

Within each dataset, all compared models are evaluated using the same class map-
ping, image split, and evaluation protocol to ensure paired comparison under consistent
conditions.

4.1.2. Hardware Platform and Software Environment

All experiments are conducted under the following computing environment (Table 3):

Table 3. Hardware and software configuration.

Configuration Item Specification

Operating System Ubuntu 20.04

Programming Language Python 3.10.15

Deep Learning Framework PyTorch 2.3

Detection Framework Ultralytics YOLOv8-based codebase
Simulation Platform Carla 0.9.15

Key Dependencies CUDA, Open3D, OpenCV

GPU for Training NVIDIA GeForce RTX 4090

GPU for Inference Testing NVIDIA RTX 3080

CPU Intel i9-13900K

4.1.3. Implementation Details

During training, input images are uniformly resized to 640 x 640, the batch size is set
to 32, and the number of training epochs is set to 300. The optimizer is SGD with an initial
learning rate of 0.01, final learning-rate factor of 0.01, momentum of 0.937, and weight
decay of 0.0005. The warm-up stage lasts 3 epochs, with warm-up momentum set to 0.8
and warm-up bias learning rate set to 0.1. The inspected training configuration uses a
random seed of 0 with deterministic mode enabled. The models are trained from scratch in
the inspected configuration, i.e., pretrained = false, and automatic mixed precision is
enabled during training (amp = true).
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The data augmentation settings follow the inspected Ultralytics training arguments.
HSV augmentation is applied with hsv_h = 0.015,hsv_s = 0.7,and hsv_v = 0.4;ran-
dom translation and scaling are set to 0.1 and 0.5, respectively; horizontal flipping is applied
with a probability of 0.5; Mosaic augmentation is enabled; MixUp and Copy-Paste are
disabled. Validation is performed during training on the validation split. The inspected
validation configuration uses an NMS IoU threshold of 0.7 and a maximum number of
detections of 300.

For inference-speed evaluation, the available FPS script uses an image size of 640,
batch size of 1, a warm-up stage of 200 iterations, and 1000 timed iterations. The default
script setting uses FP32 inference unless half precision is explicitly enabled. Therefore,
latency and FPS results should be interpreted together with the exact inference scope,
especially whether preprocessing and NMS post-processing are included.

All compared models are trained from scratch under the inspected configuration and
evaluated using identical validation settings unless otherwise stated. The reported latency
and FPS results should be interpreted according to the inference script described above,
which measures model processing under the specified input size, batch size, warm-up
iterations, timed iterations, and precision setting.

4.1.4. Evaluation Metrics

The following metrics are adopted for quantitative assessment:

*  Precision (P): the proportion of true positives among all detections.

*  Recall (R): the proportion of ground-truth objects correctly detected.

*  mAP@0.5: mean Average Precision across categories at IoU threshold 0.5.

* mAP@0.5:0.95: average mAP over IoU thresholds from 0.5 to 0.95 (step 0.05).

*  Params (M): total parameter count, measuring model size.

¢  GFLOPs: computational complexity in billions of floating-point operations, calculated
under the same input resolution.

¢ Inference Time (ms) and Frame Rate (FPS): measuring inference efficiency under the
specified inference protocol.

In the Carla experiments, inference time is reported as the model processing time
per frame, and FPS describes the number of frames processed per second. Following the
real-time requirement commonly used in autonomous-driving perception, an inference
time below 33 ms and a throughput above 30 FPS are treated as practical real-time criteria.

4.2. KITTI Evaluation

The KITTI evaluation includes two parts. First, an ablation study is conducted to
examine the contribution of the proposed modules relative to the YOLOvS8n baseline.
Second, YOLOvV8n-FEL is compared with representative lightweight or compact YOLO
detectors under the same KITTI evaluation setting. These two experiments jointly evaluate
whether the proposed architecture provides a favorable accuracy—complexity trade-off in
the primary training domain.

