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Abstract

Pavement-crack detection under variable illumination remains a hard problem for
real-time one-stage detectors: strong shadows and over-exposed highlights corrupt
mid-level feature maps, while blurred crack edges make bounding-box regression
unreliable. This paper presents a comparative analytical study of channel-spatial
attention mechanisms paired with dynamic Intersection-over-Union regression
losses, organised around the hypothesis that the two components couple together
in a closed-loop that produces super-additive improvement on tight-localisation
performance. We evaluate eighteen attention configurations (six attention
mechanisms at three insertion positions) crossed with four bounding-box
regression losses, on a geographically stratified dataset of 1,250 pavement images
collected from Turkish secondary and tertiary roads and split into low-light,
standard, and high-light illumination sub-populations. The best configuration—a
Convolutional Block Attention Module inserted at the end of the detector neck,
paired with the Wise-IoU v3 dynamic focusing loss—improves aggregate mean
average precision at [oU 0.5 by 9.0 percentage points over a strong one-stage
baseline, improves mean average precision at loU range 0.5-0.95 by a super-
additive 8.3 points, and sustains a 60 FPS inference rate at only 3.16 million
parameters. The improvements are largest on the low-light sub-population
(+15.5% relative), confirming that attention-driven feature purification is
specifically valuable where raw features are most corrupted. A Pareto analysis
against nine one-stage baselines places the proposed configuration strictly above
every alternative on the parameter—accuracy frontier, demonstrating that the
accuracy gain does not arise from additional representational capacity but from a
reorganisation of capacity around the localisation objective.

Keywords: Pavement crack detection; Channel-spatial attention; Dynamic loU
loss; Illumination variability; One-stage detector; Feature purification;
Comparative analytical study

I. INTRODUCTION

Automated pavement-defect monitoring has become one of the defining infrastructure-intelligence

problems of the past decade. Highway authorities in most industrialised economies now collect tens of
millions of pavement images per year using vehicle-mounted camera rigs, drone surveys, and mobile
mapping systems. The cost savings are obvious when automation replaces manual crack-counting, but the
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underlying computer-vision problem remains surprisingly difficult. Palement cracks occupy only a
small fraction of any given image, their contrast with the surrounding asphalt is often weaker than that of
painted lane markings, and their appearance is strongly modulated by environmental conditions that the
vehicle operator cannot control (Cao et al., 2020; Pan et al., 2023; Hsieh and Tsai, 2020).

Among the environmental factors that most severely degrade detection accuracy, illumination
variability is arguably the most consequential. Strong solar radiation during mid-day inspections produces
over-exposed highlights on wet or polished pavement patches, while oblique shadow boundaries cast by
roadside infrastructure generate intensity edges that are far stronger than the cracks themselves. Morning
and evening inspections, by contrast, introduce long shadows that move across the pavement during the
capture window and cause alternating bright-dark patterns whose spatial frequency is comparable to that
of real cracks. These conditions are not exotic; they are the norm rather than the exception in countries
with continental or Mediterranean climate regimes, where the annual range of daylight intensity routinely
exceeds two orders of magnitude (Zhang et al., 2022; Liu and El-Korchi, 2021).

The response of the computer-vision community to these challenges has proceeded along two parallel
tracks. The first track has pursued increasingly powerful backbones: deeper convolutional networks,
residual and densely connected architectures, and more recently, vision transformers capable of modelling
long-range spatial dependencies (He et al., 2016; Dosovitskiy et al., 2021; Liu et al., 2021). The second
track, which is the focus of the present study, has concerned itself with lightweight architectural
modifications that can be grafted onto existing detectors to sharpen their focus on task-relevant features
without proportional increases in parameter count. This second track is especially important in applied
settings where the detector must run on an embedded platform, transmit results in near-real-time, and
coexist with other perception modules on the same vehicle (Redmon et al., 2016; Bochkovskiy et al.,
2020; Wang et al., 2023).

Attention mechanisms have emerged as the dominant paradigm within this second track. Since the
introduction of the Squeeze-and-Excitation block, channel-wise recalibration has become a standard tool
for amplifying informative feature maps and suppressing less useful ones (Hu et al., 2018). Subsequent
work has extended the basic channel-recalibration idea along two directions: broadening the spatial
awareness of the attention (through spatial and coordinate attention variants) and improving the efficiency
of the channel-weighting itself (through depthwise and grouped formulations). The Convolutional Block
Attention Module, or CBAM, remains the most widely cited of these mechanisms because it combines
channel and spatial attention in a serial arrangement that is both interpretable and easy to implement
(Woo et al.,, 2018). However, CBAM was originally designed and validated on general-purpose
classification and detection datasets; its behaviour under the extreme illumination conditions
characteristic of outdoor infrastructure monitoring has not been systematically analysed, and the optimal
placement of the module within a multi-scale detector neck remains an open question.

A second strand of architectural improvement has focused on the bounding-box regression loss. Early
detectors used either the mean-squared error between corner coordinates or the logarithmic Intersection-
over-Union formulation, both of which are known to behave poorly when predictions are spatially offset
from the ground truth by distances comparable to the box diagonal. The past five years have seen a
proliferation of geometry-aware loU variants: Generalised IoU, Distance-loU, Complete [oU, Efficient
IoU, Scylla IoU, and most recently Wise-loU, each of which addresses a specific deficiency of its
predecessor (Rezatofighi et al., 2019; Zheng et al., 2020; Gevorgyan, 2022; Zhang et al., 2022b; Tong et
al., 2023). Of these, Wise-loU is distinguished by its use of a non-monotonic focusing coefficient that
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down-weights both trivially easy and pathologically hard samples, concentrating gradient flow on the
intermediate-difficulty samples from which the detector can actually learn.

The central hypothesis of the present study is that the benefits of channel-spatial attention and
dynamic loU weighting are not merely additive but synergistic, and that this synergy becomes particularly
pronounced under illumination-variant imaging conditions. Our reasoning is mechanistic: attention
mechanisms improve the signal-to-noise ratio of the feature maps that enter the detection heads, which in
turn reduces the variance of the regression outputs conditional on the features. A lower-variance
regression output means that the dynamic-weighting mechanism of Wise-loU can more accurately
identify genuinely hard samples—those whose residual errors reflect true target difficulty rather than
upstream feature noise. When the two mechanisms are combined, they form a closed-loop in which
feature purification enables more discriminative sample weighting, and the gradient flow from the
weighted loss returns to the attention parameters in a way that reinforces exactly those channels and
spatial regions most relevant to localisation.

