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Abstract

Surface cracks are critical indicators of deterioration in flood-control infrastructure, yet
automated detection from inspection imagery remains challenging due to complex back-
grounds, elongated geometries, and variations in apparent scale. This study aims to develop
a lightweight detector for accurate dike crack detection while maintaining computational
efficiency. A hybrid CNN–Transformer detector, termed YOLO-Defender, was built on
YOLOv8n. The proposed framework incorporates a C2F-FTB block in the backbone for
local–global feature representation, a BiFF-PAN neck for enhanced multi-scale feature
fusion, and coordinate attention for improved spatial feature localization. The model was
evaluated on an in-house dike crack dataset containing 1217 images collected from flood-
defense structures and related crack imaging scenarios using a unified training and testing
protocol. YOLO-Defender achieved 89.6% mAP@0.5 and 69.2% mAP@0.5:0.95, improv-
ing YOLOv8n by 3.0 and 5.1 percentage points, respectively. Compared with YOLOv8n,
the proposed model reduced parameters and GFLOPs by 41.2% and 18.5%, respectively,
while achieving an inference speed of 153 FPS on a desktop GPU. The results indicate that
task-oriented architectural design can improve crack detection accuracy and localization
performance while preserving lightweight characteristics. These findings support efficient
screening of hydraulic infrastructure inspection imagery.

Keywords: dike crack detection; hydraulic structures; structural health monitoring; object
detection; lightweight YOLO

1. Introduction
Dikes are critical components of flood-control systems, and surface cracks represent

important visible manifestations of structural deterioration. These cracks often originate
from internal stress redistribution, material degradation, or differential settlement [1].
Progressive crack growth can provide pathways for moisture ingress and seepage, which
may lead to localized instability and increased risk of piping and breach during flood
events [2,3]. Therefore, early identification of surface defects is essential for condition-
based maintenance and risk mitigation in hydraulic engineering. In recent years, UAV-
based inspection platforms and physics-informed seepage assessment models have been
increasingly incorporated into intelligent monitoring frameworks for embankment and
dam safety management [4,5].

The crack inspection and documentation of embankments, dikes, and associated hy-
draulic structures has relied primarily on manual visual inspection. Although widely
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adopted, such inspections are labor-intensive, difficult to standardize, and highly depen-
dent on inspector experience [6]. Moreover, they are insufficient for the large-scale and
high-frequency monitoring requirements of modern water-infrastructure operation and
maintenance (O&M), particularly during intensive inspection periods such as pre-flood-
season patrols. With the rapid development of unmanned aerial vehicles (UAVs) and
automated inspection platforms, image-based structural health monitoring (SHM) has in-
creasingly adopted automated inspection platforms and image-based damage assessment
approaches for hydraulic structures [5,7]. However, converting large volumes of inspection
imagery into reliable crack information requires robust automated detection algorithms.

Existing crack detection approaches can be broadly divided into traditional image-
processing methods and deep learning-based detectors. Conventional approaches based
on thresholding, filtering, and edge operators rely heavily on handcrafted features and
preprocessing strategies, limiting their robustness under complex field conditions such
as illumination variation, vegetation interference, soil-texture background, and shadow
contamination [8,9]. In contrast, deep learning methods automatically learn hierarchical
representations from data and have achieved improved performance in visual inspection
tasks for civil infrastructure [10,11].

Among deep learning detectors, the You Only Look Once (YOLO) family has attracted
considerable attention due to its single-stage architecture, which enables efficient joint
optimization of object localization and classification while maintaining competitive accu-
racy [12]. Although two-stage detectors such as Faster R-CNN [13] can achieve strong
detection performance, their computational complexity limits deployment in resource-
constrained inspection scenarios. YOLOv8 has therefore become a widely adopted baseline
for lightweight detection applications [14], and recent advances have further incorporated
attention mechanisms and Transformer-based components to enhance feature representa-
tion [15].

For hydraulic infrastructure inspection, recent studies have explored advanced visual
recognition frameworks for crack and damage assessment. Vision Transformer (ViT)-based
approaches have been investigated for dam crack segmentation by exploiting long-range de-
pendency modeling, but their computational complexity may limit lightweight deployment
scenarios [16]. Meanwhile, attention-enhanced detectors, optimized YOLO architectures,
and automated inspection frameworks have been investigated for hydraulic structures, in-
cluding dam cracks, embankment slopes, and related damage scenarios [17–20]. However,
quantitative comparison among these studies remains challenging because they involve
different computer vision tasks, such as pixel-level segmentation and bounding-box-based
object detection, as well as different image acquisition conditions and evaluation protocols.
In particular, many reported results rely primarily on mAP@0.5, while stricter localization
criteria such as mAP@0.5:0.95 are less frequently considered.