4.2.1. Ablation Study

To examine the contribution of the proposed modules to the YOLOv8n baseline, we
conduct an ablation study on the KITTI validation split using controlled model variants.
The evaluated configurations include C2F-Faster only, SPPF-LSKA only, C2F-Faster com-
bined with SPPF-LSKA, C2F-Faster combined with EMA, and the full YOLOv8n-FEL model.
The ablation results are shown in Table 4.
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Table 4. Ablation study results on the KITTI validation set.
SPPF- mAP@
Model C2f-Faster EMA LSKA Params/M  GFLOPs P R mAP@0.5 0.5:0.95 Inf./ms
YOLOVS8n baseline No No No 3.006 8.1 0.888 0.818 0.891 0.629 6.1
C2F-Faster Yes No No 2.301 6.3 0.896 0.807 0.885 0.604 6.6
SPPF-LSKA No No Yes 3.279 8.3 0.898 0.811 0.892 0.624 6.5
C2F-Faster+SPPF-LSKA Yes No Yes 2.574 6.5 0.878 0.810 0.885 0.613 7.0
C2F-Faster+EMA Yes Yes No 2.310 6.5 0.895 0.806 0.890 0.616 14.2
YOLOvVSn-FEL full Yes Yes Yes 2.582 6.7 0.906 0.811 0.895 0.618 13.9

Several observations can be drawn from Table 4. First, replacing the original C2f
modules with C2F-Faster substantially reduces model complexity. Compared with the
YOLOvS8n baseline, C2F-Faster decreases the parameter count from 3.006 M to 2.301 M
and GFLOPs from 8.1 to 6.3. However, this compression also reduces recall, mAP@0.5,
and mAP@0.5:0.95, indicating that PConv-based lightweighting alone may weaken feature
representation and localization quality.

Second, SPPF-LSKA alone slightly improves precision and mAP@0.5, increasing
mAP@0.5 from 0.891 to 0.892, but it also increases parameters and GFLOPs. When SPPF-
LSKA is combined with C2F-Faster without EMA, the resulting C2F-Faster+SPPF-LSKA
model remains lightweight, with 2.574 M parameters and 6.5 GFLOPs, but it does not
outperform the baseline in recall or mAP@0.5:0.95. This suggests that spatial-context refine-
ment at the SPPF stage is useful, but it does not fully compensate for the representational
loss caused by compression.

Third, the C2F-Faster+EMA variant achieves 2.310 M parameters and 6.5 GFLOPs,
while keeping mAP@0.5 close to the baseline. Nevertheless, its inference latency increases
to 14.2 ms under the present measurement protocol. This result shows that theoretical
complexity reduction does not necessarily translate into lower wall-clock latency, especially
when attention operations introduce additional runtime overhead.

Finally, the full YOLOv8n-FEL model provides a lightweight accuracy—complexity
trade-off rather than a uniform improvement across all metrics. Compared with YOLOvS8n,
it reduces parameters by approximately 14.1% (3.006 M—2.582 M) and GFLOPs by approx-
imately 17.3% (8.1—6.7). At the same time, precision increases from 0.888 to 0.906 and
mAP@0.5 increases slightly from 0.891 to 0.895. However, recall decreases from 0.818 to
0.811, mAP@0.5:0.95 decreases from 0.629 to 0.618, and inference latency increases from
6.1 ms to 13.9 ms. Therefore, the ablation results support YOLOv8n-FEL as a compact
detector with improved precision and AP@0.5-level performance, but not as a model that
outperforms the baseline on every metric.

To further analyze class-level behavior, Table 5 reports per-class AP values for Cyclist,
Pedestrian, and Car. YOLOv8n-FEL improves Cyclist AP@0.5 from 0.899 to 0.926, which
is the most evident class-level gain. However, the improvements are not uniform across
classes or IoU thresholds. In particular, Pedestrian AP@0.5 decreases from 0.807 to 0.792,
and Cyclist AP@0.5:0.95 also decreases from 0.627 to 0.615. These results indicate that the
proposed modules are more beneficial for AP@0.5-level cyclist detection than for stricter
localization quality or pedestrian detection.

Figure 3 provides representative qualitative comparisons between YOLOv8n and
YOLOvS8n-FEL on KITTI validation scenes. The left and right panels show detections
from YOLOv8n and YOLOvS8n-FEL, respectively, under identical input conditions. These
examples are intended to visually support the quantitative results in Tables 4 and 5, rather
than to serve as standalone evidence of robustness or generalization.
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Table 5. Per-class AP results on the KITTI validation set.