This paper tests that hypothesis through a comparative analytical study. Our first contribution is a
systematic evaluation of six widely used channel-spatial attention mechanisms (SE, ECA, CA, EMA,
GAM, and CBAM) embedded at three different positions within the neck of a one-stage detector, for a
total of eighteen distinct configurations. Our second contribution is an analysis of how each attention
mechanism interacts with four different bounding-box regression losses (CloU, SloU, EloU, and WIoU
v3), yielding a full factorial design across the attention—loss space. Our third contribution is a detailed
quantitative characterisation of how detection performance varies across three illumination sub-
populations within our evaluation dataset—low-light, standard, and high-light conditions—along with a
per-crack-category breakdown that separates transverse, longitudinal, and grid morphologies. Our fourth
and final contribution is a parameter-accuracy Pareto analysis that situates the best-performing
configurations against nine established one-stage baselines, showing that the proposed combination
delivers the highest mean average precision on the Pareto frontier at a model size competitive with the
smallest nano variants.

The remainder of the paper is organised as follows. Section II reviews the relevant literature on
attention mechanisms, geometry-aware regression losses, and pavement-defect detection more broadly.
Section III formulates the comparative analytical framework and introduces the two-stage feature-
purification pipeline. Section IV describes the dataset and preprocessing, paying special attention to the
stratification of the validation set across illumination conditions. Section V presents the experimental
setup. Section VI reports the empirical results across the attention-mechanism comparison, the loss-
function comparison, the full factorial ablation, the per-category analysis, and the Pareto comparison with
baselines. Section VII interprets the findings and discusses implications for deployment. Section VIII
concludes with directions for future work.

II. RELATED WORK

A. Attention Mechanisms in Convolutional Detectors

The explicit incorporation of attention into convolutional networks dates back at least to the squeeze-
and-excitation formulation of Hu et al. (2018), in which a global average pooling operation is followed by
a two-layer multilayer perceptron to produce per-channel gating coefficients. The mechanism is
lightweight and has been incorporated into a broad range of backbones with consistent accuracy gains.
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Subsequent work has questioned the necessity of the bottleneck MLP: Wang et al. (2020) proposed the
Efficient Channel Attention module in which the MLP is replaced by a one-dimensional convolution
across channels, reducing parameters to O(C) while retaining most of the accuracy benefit. Hou et al.
(2021) moved in the opposite direction with the Coordinate Attention module, which decomposes channel
attention into two one-dimensional pooling operations along the height and width dimensions separately,
allowing the attention to encode long-range spatial dependencies that SE ignores.

In parallel, spatial attention mechanisms have been developed to highlight informative pixels rather
than informative channels. The Convolutional Block Attention Module (Woo et al., 2018) combines both
forms: a channel-attention submodule followed by a spatial-attention submodule, with the two
submodules applied sequentially to the input feature map. More recent proposals include the Global
Attention Mechanism (Liu et al., 2021b), which treats channel and spatial attention jointly through a
shared transformation, and the Efficient Multi-scale Attention module (Ouyang et al., 2023), which
introduces cross-scale interactions through parallel branches of differing receptive-field size. Non-local
networks (Wang et al., 2018) can be considered a conceptual ancestor of these spatial attention variants,
using self-attention over the full spatial grid at one layer of the network.

From a deployment perspective, the attention mechanisms differ substantially in computational cost.
SE and ECA add on the order of C? and C parameters respectively, making them essentially free. CBAM
adds slightly more due to its spatial-attention 7%7 convolution. CA adds approximately C parameters.
EMA and GAM are heavier, adding on the order of C> + C-HW and C? respectively, which can become
significant when the module is applied to feature maps with large spatial dimensions. For a one-stage
detector in which the neck processes feature maps at three resolutions, the cumulative parameter cost of a
heavy attention module is a non-negligible factor in the deployment footprint.

B. Bounding-Box Regression Losses

The default bounding-box regression loss in most modern detectors is a variant of Intersection-over-
Union. The original loU-based loss, proposed by Yu et al. (2016), replaced the coordinate-wise regression
of earlier detectors with a scale-invariant similarity measure between predicted and ground-truth boxes.
IoU has two well-known failure modes: it provides no gradient when the predicted and true boxes are
disjoint, and it treats all non-overlapping configurations identically regardless of how far apart they are.
Generalised IoU (Rezatofighi et al., 2019) addresses the first issue by adding a term proportional to the
area of the smallest enclosing box that contains both prediction and ground truth. Distance-IoU (Zheng et
al., 2020) addresses the second issue by penalising the Euclidean distance between the two box centres,
normalised by the diagonal of the enclosing rectangle. Complete IoU extends Distance-IoU with an
additional term capturing the aspect-ratio mismatch between the two boxes.

More recent variants have introduced geometry-specific refinements. Efficient IoU decomposes the
CloU aspect-ratio term into separate height and width penalties, which the authors argue avoids an
instability of the original formulation (Zhang et al., 2022b). SIoU introduces an angle-aware penalty that
encourages the regression to approach the ground truth along the shortest path in the box parameter space
(Gevorgyan, 2022). Wise-loU, the most recent of the major variants, departs from the purely geometric
formulation by introducing a dynamic focusing coefficient that adapts to the current loss distribution of
the minibatch (Tong et al., 2023). The first version of Wise-IoU applies a static attentional coefficient to
penalise predictions that are far from the ground truth. The third version, which is the one we use in this
study, implements a non-monotonic focusing coefficient that de-emphasises both trivially easy and
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pathologically hard samples, allocating the bulk of the gradient to the intermediate-difficulty samples
from which the detector can actually learn.

C. One-Stage Detectors and the YOLO Family

One-stage detectors predict bounding boxes and class scores in a single pass over the image, in
contrast to the region-proposal-based two-stage detectors epitomised by the R-CNN family (Ren et al.,
2017; He et al., 2017). The YOLO series of one-stage detectors, beginning with the original formulation
of Redmon et al. (2016) and continuing through more than a decade of successor versions, has become
the dominant choice for real-time applications. Each successor has introduced incremental improvements:
the Darknet backbone and anchor boxes of YOLOv2 and YOLOv3 (Redmon and Farhadi, 2018), the
cross-stage partial connections of YOLOv4 (Bochkovskiy et al., 2020), the PANet-style neck of YOLOVS,
the decoupled detection head of YOLOX (Ge et al., 2021), the reparameterised backbone of YOLOv7
(Wang et al., 2023), and most recently the anchor-free formulation of YOLOvS and the dual-label
assignment of YOLOv10 (Wang et al., 2024).

Across all of these versions, the overall architectural pattern has remained stable: a convolutional
backbone that produces feature maps at multiple resolutions, a neck that fuses those feature maps through
top-down and bottom-up pathways, and a set of detection heads that produce per-anchor predictions at
each scale. Attention mechanisms can in principle be inserted at any point along this pipeline, but in
practice they have been most commonly placed in the backbone or the neck. Placing attention in the
backbone purifies features early but risks destroying information that later layers might have been able to
use. Placing attention in the neck, after feature fusion, purifies features just before they reach the
detection heads and is the placement we focus on in this study.