For large-scale screening of UAV and patrol inspection imagery, lightweight one-stage
detectors remain a practical solution. Nevertheless, many existing CNN–Transformer hybrids
and mobile vision Transformers are developed for general visual recognition or generic defect
detection rather than specifically tailored to slender dike cracks, while dike cracks present
domain-specific challenges, including elongated morphologies, extreme aspect ratios, and low-
contrast boundaries that hinder robust feature representation [21,22]. Coordinate attention
provides position-aware feature recalibration [23]. Optimized YOLO variants have further
improved the accuracy–efficiency trade-off for structural crack detection [24]. Although
morphology-adaptive YOLO variants have been explored for crack detection in hydraulic
structures [25], few studies have systematically investigated the integrated design of backbone,
neck, and attention modules within a lightweight YOLOv8n framework tailored to slender
dike cracks and evaluated under stricter IoU thresholds.
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For dike crack detection, three major technical challenges remain. First, conventional
CNN-based backbones primarily rely on local receptive fields, which limits their ability
to model globally continuous crack trajectories and may result in fragmented predictions.
Second, crack instances exhibit variations in apparent scale and shape, ranging from
narrow early-stage defects to larger visible fissures. Conventional feature pyramid network
(FPN) and path aggregation network (PANet) structures based on fixed multi-scale fusion
may insufficiently preserve fine spatial details or semantic consistency during feature
aggregation [26,27]. Third, practical deployment in UAV and robotic inspection scenarios
requires lightweight models that maintain accurate localization of high-aspect-ratio cracks
under stringent IoU thresholds [24].

Lightweight one-stage detectors have likewise been adapted for UAV-based real-time
crack screening on civil infrastructure [28]. To address these challenges, this study pro-
poses YOLO-Defender, a lightweight YOLOv8n-based detector in which the backbone,
neck, and attention modules are jointly tuned to slender crack morphology and strict
localization requirements. Specifically, the architecture incorporates (i) C2F-FTB, which
replaces the deepest C2f block with a CNN–Transformer hybrid module through parallel
CNN–Transformer feature modeling to capture local textures and long-range crack con-
tinuity; (ii) BiFF-PAN, a bidirectional feature fusion neck incorporating selective feature
fusion (SFF) to enhance multi-scale representation; and (iii) coordinate attention (CA),
which improves spatial awareness for elongated crack structures. An in-house multi-source
dataset developed for dike crack detection is used to systematically evaluate the proposed
detector under realistic field variability.

2. Materials and Methods
2.1. Overview of YOLO-Defender

YOLO-Defender retains the standard YOLOv8 single-stage detection paradigm con-
sisting of a backbone, neck, and detection head (Figure 1). Architectural modifications
are introduced mainly in the feature extraction and feature fusion stages to improve rep-
resentation capability for elongated, high-aspect-ratio, and scale-varying crack patterns,
while the original YOLOv8 detection head is preserved for classification and bounding-box
regression [24,29].

Figure 1. Overall architecture of YOLO-Defender.

The major architectural components are configured as follows:
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(i) Backbone modification. The final C2f block of YOLOv8n is replaced with C2F-FTB to
jointly model local texture details and long-range contextual dependencies.

(ii) Attention enhancement. A coordinate attention (CA) block is inserted after the spatial
pyramid pooling-fast (SPPF) module to enhance position-aware feature representation
of crack features before multi-scale feature fusion.

(iii) Neck redesign. The original YOLOv8 neck structure is replaced with BiFF-PAN, which
introduces bidirectional feature propagation pathways and selective feature fusion
(SFF) units for improved cross-scale representation.

(iv) Detection head preservation. The original YOLOv8 detection head remains unchanged
to maintain the efficiency and compatibility of the one-stage detection framework.

The default YOLOv8 loss functions and label assignment strategies are retained. There-
fore, the observed performance improvements can be mainly attributed to the proposed
architectural modifications rather than changes in optimization objectives.