. Cyclist Pedestrian Pedestrian
Model Cyclist AP@0.5 AP@};).5:0.95 AP@0.5 AP@0.5:0.95 Car AP@0.5 Car AP@0.5:0.95
YOLOVS8n baseline 0.899 0.627 0.807 0.458 0.966 0.802
C2F-Faster 0.902 0.596 0.792 0.433 0.962 0.783
SPPF-LSKA 0911 0.615 0.803 0.459 0.962 0.800
C2F-Faster+SPPF-LSKA 0.912 0.616 0.778 0.436 0.965 0.787
C2F-Faster+EMA 0.918 0.620 0.792 0.442 0.962 0.785
YOLOvSn-FEL full 0.926 0.615 0.792 0.450 0.965 0.790

Figure 3. Qualitative detection examples on the KITTI validation set. Each pair compares YOLOv8n
baseline detections (left) with YOLOv8n-FEL detections (right) under identical input conditions.
The examples are illustrative and should be interpreted together with the quantitative AP results.

4.2.2. Comparison with Representative Lightweight Detectors

To further contextualize the KITTI results, YOLOv8n-FEL is compared with four repre-
sentative YOLO detectors: YOLOv5n, YOLOv7-tiny, YOLOv8n, and YOLOv8s. YOLOv5n
and YOLOv7-tiny are selected as lightweight YOLO-family references, YOLOv8n is used as
the direct baseline, and YOLOvSs serves as a higher-capacity reference model. All models
are evaluated on the same KITTI validation split under the experimental protocol described
in Section 4.1. The results are presented in Table 6.

Table 6. Comparative results of representative YOLO-family detectors on the KITTI dataset.

Model mAP@0.5/%  mAP@0.5:0.95/%  Params/M Weights/MB
YOLOvV5n 84.9 53.6 1.8 3.8
YOLOv7-tiny 88.9 60.1 6.0 12.3
YOLOv8n 89.1 62.9 3.006 6.2
YOLOv8s 92.7 67.3 11.1 22.6
YOLOv8n-FEL 89.5 61.8 2.582 5.4

As shown in Table 6, YOLOv8n-FEL remains within the compact-detector regime
and slightly improves mAP@0.5 over the direct YOLOv8n baseline under the present
experimental setting. Compared with YOLOv8n, YOLOv8n-FEL increases mAP@0.5 from
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89.1% to 89.5% while reducing the parameter count from 3.006 M to 2.582 M. However,
its mAP@0.5:0.95 is lower than that of YOLOvVS8n, so the result should be interpreted
as a lightweight accuracy—complexity trade-off rather than an across-metric accuracy
improvement.

Compared with YOLOv8s, YOLOv8n-FEL uses a much smaller parameter budget and
weight size, while YOLOVSs retains higher detection accuracy due to its larger capacity.
This comparison is used to contextualize the model-scale difference between nano-scale
and small-scale YOLO detectors. The matched comparison with YOLO11n and YOLO12n
in Table 7 further contextualizes YOLOv8n-FEL against recent YOLO-family baselines,
while broader comparisons with additional lightweight detectors remain future work.

Figure 4 presents the training and validation curves of YOLOv8n-FEL over the 300-
epoch training process on the KITTI dataset. The top two rows show the box loss, clas-
sification loss, and DFL loss for both the training and validation sets, while the bottom
row reports the validation metrics (precision, recall, mAP@0.5, and mAP@0.5:0.95). Thus,
Figure 4 should be interpreted as training/validation convergence evidence rather than as
a per-class evaluation. The validation metrics gradually stabilize in the later training stage,
while the final quantitative comparison is reported in Tables 4 and 5.

train/box_loss train/cls_loss train/dfl_loss metrics/precision(B) metrics/recall(B)
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Figure 4. Training and validation curves of YOLOv8n-FEL on the KITTI dataset over 300 epochs.
The top two rows display the training and validation loss curves (box_loss, cls_loss, dfl_loss); the
bottom row shows the validation metrics (precision, recall, mAP@50, mAP@50-95).

Table 7. Matched comparison with recent YOLO-family baselines on the KITTI validation set.