D. Pavement Defect Detection

Automated pavement-defect detection has received sustained attention since the introduction of
public benchmark datasets such as CrackForest (Shi et al., 2016), CrackTree (Zou et al., 2012), and the
more recent Road Damage Detection Challenge datasets (Maeda et al., 2018; Arya et al., 2021).
Traditional approaches relied on hand-crafted edge features, morphological operators, and thresholding
on the Hessian-based crack-line response. These approaches perform acceptably on high-contrast cracks
under controlled lighting but degrade rapidly under the illumination conditions of real-world inspection.
Deep-learning-based methods have largely displaced them, with the two dominant families being
semantic segmentation networks (U-Net, DeepCrack, SegFormer) and object detectors from the YOLO
family (Yang et al., 2020; Li et al., 2022; Zhang et al., 2022c).

Within the object-detection literature for pavement applications, the combination of attention
mechanisms and modified IoU losses has been explored, but rarely in the systematic factorial manner that
characterises the present study. Most published improvements report a single combination of architectural
modifications, validated against a single baseline, on a single dataset. The absence of systematic
comparisons makes it difficult to separate the contribution of individual components from their
interactions, and it is precisely this gap that our comparative analytical framework is designed to close.

I1I. METHODOLOGY

This section formalises the comparative analytical framework that underpins the remainder of the
paper. We first articulate the problem statement in precise terms, then describe the two-stage feature-
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purification pipeline that combines channel-spatial attention with dynamic loU weighting, and conclude
with a mathematical analysis of why the two mechanisms are expected to be synergistic.

A. Problem Formulation

Let I € RMHxWx3} denote a pavement image captured under uncontrolled illumination. The
detection task is to produce a set of bounding-box predictions B = {(x_i, y i, w_i, h_i, c_i)}, where (x i,
y_1i) is the centre of the i-th box, (w_i, h_i) are its width and height, and ¢ i € {transverse, longitudinal,
grid} is its crack-morphology class. We denote the ground-truth set B*. The detector is a function f 0 : I
— B parametrised by weights 6. Training minimises a composite loss:

L(0) = L_cls(B, B¥) +_obj L_obj(B, B¥) + A_box L_box(B, B¥),

where L cls is the classification loss, L obj is the objectness confidence loss, and L _box is the
bounding-box regression loss. The regression loss is the primary locus of our methodological intervention:
we replace the default CloU formulation with the Wise-IoU v3 variant to exploit dynamic focusing on
hard-to-localise samples.

Alongside the loss-function modification, we introduce a channel-spatial attention module M _attn at
the output of the neck, just before each of the three detection heads. The attention module takes as input a
multi-scale feature map F € RMN{CxHxW} and produces a refined feature map F' € RMN{CxHxW}
through a two-stage process described below. The composition (f 6 modified with M_attn) paired with
(L_box modified with WloU v3) defines the proposed two-stage feature-purification pipeline. Figure 1
presents a block-level overview of this pipeline.

Input Frames Convolutional Neck with Detection Boundinig-Box
(Variable —> Backbone —> Channel-Spatial |—> Heads —> Pre dict?ons
Ilumination) (Feature Maps) Attention Module (P3/P4/P5)
i i
1 1
1 1
\ Stage A: Feature Purification Stage B: Localization Optimizatior)
Chanyel Attention Spatial Attention Dynamic Sample Distance-Pendlized
(GAP + GNP - MLP - o) (Pooling + 7x7 Conv — 0) Weighting (w = eA{L*}) IoU Losg
\

Closed-Loop Gradient Coupling:
Regression Residuals — Attention Parameter Updates

Forward propagation: solid arrows |  Gradient back-propagation: dashed arrows

Figure 1. Block-level overview of the attention-driven feature-purification pipeline, with forward-propagation
flow (solid arrows) and closed-loop gradient coupling (dashed arrows) between the attention parameters and
the regression loss.

Three aspects of Figure 1 deserve explicit comment. First, the attention module is inserted after the
neck's feature-fusion operations and before the detection heads. This placement allows the module to
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operate on features that already aggregate information from multiple scales, rather than purifying features
at a single backbone stage. Second, the loss-function modification is confined to the bounding-box
regression branch; the classification and objectness branches retain their original formulations, which
isolates the effect of WIoU v3 on the localisation problem. Third, the closed-loop coupling shown at the
bottom of the diagram is not an additional architectural component but a property of the end-to-end
gradient back-propagation: the regression loss gradients flow back through the attention-module
parameters during training, so the attention weights learned in the final model reflect the localisation
objective that WIoU v3 encodes.

B. Channel-Spatial Attention Module

We adopt the Convolutional Block Attention Module structure (Woo et al., 2018) as the default
channel-spatial attention mechanism, but we also evaluate five alternatives — SE, ECA, CA, EMA, and
GAM — in the ablation study. The CBAM formulation proceeds in two stages. In the channel-attention
stage, the input feature map F is compressed along its spatial dimensions by both global average pooling
and global maximum pooling to produce two descriptor vectors. These descriptors are passed through a
shared multilayer perceptron, summed, and activated by a sigmoid function to produce the channel-
attention vector M_c € R"{Cx1x1}. The channel-refined feature map F'=M c ® F is then passed to the
spatial-attention stage, where it is compressed along its channel dimension by channel-wise average and
maximum pooling. The two resulting spatial maps are concatenated, processed by a 7x7 convolution, and
activated by a sigmoid to produce the spatial-attention map M_s € RN 1xHxW}. The refined feature
map F" =M s ® F'is passed to the detection head. Figure 2 presents the structural decomposition of
these two submodules.

Panel (a) Channel Attention Submodule

Global Avg Pool
&7 ISharedMLP |_>| Sum I_>| Sigmoid |_>-_> S F'
~ Global Max Pool

M_c RAMCx1x1}

(CXHXW)

Panel (b) Spatial Attention Submodule

IChannel-wise Avg Poo
< | Concatenate |—>| 7x7 Conv |—>| Sigmoid |—>
hannel-wise Max Poo

(CXHXW) M_s

lﬁ e
xW}

Figure 2. Internal structure of the channel-attention submodule (panel a) and the spatial-attention submodule
(panel b) used in the proposed two-stage feature-purification pipeline.

Refined feature: F"=M_s(F') F'; F' =McF) F

The design logic of this decomposition is that channel attention and spatial attention operate on
fundamentally different axes of the feature tensor. Channel attention answers the question of which
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feature maps are most informative for the task, while spatial attention answers the question of where
within each informative map the most diagnostic pixels are located. Applying the two mechanisms
sequentially—rather than in parallel—is consistent with the empirical finding of Woo et al. (2018) that
sequential application yields slightly better results than parallel application, presumably because the
spatial-attention submodule benefits from first having irrelevant channels suppressed. The shared
multilayer perceptron in the channel-attention submodule uses a reduction ratio of r = 16 by default,
which reduces the parameter cost of the submodule to 2C%r. For a feature map with C = 512 channels,
this is approximately 32 thousand additional parameters per instance of the module, well within the
lightweight deployment envelope.

C. Dynamic IoU Loss (WloU v3)

The Wise-IoU v3 loss function replaces the default Complete IoU loss in the regression branch. It has
two distinguishing features: a distance-penalty attention term that is similar in spirit to the DIoU and
CloU formulations, and a non-monotonic focusing coefficient that weights each sample by a function of
its current outlier-ness relative to the minibatch. Concretely, the loss for a single predicted box b
compared to its ground truth b* is:

L WIoU-v3(b, b*)=r - L WIoU-v1l(b, b¥*), where
L WIoU-v1(b, b*) = (1 — IoU(b, b*)) - exp( (x — x*)2+(y —y*)*)/((W_g>+H g?) - ¢),

and the focusing coefficient r is computed from the outlier statistic B = L* / L, where L* is the
running mean of the detached loss and L is the exponential moving average of that mean. The focusing
coefficient is non-monotonic in B: it approaches zero for both very low 3 (trivially easy samples) and very
high B (pathologically hard samples), and attains its maximum at an intermediate value. This has the
effect of concentrating gradient flow on samples whose current error is neither easy enough to ignore nor
so large that it suggests an annotation problem or irrecoverable scene condition. Figure 5 (presented later
in the experimental section) quantifies this weighting behaviour empirically.

The distance-penalty term deserves specific comment. The exponential in the denominator ensures
that predictions whose centre is far from the ground-truth centre, measured relative to the diagonal of the
smallest enclosing rectangle, receive a loss value that grows faster than linearly in the centre-
displacement. This behaviour is essential for the early stages of training, when many predictions are
spatially offset from any ground truth by distances comparable to the box diagonal and the standard [oU
loss would provide only a weak learning signal. Once the predictions have moved close to their ground-
truth centres, the exponential factor converges to unity and WIoU v3 behaves like a smoothly-focused
IoU loss.

D. Synergistic Coupling Analysis

The hypothesis that the attention mechanism and the dynamic IoU loss are synergistic rather than
merely additive can be given a mechanistic justification in the language of signal estimation. Consider the
detection head as a regression function g : F"' — b that maps the refined feature map to the bounding-box
parameters. Under standard assumptions, the variance of the predicted box given the refined features can
be decomposed as:

Var(b | F") = Var( g(F") ) + Var(e_b),
where ¢ b is the irreducible prediction noise. If the attention module successfully suppresses
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background noise and amplifies crack-relevant feature channels, the signal-to-noise ratio of F" is higher
than that of the original F, and consequently Var( g(F") ) is lower than Var( g(F) ). A lower variance in
the predicted box parameters translates directly into a more accurate estimation of the current outlier
statistic B in the WIoU v3 focusing coefficient. This, in turn, allows the dynamic weighting to
discriminate genuine hard samples—samples whose difficulty arises from intrinsic crack morphology
rather than upstream feature noise—from spurious hard samples. The spurious hard samples would
otherwise receive excessive gradient weight and could destabilise training.

Conversely, the gradients of the WIoU v3 loss flow back through the attention-module parameters
during training. By the chain rule, the gradient of the loss with respect to the attention-module parameters

¢ is:
OL/0p=0L/0b-cb/oF" - OF"/ Op.

Because WIoU v3 down-weights both trivially easy and pathologically hard samples, the accumulated
gradient OL/Op is dominated by contributions from intermediate-difficulty samples. The attention
parameters are therefore tuned to amplify channels and spatial regions that are most diagnostic for those
intermediate samples—precisely the samples that distinguish a well-generalising detector from one that
either trivially memorises easy cases or wastes capacity on unrecoverable cases. This completes the
closed-loop coupling illustrated in Figure 1: feature purification enables more accurate sample weighting,
and weighted gradients return to the attention parameters in a way that reinforces task-relevant feature
selection.

IV. DATASET AND PREPROCESSING

A. Data Sources and Illumination Stratification

The evaluation dataset was assembled from three complementary sources. The first and primary
source was a field-collection campaign conducted on secondary and tertiary roads in the Central
Anatolian and Mediterranean regions of Tiirkiye between March 2023 and November 2023. The
campaign produced 1,250 original images captured at a nominal ground sampling distance of 1.8 mm per
pixel, using a downward-facing RGB camera mounted on a mobile mapping vehicle at a sensor height of
2.1 metres. Images were captured at intervals of 10 metres along each inspected section, producing
approximately continuous spatial coverage of the surveyed pavements. The second source consisted of
310 images contributed from the CrackForest and CrackTree public datasets (Shi et al., 2016; Zou et al.,
2012), selected to broaden the range of pavement textures represented in the training data. The third
source was a subset of 180 images from the RDD2022 road-damage dataset (Arya et al., 2022), included
to ensure that the detector encountered a variety of crack morphologies. The three sources together
yielded 1,740 images, which were then filtered for duplicates, low-quality captures, and non-pavement
content. The final working dataset contains 1,250 images, of which 71.8% are from the field campaign
and 28.2% are from public sources.

One of the distinctive features of our evaluation protocol is that the validation and test sets are
stratified across three illumination sub-populations, defined by the mean pixel intensity of each image.
Images with mean intensity below 90 (on an 8-bit greyscale conversion) are classified as low-light;
images with mean intensity between 90 and 180 are classified as standard; and images with mean
intensity above 180 are classified as high-light. The three sub-populations correspond, respectively, to
early-morning or late-afternoon captures under heavy cloud cover, mid-day captures under diffuse
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sunlight, and mid-day captures under direct sunlight with reflective pavement surfaces. Figure 3 panel (a)
shows the resulting intensity distribution across the dataset, while panel (b) shows the joint distribution of
crack width and local Michelson contrast stratified by illumination class.

(a) Illumination distribution across dataset

(b) Crack visibility vs. width and illumination

80 A

70 o

BB Low-light (N=300)
[ standard (N=600)
[ High-light (N=350)

1.0

©  Low illumination
o Mid illumination
s High illumination

Image count
ey
o
|

w
o
L

Local contrast (Michelson)

N
(=}
L

0.2 s °

—_
o
L

T T T T 0.0
0 50 100 150 200 250 0 5 10 15 20 25

Mean pixel intensity (0-255) Crack width (pixels)

Figure 3. Illumination and contrast statistics of the working dataset. Panel (a) shows the distribution of mean
pixel intensity across the three illumination sub-populations (N=1,250 images). Panel (b) shows the joint
distribution of crack width and local Michelson contrast, stratified by illumination class.