Model Params/M  GFLOPs P R mAP@0.5 mAP@0.5:0.95 Inf/ms Train/min
YOLOVS8n baseline 3.006 8.1 0.888  0.818 0.891 0.629 6.1 136.0
YOLO11n 2.583 6.3 0.899  0.810 0.890 0.623 8.7 491.6
YOLO12n 2.510 5.8 0.887  0.803 0.873 0.610 115 1324.4
YOLOv8n-FEL 2.582 6.7 0.906  0.811 0.895 0.618 139 190.1

To further address the comparison with recent YOLO variants, YOLO11ln and
YOLOI12n are trained from scratch on KITTI for 300 epochs using the same image size,
batch size, SGD optimizer, random seed, and validation protocol. YOLO12n validation
results are obtained using the FP32 best checkpoint. Training time is reported as a practical
implementation-level efficiency indicator under the available training records; it may de-
pend on hardware utilization, data loading, and software implementation, and therefore
should be interpreted together with parameters, GFLOPs, and inference latency.

As shown in Table 7, YOLOv8n-FEL achieves the highest precision and mAP@0.5 among
the compared compact models, whereas YOLOVS8n retains the best recall, mAP@0.5:0.95,
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and inference latency. YOLO12n has the lowest parameter count and GFLOPs, but obtains
lower mAP@0.5 and mAP@0.5:0.95 under the present KITTI training protocol. For training cost,
YOLOvV8N-FEL requires 190.1 min for 300 epochs, which is longer than YOLOv8n (136.0 min)
but substantially shorter than YOLO11n (491.6 min) and YOLO12n (1324.4 min). These results
show that YOLOv8n-FEL provides a metric-dependent accuracy—complexity trade-off: it
improves precision and AP@0.5-level performance with moderate model complexity and
training cost, but it does not dominate all recent YOLO-family baselines across all metrics.

4.3. Cross-Dataset Direct Evaluation on DAIR-V2X

To assess whether the KITTI-trained models retain similar behavior under domain
shift, they are directly evaluated on the vehicle-side subset of DAIR-V2X using the same
trained weights and inference protocol. No DAIR-V2X samples are used for training,
validation-based model selection, parameter tuning, or fine-tuning. Therefore, this ex-
periment should be interpreted as a direct cross-dataset test rather than a dataset-specific
training or adaptation experiment. The results are presented in Table 8.

Table 8. Direct evaluation results of KITTI-trained models on DAIR-V2X.

Model P/% R/% mAP@0.5/% mAP@0.5:0.95/% Params/M
YOLOv8n 69.8 48.1 55.6 35.1 2.9
+SPPF-LSKA 71.0 485 56.6 36.7 3.1
+C2F-Faster 69.9 486 55.5 34.5 2.2
+C2F-Faster-EMA 705 495 56.3 36.0 2.2
YOLOvS8n-FEL 72.6 49.9 57.1 36.9 24

As shown in Table 8, the absolute detection accuracy on DAIR-V2X is lower than that
on KITTI, which is expected under direct cross-dataset evaluation. DAIR-V2X differs from
KITTI in sensor placement, scene distribution, object scale, and domain characteristics.
Therefore, the DAIR-V2X results should be interpreted as evidence under domain shift
rather than as same-domain validation performance.

Despite the domain gap, YOLOv8n-FEL maintains a moderate improvement over the
YOLOvS8n baseline. Specifically, mAP@0.5 increases from 55.6% to 57.1%, mAP@0.5:0.95
increases from 35.1% to 36.9%, and precision increases from 69.8% to 72.6%, while the
parameter count is reduced from 2.9M to 2.4M. The ranking of the tested variants is
broadly similar to the KITTI results: SPPF-LSKA and C2F-Faster-EMA show positive
trends, C2F-Faster alone mainly reduces parameters with limited accuracy gain, and the
full YOLOv8n-FEL model obtains the best mAP among the tested variants.

The qualitative examples provide illustrative evidence of detection behavior in selected
DAIR-V2X scenes. Since these observations are not supported by class-wise or scale-wise
recall statistics, they should be interpreted as visual examples rather than quantitative
evidence of improved cross-domain performance.

Figure 5 presents representative side-by-side detection examples on DAIR-V2X,
with YOLOv8n shown on the left and YOLOv8n-FEL shown on the right. The exam-
ples illustrate selected detection behaviors under roadside-view domain shift, but they
are qualitative illustrations only and should be interpreted together with the quantitative
results in Table 8.