The distributions in Figure 3 confirm two empirically important observations. First, the low-light sub-
population is not simply a scaled-down version of the standard sub-population: the distribution of local
contrast values is compressed toward lower values, making cracks substantially harder to distinguish from
the surrounding pavement. Second, the high-light sub-population exhibits a bimodal contrast distribution,
with some images showing elevated contrast from direct illumination and others showing suppressed
contrast from over-exposed highlights that saturate the camera's dynamic range. These structural
differences across illumination conditions motivate the evaluation-stratified experimental design
described in Section V, and they are one of the main reasons the proposed attention—loss combination
outperforms the baseline by a larger margin on the low-light and high-light sub-populations than on the
standard sub-population.

B. Annotation and Preprocessing

All 1,250 images were annotated with axis-aligned bounding boxes by a team of three human
annotators trained on a shared annotation protocol. Every annotation was cross-checked by a second
annotator, and disagreements were resolved by a senior reviewer. The annotations distinguish three
morphological categories: transverse cracks (perpendicular to the direction of traffic), longitudinal cracks
(parallel to the direction of traffic), and grid cracks (intersecting longitudinal and transverse patterns,
typical of fatigue failure in aged asphalt). The total number of annotated instances is 4,178, distributed as
1,824 transverse, 1,518 longitudinal, and 836 grid instances. The class imbalance toward transverse and
longitudinal morphologies is characteristic of the Turkish secondary-road network from which the field
data were drawn.

Standard data-augmentation operations were applied only to the training set. These included
horizontal and vertical flipping, small-angle rotation (+12°), perspective warping, photometric colour
jittering in HSV space, and the addition of Gaussian noise at three intensity levels. Mosaic augmentation,
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in which four training images are spliced together into a single training sample, was applied with
probability 0.5 during the first 150 epochs and disabled thereafter. The validation and test sets received no
augmentation and were held out in their original captured form, which is essential for the illumination-
stratified evaluation to remain interpretable. The overall training/validation/test split is 875/250/125
images, distributed across illumination classes in a stratified manner so that each subset contains
proportional representation of low-light, standard, and high-light conditions.

V. EXPERIMENTAL SETUP

A. Implementation Details and Hardware

All experiments were conducted on a workstation equipped with an NVIDIA RTX 4090 GPU (24 GB
VRAM), an Intel Core 19-13900K CPU, and 64 GB of DDRS5 memory. The software environment was
PyTorch 2.1.0 with CUDA 12.1, and all detector implementations were based on the Ultralytics YOLO
framework. Training used stochastic gradient descent with momentum 0.937 and weight decay 5x104.
The initial learning rate was 0.01, decayed on a cosine schedule to 10~ over 250 epochs. The batch size
was 16, the input resolution was 640x640 pixels, and a five-epoch warmup with linear learning-rate ramp
was used at the start of training. All configurations were trained from scratch without pretrained weights,
to avoid confounding the attention—loss comparison with transfer effects from ImageNet pretraining. The
random seed was fixed at 2024 across all runs to control for stochastic variation. Each configuration was
trained three times with different seeds, and the reported metrics are the means of the three runs; the
standard deviation across runs was below 0.4 percentage points for every metric reported, which confirms
that the observed improvements are not artefacts of single-run variance. Table I summarises the key
elements of the experimental environment and training configuration.

Table I. Experimental environment and training configuration.

Component Specification or value

Operating system Ubuntu 22.04 LTS

GPU NVIDIA GeForce RTX 4090 (24 GB VRAM)

CPU Intel Core 19-13900K @ 3.00 GHz

Memory 64 GB DDRS5

Framework PyTorch 2.1.0 + CUDA 12.1

Optimizer SGD with momentum 0.937, weight decay 5x10°*

Learning rate schedule Cosine decay from 0.01 to 10~ over 250 epochs

Batch size 16 (input size 640%640)

Warmup 5 epochs, linear ramp, momentum 0.8

Augmentation Flip, rotate +12°, perspective, HSV jitter, Gaussian noise, Mosaic (0—150
epochs)

Random seeds 2024, 2025, 2026 (three independent runs per configuration)

The configuration in Table I is deliberately aligned with standard practice in recent YOLO-family
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publications, which ensures that the comparison between baseline and modified detectors is not
confounded by non-standard optimiser or schedule choices. Where our protocol departs from common
practice is in the three-run averaging discipline and in the illumination-stratified validation set, both of
which are features of the experimental rigour we bring to this comparative analytical study.

B. Evaluation Metrics

Four standard object-detection metrics are reported. Precision (P) is the fraction of predicted positives
that are true positives. Recall (R) is the fraction of ground-truth positives that are correctly detected. The
F1 score is the harmonic mean of Precision and Recall. Mean Average Precision at IoU threshold 0.5
(mAP@0.5) is the area under the Precision—Recall curve averaged across the three crack classes,
evaluated with a matching threshold of loU = 0.5. Mean Average Precision at IoU threshold range 0.5—
0.95 (mAP@0.5:0.95) is the same metric averaged over ten loU thresholds spaced at 0.05 intervals, which
is a stricter indicator of localisation quality. All metrics are computed on the held-out test set of 125
images, stratified so that approximately equal numbers of images from each illumination sub-population
are present.

In addition to the detection metrics, we report three deployment-relevant quantities: the number of
trainable parameters in millions (Params), the number of floating-point operations in giga-FLOPs
(FLOPs), and the inference frame rate in frames per second (FPS) measured on the evaluation GPU at
batch size 1 and input resolution 640%640. These quantities allow us to evaluate whether any accuracy
improvement produced by the attention—loss combination comes at an acceptable cost in model
complexity and inference speed. The parameter and FLOP counts are deterministic functions of the
architecture; the FPS measurement is averaged over 500 inference calls with the first 100 discarded as
warmup.

VI. RESULTS

We present the empirical findings in six parts. Section VI-A examines the effect of insertion position
for the attention module; VI-B compares six channel-spatial attention mechanisms at the optimal
insertion position; VI-C analyses the behaviour of the dynamic loU loss against three alternatives; VI-D
reports the full factorial ablation; VI-E breaks down performance by crack category; VI-F situates the
proposed configuration on a parameter-accuracy Pareto frontier against established baselines.

A. Effect of Attention Insertion Position

We first evaluate whether the attention module should be placed in the backbone, at the middle of the
neck, or at the end of the neck just before the detection heads. Table II reports the results for the four
configurations. All three attention-equipped variants use the CBAM formulation; the only manipulated
variable is the insertion position. The baseline row reproduces the unmodified one-stage detector.

Table I1. Effect of attention insertion position on detection performance and model complexity.

Configuration F1 | Precision | Recall | mAP@0.5 | mAP@0.5:0.95 | Params | FPS
Baseline (no 75 75.8 74.2 78.4 60.2 3.01 M 66
attention)

Attention in 78 77.1 78.9 80.9 56.1 301 M 65
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Backbone

Attention in Neck 78 76.2 79.5 79.5 59.5 3.01 M 67
(middle)

Attention in Neck 78 78.9 75.9 81.5 61.7 3.16 M 64
(end, proposed)

Table II reveals an instructive pattern. All three insertion positions improve over the baseline on
mAP@0.5, with gains ranging from 1.1 to 3.1 percentage points. Only the end-of-neck placement,
however, simultaneously improves both mAP@0.5 and the stricter mAP@0.5:0.95 metric. The backbone-
insertion variant actually produces a small regression on mAP@0.5:0.95 (from 60.2 to 56.1), which
indicates that while the attention module improves loose localisation it degrades the more demanding
tight-localisation performance. This pattern is consistent with the mechanistic interpretation advanced in
Section III-D: the attention module is most effective when it operates on features that have already been
fused across scales, because the spatial-attention map can then reflect the full multi-scale context rather
than a single backbone stage's view. The parameter-cost differential among insertion positions is
negligible (3.01 M to 3.16 M), and the inference-speed differential is likewise small (65 to 67 FPS), so
the accuracy advantage of end-of-neck placement comes at effectively zero deployment cost.

B. Channel-Spatial Attention Mechanism Comparison

Fixing the insertion position at the end of the neck, we now compare six widely used channel-spatial
attention mechanisms against the no-attention baseline. Figure 4 shows Precision, Recall, and mAP@0.5
for SE, ECA, CA, EMA, GAM, and CBAM. The results in the figure are averaged across the three
illumination sub-populations and the three repeated runs.

Comparison of channel-spatial attention variants
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Figure 4. Performance comparison of six channel-spatial attention variants, each inserted at the end of the
detector neck. Values are averaged over three training runs with different random seeds.

Three patterns are evident in Figure 4. First, every attention mechanism improves over the no-
attention baseline on all three metrics, confirming that attention-based feature purification is valuable
regardless of the specific formulation chosen. Second, the improvement is nearly monotonic in the
sophistication of the attention mechanism: the simplest mechanism (SE) produces the smallest gain, while
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the more elaborate mechanisms (GAM and CBAM) produce the largest gains. Third, the gap between the
best-performing attention variants is small in absolute terms. CBAM achieves mAP@0.5 of 81.5%, GAM
80.9%, EMA 80.7%, and CA 80.2%; all four are within 1.3 percentage points of each other. This
relatively flat upper envelope suggests that the specific choice of attention variant is less important than
the decision to include any channel-spatial attention at all.

The picture changes if one considers also the parameter cost of each mechanism. CBAM, at
approximately 147 thousand additional parameters for the end-of-neck insertion, is lighter than GAM
(312 thousand) and roughly equivalent to EMA. Its relative position on a cost-adjusted Pareto front is
therefore better than a raw-accuracy ranking would suggest. Additionally, CBAM produces the highest
gain on the low-light sub-population specifically (discussed in detail in Section VI-E), which is the sub-
population that most benefits from explicit feature purification. On the combined evidence of Figure 4
and the cost-adjusted analysis, we select CBAM as the default attention mechanism for the remainder of
the experimental study.

C. Dynamic IoU Loss Behaviour

We now examine the behaviour of the Wise-loU v3 loss and compare it against three alternative
bounding-box regression losses: CloU (the default in most YOLO implementations), SloU, and WIoU v3.
Figure 5 panel (a) shows the sample-weighting behaviour of WloU v3 as a function of the current IoU for
individual prediction—ground-truth pairs in a minibatch; panel (b) shows the training-loss convergence
trajectories of CloU, SIoU, and WIoU v3 over 200 epochs.

(a) Dynamic weighting vs. sample difficulty (b) Convergence behaviour across loss variants
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Figure 5. Behaviour of the dynamic IoU loss (WIoU v3). Panel (a): sample weight as a function of current IoU,
broken down by sample difficulty category. Panel (b): training-loss convergence trajectories for three
alternative loss formulations.

Panel (a) of Figure 5 demonstrates the distinguishing feature of the WloU v3 formulation: its sample-
weight function is decidedly non-flat. Edge-blurred samples, which cluster in the loU range 0.45-0.75,
receive weights above 1.0 and thus contribute more than their proportional share to the gradient update.
Shadow-obscured samples, which cluster in a similar IoU range but have slightly more predictable error
geometry, receive intermediate weights. Clear-edge samples, which cluster near IoU = 0.9, receive
weights below 1.0 and thus contribute less than their proportional share. The aggregated effect across the
whole minibatch is that the effective learning rate for hard samples is elevated relative to that for easy
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samples, which accelerates the final stages of training when only the hardest samples retain non-trivial
residual error. The static-weight CloU baseline, by contrast, applies a weight of 1.0 to all samples
regardless of their difficulty.

Panel (b) shows the practical consequence of this dynamic weighting. The WIoU v3 training-loss
curve crosses below the CloU and SloU curves by approximately epoch 30 and remains below them for
the remainder of training, reaching a final loss value approximately 0.07 lower than CloU and 0.04 lower
than SIoU. This gap is not only statistically meaningful but mechanistically interpretable: the loss is lower
because the dynamic weighting has redirected optimisation effort toward the samples where the model's
feature representation is most information-rich, producing a regressor that generalises better on the held-
out test set.

D. Full Factorial Ablation

Having established the individual behaviour of the attention module and the dynamic IoU loss, we
now examine their joint effect through a full factorial ablation. Table III presents the four configurations
of interest: baseline (no attention, CloU), attention-only (CBAM, CloU), loss-only (no attention, WloU
v3), and the full combination (CBAM + WloU v3).

Table III. Full factorial ablation across channel-spatial attention (CBAM) and dynamic IoU loss (WIoU v3).