Overall, the DAIR-V2X experiment provides direct cross-dataset evidence under a
different sensor and scene distribution, while broader validation is still needed before
making strong generalization claims.

https:/ /doi.org/10.3390/math14142634


https://doi.org/10.3390/math14142634

Mathematics 2026, 14, 2634

16 of 22

Car 1.(Car .9
v w

Car 0.9/Car Car 0.3:ar 0.9 Car 0.7Car 0.87 0.8:ar 0.9

Car09
Car 0.5:r 0.5 CCar 0.3aCarCar0

%ar 1.05%=
Car Og.r 0.6 | Car 0CCar Off ~ ¢ 0.3)a? 056 | «Car 033rC

Figure 5. Qualitative detection comparison on the DAIR-V2X vehicle-side dataset. In each
paired example, the left panel shows the YOLOv8n baseline detections and the right panel shows
the YOLOVSn-FEL detections. KITTI-trained models are directly evaluated without DAIR-V2X
fine-tuning.

4.4. Controlled Evaluation in Carla Simulation

To complement the real-world KITTI and DAIR-V2X evaluations, the models trained
on KITTI are further tested in Carla simulation without additional training or fine-tuning.
The evaluation is conducted using the Carla 0.9.15 simulation platform [21]. Carla pro-
vides controllable scenario variation and ground-truth annotations, making it suitable for
examining detection behavior under distance variation and occlusion-rich simulated condi-
tions. The quantitative comparison focuses on three representative scenarios: a near-range
scenario, a mid—to—far—range scenario, and a complex scenario involving occlusion and
varying scene conditions. Unless otherwise specified, the implementation environment
and hardware platform follow the experimental setup described in Section 4.1. The results
are evaluated using mAP@0.5, inference time, FPS, and scenario-wise detection rate (DR).
DR is defined as the ratio of correctly detected objects to the total number of ground-truth
objects in each scenario.

For fair comparison, all models are evaluated under the same Carla scenario defini-
tions, annotation mapping, and inference settings. The Carla protocol is used as a controlled
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simulation-based assessment rather than a substitute for real-world deployment validation.
It is also not intended to replace the KITTI per-class AP analysis for Pedestrian, Cyclist,
and Car; instead, it provides complementary scenario-level evidence for distance and
scene-complexity effects.

4.4.1. Scene-Level Detection Performance

Table 9 presents the scene-level comparison between YOLOv8n and YOLOv8n-FEL in
terms of detection accuracy (mAP@0.5), inference time (ms), and frame rate (FPS).

Table 9. Scene-level direct evaluation results in Carla simulation.

YOLOvS8n YOLOvS8n-FEL
Scenario
mAP@0.5/% ms FPS mAP@0.5/% ms FPS
Near-range 93.9 22.5 444 95.1 19.1 52.4
Mid-to-far-range 89.5 25.6 39.1 91.3 22.6 44.2
Complex 84.4 28.6 35.9 88.2 27.2 36.8
Average 89.3 25.6 39.1 91.5 23.0 43.5

To reduce reliance on qualitative Carla examples, Table 10 further reports the scenario-
wise DR comparison. YOLOv8n-FEL improves DR from 95.5% to 96.5% in the near-range
scenario, from 89.1% to 91.1% in the mid-to-far-range scenario, and from 81.5% to 88.3% in
the complex scenario. The absolute DR gain is therefore +1.0, +2.0, and +6.8 percentage
points, respectively, with the largest gain appearing in the complex scene.

Table 10. Scenario-wise detection rate (DR) comparison in Carla simulation.

Model Near-Range Mid-to-Far-Range Complex Scene
YOLOv8n 95.5% 89.1% 81.5%
YOLOvS8n-FEL 96.5% 91.1% 88.3%
ADR +1.0 +2.0 +6.8

Several observations can be drawn from Tables 9 and 10. First, YOLOv8n-FEL ob-
tains higher mAP@0.5 and DR than the YOLOv8n baseline across all three Carla scenarios.
The largest absolute gains appear in the complex scenario, where mAP@0.5 increases from
84.4% to 88.2% (+3.8 percentage points) and DR increases from 81.5% to 88.3% (+6.8 percent-
age points). This trend is consistent with the design motivation of combining lightweight
feature extraction with attention-enhanced feature refinement, although the Carla experi-
ment does not isolate the individual contribution of each module. Second, the improvement
over the baseline becomes more visible as the scene becomes more challenging. This result
suggests that the full YOLOv8n-FEL architecture may provide additional benefit under
occlusion and distance variation in controlled simulation. Nevertheless, because Carla is
used only for direct testing of KITTI-trained models, these results should be interpreted as
scenario-level supporting evidence rather than class-wise or deployment-level validation.