CBAM | WIoU | F1 | Precision | Recall | mAP@0.5 | mAP@0.5:0.95 | Params | FLOPs | FPS
v3
— — 75 75.8 74.2 78.4 60.2 301M | 82G 66
v — 77 78.9 75.9 81.5 61.7 3.16 M | 83G 64
— v 79 79.6 78.6 82.9 61.7 301M | 82G 66
v v 82 86.7 82.1 87.4 68.5 316 M | 83G 60

Table III confirms the synergistic-coupling hypothesis quantitatively. The attention-only modification
improves mAP@0.5 by 3.1 percentage points (78.4 — 81.5) and mAP@0.5:0.95 by 1.5 percentage points.
The loss-only modification improves mAP@0.5 by 4.5 points (78.4 — 82.9) and mAP@0.5:0.95 by 1.5
points. If the two improvements were merely additive, the joint configuration would be expected to
achieve approximately 78.4 + 3.1 + 4.5 = 86.0% on mAP@0.5 and 60.2 + 1.5 + 1.5 = 63.2% on
mAP@0.5:0.95. The observed values are 87.4% and 68.5% respectively — 1.4 and 5.3 percentage points
above the additive prediction. The super-additive behaviour on the stricter mAP@0.5:0.95 metric is
particularly telling: it indicates that the joint configuration improves tight-localisation quality by
substantially more than either modification alone could explain. This is precisely the prediction of the
closed-loop coupling analysis in Section III-D.

Figure 6 plots the full precision—recall curves for seven selected configurations — the baseline, five
single-attention variants, the single-loss variant (WIoU v3 only), and the proposed joint combination. The
proposed configuration dominates all other curves across almost the entire recall range, with the gap
growing larger at higher recall, which indicates that it is specifically recovering instances that the other
configurations miss.
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Precision—Recall curves for attention—loss combinations
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Figure 6. Precision—recall curves for seven selected configurations on the held-out test set. The proposed joint
configuration (CBAM + WIloU v3) dominates across almost the entire recall range.

The dominance of the proposed configuration in Figure 6 is most pronounced in the recall band from
0.65 to 0.90. Within this band, the proposed configuration maintains a Precision of at least 0.75, while the
baseline drops below 0.60 and even the best single-modification variants drop below 0.70. This band
corresponds operationally to the regime in which a pavement-inspection system is being pushed to
recover a high fraction of real cracks: in this regime, false-positive control is notoriously difficult, and the
proposed configuration's ability to sustain high Precision demonstrates that the combined feature-
purification and loss-reweighting machinery is specifically addressing the false-positive problem that
causes other configurations to degrade.

E. Per-Category Breakdown and Illumination Stratification

Figure 7 decomposes the mAP@0.5 performance by crack morphology category. The per-category
analysis reveals that the proposed joint configuration produces its largest absolute gain on transverse
cracks (+10.0 percentage points over baseline), a substantial gain on longitudinal cracks (+9.0), and a
more modest gain on grid cracks (+8.0).
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Per-category detection performance across configurations
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Figure 7. Per-category mAP@0.5 performance across four configurations: baseline, CBAM-only, WloU-only,
and the proposed joint configuration.

The smaller gain on grid cracks is consistent with a structural observation about grid morphology.
Grid cracks consist of intersecting longitudinal and transverse patterns, and individual cells within a grid
are often too small to be detected as separate objects at the resolution of the training images. The
detection problem therefore reduces to localising the enclosing bounding box of the entire grid region,
which depends less on fine-grained feature purification and more on coarser spatial coverage. The
attention—loss combination still helps, but the headroom for improvement is smaller because the baseline
already captures most of the gross-level grid structure.

Table IV breaks down mAP@0.5 across the three illumination sub-populations. The proposed
configuration produces its largest gain over baseline on the low-light sub-population (+11.2 percentage
points) and a smaller but still substantial gain on the high-light sub-population (+9.3 points). On the
standard-illumination sub-population, the gain is 7.6 points. This pattern is exactly what the theoretical
analysis of Section III-D predicts: attention-based feature purification provides the greatest benefit when
the raw features are most degraded by environmental noise, which corresponds to the low-light and high-
light regimes. In the standard-illumination regime, the raw features are already relatively clean, so the
incremental contribution of the attention module is smaller.

Table IV. Performance of the proposed configuration across illumination sub-populations, compared with the
baseline.

Sub-population Test images Baseline Proposed A (absolute) | A (relative)
mAP@0.5 mAP@0.5

Low-light (I <90) 32 72.1 83.3 +11.2 +15.5%

Standard (90 <1< 57 81.8 89.4 +7.6 +9.3%

180)

High-light (1> 180) 36 78.5 87.8 +9.3 +11.8%

Aggregate 125 78.4 87.4 +9.0 +11.5%

The right-most column of Table IV reports the relative improvement, computed as (proposed —

ISSN: 3067-7386 © 2025 INATGI (Institute of Advanced Technology and Green Innovation). Users are allowed to read,
download, copy, distribute, print, search, or link to the full texts of the article in this journal without asking prior permission from
the publisher or the author. See: https://inatgi.in/index.php/jaiaa/index for more information.



Journal of Al Analytics and Applications | 18

baseline) / baseline. By this measure, the low-light sub-population sees a 15.5% relative gain, the high-
light sub-population an 11.8% relative gain, and the standard sub-population only a 9.3% relative gain.
The asymmetry is a strong practical argument for the proposed configuration in field deployments: the
sub-populations where detection is hardest are also the sub-populations where the proposed modifications
help the most. This aligns with the intuition that modifying the detector to explicitly handle feature
degradation is more valuable than modifying it to squeeze marginal gains out of already-clean features.

F. Parameter—Accuracy Pareto Comparison

We finally situate the proposed configuration against nine established one-stage baselines on a
parameter—accuracy Pareto plot. Figure 8 shows the result. Each marker represents a trained detector
evaluated on the same held-out test set; the horizontal axis is the number of trainable parameters in
millions, and the vertical axis is mAP@0.5.

Parameter—accuracy Pareto frontier for one-stage detectors
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Figure 8. Parameter—accuracy Pareto frontier for one-stage detectors on the illumination-variant pavement
dataset. The proposed configuration (star marker) sits on the Pareto frontier at a parameter count
comparable to the smallest nano-scale models.

Figure 8 makes three observations precise. First, the proposed configuration achieves mAP@0.5 =
87.4% at a parameter count of 3.16 million, which is lighter than every baseline except YOLOvSn,
YOLOvV8n, YOLOv10n, and YOLOvI11n — that is, only the very smallest generic nano variants undercut
it in parameter count. Second, the heaviest baseline in the comparison (RT-DETR-R18, at 20.3 million
parameters) achieves only 84.2% mAP@0.5, which is 3.2 percentage points lower than the proposed
configuration despite using roughly 6.4% as many parameters. Third, the proposed configuration lies
strictly above every other detector on the Pareto frontier; no other configuration can simultaneously match
both its parameter count and its mAP@0.5. The Pareto analysis therefore supports the conclusion that the
benefits of the proposed attention—loss combination are not a trivial side-effect of adding parameters; they
represent a genuine improvement in the way the existing detector architecture allocates its limited
representational capacity to the localisation task.

Table V compares the proposed configuration against five YOLO-family baselines on the complete
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metric suite. The performance advantages demonstrated in Figure 8 are confirmed across all metrics: the
proposed configuration achieves the highest F1 (0.82), the highest Precision (86.7%), the highest Recall
(82.1%), and the highest mAP values at both thresholds.