Figure 6 presents representative side-by-side detection renderings of YOLOv8n
and YOLOvVS8n-FEL under the Carla evaluation scenarios. The examples illustrate se-
lected detection behaviors under distance variation, occlusion, and cluttered simulated
scenes. They should be interpreted together with the scene-level quantitative results in
Tables 9 and 10, rather than as independent evidence of scenario-level improvement.
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(a) YOLOv8n (b) YOLOvSn-FEL

Figure 6. Qualitative detection comparison between YOLOv8n and YOLOv8n-FEL in Carla simula-
tion. The same near-range, mid-to-far-range, and complex scenarios are shown for direct comparison.
The examples are illustrative and should be interpreted together with the scene-level mAP and DR
results in Tables 9 and 10.

4.4.2. Overall Computational Efficiency

Table 11 summarizes the overall efficiency comparison between YOLOv8n and
YOLOvVS8n-FEL on the RTX 3080 platform at 640 x 640 input resolution. Different from the
unweighted three-scenario average reported in Table 9, the mAP@0.5 values in Table 11 are
computed as aggregate results over all evaluated Carla frames.

Table 11. Overall computational efficiency comparison in Carla simulation.

Model mAP@0.5/% Params/M Inference/ms FPS
YOLOv8n 91.1 29 25.1 39.8
YOLOvS8n-FEL 92.5 24 23.3 429

In the overall Carla evaluation setting, YOLOv8n-FEL improves mAP@0.5 by 1.4 per-
centage points (91.1%—92.5%), while reducing inference latency by 7.2% (25.1 ms—23.3 ms)
and increasing throughput by 7.8% (39.8 FPS—42.9 FPS). The parameter count is reduced
from 3.006 M to 2.582 M. These results indicate that the PConv-based lightweight mod-
ification can provide practical latency benefits under the tested Carla GPU setting, al-
though the KITTI latency results and future embedded-device validation are still needed
for deployment-level efficiency assessment.

The mAP values in Table 11 are not expected to be identical to the arithmetic averages
in Table 9. Table 9 reports scene-level behavior under different simulated conditions,
whereas Table 11 reports aggregate frame-level evaluation and computational efficiency
over the full Carla test set.

Overall, the Carla results provide controlled simulation-based support for evaluating
YOLOvS8n-FEL under distance variation, occlusion, and scene complexity. The added
DR analysis provides a quantitative supplement to the visual renderings, but the Carla
experiment remains a scenario-level direct test of KITTI-trained models rather than a
Carla-specific class-wise benchmark.

In summary, the KITTI, DAIR-V2X, and Carla experiments indicate that YOLOv8n-FEL
provides a lightweight accuracy—complexity trade-off relative to YOLOvS8n. Its advantages
are metric-dependent: the model reduces parameters and GFLOPs and improves precision
and mAP@0.5 on KITTI, but it does not improve KITTI recall, mAP@0.5:0.95, or measured
inference latency. These findings motivate the following discussion.
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5. Discussion
5.1. Interpretation of the Accuracy—Efficiency Trade-Off

The KITTI ablation results show a clear reduction in model complexity after replacing
the original C2f modules with C2F-Faster, followed by a partial increase in parameters
when EMA and SPPF-LSKA are introduced. This pattern is consistent with the intended
compress-then-enhance design: lightweight feature extraction first reduces redundant
computation, and attention-based modules are then added for feature refinement and
spatial-context modeling. However, the benefit is metric-dependent rather than uniform.
YOLOvS8n-FEL reduces parameters and GFLOPs and slightly improves precision and
mAP@0.5, but it does not improve recall, mAP@0.5:0.95, or KITTI inference latency relative
to YOLOVSn.

The DAIR-V2X and Carla evaluations provide complementary evidence beyond the
KITTI validation split. DAIR-V2X reflects a real-world domain shift in sensor placement
and scene distribution, whereas Carla provides controlled simulated scenarios involving
distance variation, occlusion, and scene complexity. The added Carla DR results reduce
reliance on selected visual examples by providing scenario-wise quantitative evidence.
However, because the Carla experiment directly tests KITTI-trained models and is not a
Carla-specific class-wise benchmark, these results are not sufficient to support deployment-
level robustness claims. Such claims require additional validation on real-world adverse-
condition data and embedded hardware.

5.2. Limitations and Future Work

Several limitations remain and define directions for future work.

Metric-dependent performance. The proposed model should be interpreted as a
lightweight accuracy—complexity trade-off. Future work should investigate whether the
loss in high-IoU localization quality can be reduced through improved feature fusion, loss
design, or localization-aware lightweight modules.

Class-level challenges. The per-class KITTI results show that the improvement is most
evident for Cyclist AP@0.5, while pedestrian detection and stricter AP@0.5:0.95 metrics
remain challenging. This suggests that small and partially occluded traffic participants
still require more targeted analysis. The Carla DR analysis is reported at the scenario level
and should not be interpreted as a substitute for Pedestrian/Cyclist class-wise evalua-
tion. Future work will include scale-wise and class-wise recall evaluation, especially for
pedestrians, cyclists, and distant objects.

Runtime and embedded deployment. Although the model reduces theoretical com-
plexity, the KITTI inference results show that attention modules can increase measured
latency. All current experiments are conducted on desktop GPUs, and therefore do not
fully reflect in-vehicle deployment constraints. Future work should evaluate TensorRT
acceleration, quantization, memory bandwidth, energy consumption, and thermal behavior
on embedded platforms such as NVIDIA Jetson Orin.

Cross-domain and simulation validation. DAIR-V2X and Carla provide useful com-
plementary evaluation under domain shift and controlled simulated scenarios, but they are
not substitutes for real-world adverse-condition validation. Future work should include
real-world videos under rain, fog, low light, occlusion, and dense traffic conditions.

Extended benchmark evaluation. The present study includes matched comparisons
with representative compact YOLO-family baselines, including YOLO11n and YOLO12n.
Future work may further extend this evaluation to additional lightweight detectors under
unified data splits, augmentation schedules, training settings, and inference protocols.
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6. Conclusions

This paper presented YOLOv8n-FEL, a lightweight visual detector based on a progres-
sive compress-then-enhance architecture for traffic-object detection. The model replaces the
original C2f modules in YOLOv8n with C2F-Faster-EMA for lightweight feature extraction
and attention-based refinement, and introduces SPPF-LSKA at the SPPF stage for spatial-
context modeling. Rather than proposing new basic modules, this work focuses on the
architecture-level placement of lightweight compression and selective feature enhancement
within a compact YOLOv8n-based detector.

Experiments on KITTI show that YOLOv8n-FEL reduces parameters from 3.006 M
to 2.582 M and GFLOPs from 8.1 to 6.7, corresponding to reductions of approximately
14.1% and 17.3%, respectively. Under this reduced-complexity setting, precision increases
from 0.888 to 0.906 and mAP@0.5 increases from 0.891 to 0.895. The per-class results
further show that Cyclist AP@0.5 improves from 0.899 to 0.926. However, the gains are
metric-dependent: recall, mAP@0.5:0.95, and measured KITTI inference latency do not
outperform the YOLOv8n baseline. The matched YOLO11n and YOLO12n comparisons
further indicate that YOLOv8n-FEL provides higher precision and mAP@(.5 than the
compared recent compact baselines, while YOLOvS8n retains advantages in inference latency
and mAP@0.5:0.95, and YOLO12n has lower parameters and GFLOPs.

Direct evaluation on DAIR-V2X and controlled Carla simulation provides additional
evidence under domain shift and scenario variation. Overall, YOLOv8n-FEL is best under-
stood as a compact detector that improves selected AP@0.5-level accuracy metrics while
reducing model complexity, rather than as an across-metric superior detector. Future
work will focus on improving high-IoU localization quality, reducing attention-related
latency, strengthening class-wise analysis for pedestrians and distant objects, and validating
embedded deployment under real-world adverse driving conditions.
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Abbreviations

The following abbreviations are used in this manuscript:

BiFPN Bidirectional Feature Pyramid Network
CBAM Convolutional Block Attention Module
CSP Cross Stage Partial

DWConv  Depth-wise Convolution

EMA Efficient Multi-Scale Attention
GFLOPs  Giga Floating Point Operations

IoU Intersection over Union

LSKA Large Separable Kernel Attention
mAP mean Average Precision

PANet Path Aggregation Network

PConv Partial Convolution

RT-DETR  Real-Time Detection Transformer
SENet Squeeze-and-Excitation Network

SOD Small Object Detection

SPPF Spatial Pyramid Pooling Fast

YOLO You Only Look Once
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