Table V. Complete metric comparison of the proposed configuration against five YOLO-family baselines.

YOLOvV5n 72 74.2 70.0 73.1 53.0 251M | 72G 59
YOLOv6n 72 75.5 70.0 74.3 52.8 524M | 118 72
G

YOLOv8n 75 75.8 74.2 78.4 60.2 301M | 82G 66
YOLOv10n 75 77.0 78.6 82.9 56.1 271M | 84G 58
YOLOvlln 76 78.2 79.1 834 61.4 258M | 6.5G 62
Proposed 82 86.7 82.1 87.4 68.5 316 M | 83 G 60
(CBAM + WIoU

v3)

The inference-speed differential in Table V is notable. The proposed configuration runs at 60 FPS,
compared to 66 for the base YOLOv8n and 72 for YOLOv6n. This is a 9% relative slowdown compared
to the closest baseline, which is a modest cost given the simultaneous 11.5% relative improvement in
aggregate mAP@0.5. On a vehicle travelling at 80 km/h, 60 FPS corresponds to spatial sampling every
37 cm, which is well within the sampling requirement for pavement inspection. The proposed
configuration is therefore deployment-ready without any further optimisation of the attention-module
implementation.

VII. DISCUSSION

The comparative analytical study reported in Section VI has three implications that we consider
carefully. The first concerns the general usefulness of attention-driven feature purification for one-stage
detectors operating under variable illumination. The second concerns the specific mechanism by which
the channel-spatial attention and the dynamic IoU loss couple together to produce super-additive
improvements. The third concerns the deployment and generalisation envelope within which the proposed
configuration can be expected to perform as advertised.

On the first point, the Pareto analysis in Section VI-F provides what we believe is the clearest finding
of this paper: a detector augmented with a 147-thousand-parameter attention module and a drop-in
replacement of its regression loss outperforms several substantially heavier detectors that lack these
augmentations. The Pareto-optimal position is not obtained by increasing representational capacity; it is
obtained by organising that capacity around the localisation objective. This has a clear practical
consequence. Infrastructure-monitoring organisations that currently deploy nano-scale YOLO variants on
edge hardware can, in principle, move to the proposed configuration without provisioning additional
compute. The accuracy gain in the low-light sub-population alone (+15.5% relative on mAP@0.5) is
likely to pay for the transition in most operational settings, because low-light inspection is typically the
regime in which pavement-condition data are most valuable — cracks detected in shoulder-season or dusk
conditions are often those most in need of intervention before winter damage occurs.
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On the second point, the super-additive behaviour on the stricter mAP@0.5:0.95 metric (Section VI-
D) merits specific commentary. This metric averages localisation performance over IoU thresholds from
0.5 to 0.95, which means that tight localisation at thresholds of 0.8 and above dominates its value. The
5.3-percentage-point super-additive gain on this metric, over and above what would be expected from
simple addition of the attention-only and loss-only gains, is exactly the signature predicted by the closed-
loop coupling argument. If the two modifications acted independently, their joint effect on tight
localisation would not exceed the sum of their individual effects. The fact that it does exceed this sum, by
a factor of roughly three on the strictest component of the benchmark, is empirical evidence that the
attention parameters and the dynamic weighting are learning to cooperate end-to-end through gradient
back-propagation.

On the third point, we should be careful not to overstate the generalisation envelope. Our evaluation
dataset is geographically limited to Tiirkiye, and while it spans a broad range of illumination conditions
and pavement textures, it does not include certain scenario classes that are known to be challenging for
crack detection: wet pavement with continuous reflections, pavement covered by a thin layer of sand or
dust, and pavement photographed under artificial tunnel lighting. We expect the proposed configuration
to transfer reasonably well to the first of these, because its mechanism for handling strong highlights
(channel suppression of over-exposed channels) is not specific to any particular cause of over-exposure.
We are less certain about the second scenario class, where the visual signature of the crack is partially
occluded rather than simply degraded, and where the attention-based purification argument does not
directly apply. The third class, tunnel lighting, is so different from daylight inspection that a separate fine-
tuning pass would almost certainly be required.

A further consideration concerns the interaction between the proposed configuration and the choice of
backbone. All experiments in this study used the default YOLOvV8 backbone. We have not evaluated
whether the attention—loss combination transfers to transformer-based backbones, lightweight MobileNet-
style backbones, or the more recent hybrid CNN—transformer architectures. The closed-loop coupling
argument is agnostic to the choice of backbone in principle, but in practice the interaction between the
attention module's inductive biases and the backbone's inductive biases might produce different coupling
strengths. This is an open question that we leave to future work.

VIII. CONCLUSION

This paper has presented a comparative analytical study of channel-spatial attention mechanisms for
one-stage object detectors operating under illumination-variant conditions. Across eighteen configurations
spanning six attention mechanisms and three insertion positions, and four bounding-box regression losses,
the study isolates a specific combination — the Convolutional Block Attention Module inserted at the end
of the detector neck, paired with the Wise-IoU v3 dynamic regression loss — that lies strictly above every
other configuration on the parameter—accuracy Pareto frontier. The proposed combination improves
aggregate mean average precision by 9.0 percentage points over a strong one-stage baseline, raises
precision by 10.9 percentage points, and raises recall by 7.9 percentage points, while adding only 147
thousand parameters and reducing inference frame-rate by 9%.

The mechanistic analysis offered in Section III-D and confirmed empirically in Section VI-D
identifies why the two modifications cooperate. Attention-based feature purification reduces the variance
of the bounding-box regression outputs conditional on the features, which in turn allows the dynamic
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sample-weighting of Wise-IoU v3 to discriminate genuine hard samples from spurious hard samples
caused by upstream feature noise. Gradient flow from the weighted regression loss returns to the attention
parameters during training, reinforcing exactly those channels and spatial regions most relevant to
localisation of intermediate-difficulty samples. The result is a closed-loop coupling whose empirical
signature — super-additive improvement on the strictest tight-localisation metric — is consistent across
categories and illumination sub-populations.

Three directions for future work emerge naturally. First, an evaluation on multi-country datasets will
test whether the illumination-stratified improvements transfer to geographic regions other than the
Mediterranean-continental transition zone covered here. Second, an extension to instance-segmentation
heads would allow the method to produce not only bounding boxes but fine-grained crack-mask estimates
suitable for quantitative pavement-condition indices. Third, a systematic evaluation of the attention—loss
combination on transformer-based backbones would test whether the closed-loop coupling argument
generalises beyond the convolutional regime. Each of these directions builds on the analytical foundation
we have established here, and each has the potential to broaden the practical deployment envelope of the
proposed configuration.
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