Beyond retaining the default loss and assignment, module choices are guided by
dike-crack morphology under a fixed YOLOv8n budget, with explicit contrasts to plausible
lightweight alternatives rather than isolated add-ons. Relative to deepening a purely
local CNN stack or relying only on Ghost-style cheap operators, C2F-FTB is restricted to
the deepest C2f stage so that convolutional bottlenecks keep fine textures while MHSA
supplies long-range continuity. Relative to retaining the stock YOLOv8 neck, BiFF-PAN
with SFF is used to gate multi-scale fusion for extreme aspect ratios and scales revealed by
the crack-instance statistics (Section 2.5). Relative to SE-style channel squeeze (and other
attentions compared in Section 3.2), coordinate attention is placed after SPPF to preserve
horizontal/vertical positional cues needed for slender cracks. Module internals are detailed
in Sections 2.2–2.4 and quantified in Section 3.

2.2. C2F-FTB Hybrid Block

Although CNNs are effective at extracting fine-grained crack textures, their local
receptive fields are less effective in capturing globally continuous crack trajectories, which
may result in fragmented detections. To address this limitation, C2F-FTB extends the
original C2f structure by introducing two parallel feature extraction branches, as shown
in Figure 2.

The CNN branch retains stacked Bottleneck blocks to preserve high-resolution local
representations required for detecting narrow crack structures. In parallel, the Transformer
branch employs multi-head self-attention (MHSA) [30] to capture long-range dependencies,
followed by a convolutional gated linear unit (CGLU) for feature transformation. The
outputs of the two branches are subsequently concatenated along the channel dimension,
generating a fused representation that jointly captures fine-grained local details and global
crack continuity.

Given an input feature tensor X, the output of the i-th attention head is computed as:

Qi = WQ
i X, Ki = WK

i X, Vi = WV
i X (1)

where WQ
i , WK

i and WV
i denote learnable projection matrices.

The scaled dot-product attention [30] is defined as:

Attention(Q, K, V) = softmax

(
QKT
√

dk

)
V (2)

where dk is the head dimension. Multi-head outputs are concatenated and linearly projected
to obtain the global contextual feature map.
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Figure 2. Internal structure of C2F-FTB: (a) C2F-FTB overview; (b) Hybrid block detail.

2.3. BiFF-PAN Neck with Selective Feature Fusion

Crack appearance varies substantially across inspection scenes, with defect patterns
ranging from fine narrow crack patterns to large structural fissures. In conventional feature
pyramid-based neck architectures [26,27], predefined feature aggregation strategies may fail
to optimally balance semantic abstraction and spatial precision during multi-scale fusion,
resulting in insufficient representation of cracks with diverse geometric characteristics.
BiFF-PAN (Bidirectional Feature Fusion Path Aggregation Network) addresses this issue
by introducing an enhanced bidirectional feature pyramid with selective feature fusion
(SFF) nodes, enabling adaptive cross-scale feature aggregation.

Figure 3 shows bidirectional exchange among P3–P5, including a non-adjacent
P3 → P5 shortcut (dashed). Each fusion junction uses an SFF node (Figure 4) followed by
C2f refinement before the detection head. Figure 4 details one SFF node: Fhigh is upsampled
to Fup

high; channel weights Wc ∈ RC×1×1 are predicted from Fup
high via parallel pooling and

1 × 1 convolutions; Flow is modulated by Wc and added to Fup
high, then passed through C2f.

The inset contrasts this selective fusion with direct addition.

Fo = C2f
(
(Wc ⊙ Flow)⊕ Fup

high

)
(3)

where ⊙ denotes element-wise multiplication and Wc = σ
(
Fattn

(
Fup

high

))
is the channel-

wise weight map generated by a lightweight attention branch that selectively modulates
low-level features before fusion, following a channel-wise gating rationale.
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Figure 3. Detailed architecture of the BiFF-PAN neck.

Figure 4. Internal architecture of a single SFF node.

2.4. Coordinate Attention

High-aspect-ratio cracks require precise spatial localization and preservation of po-
sitional information. Channel attention mechanisms such as squeeze-and-excitation (SE)
aggregate spatial features into global channel descriptors, which may lose explicit spatial
information required for accurately delineating crack endpoints and propagation direc-
tions [31]. Coordinate attention (CA) [23] addresses this limitation by decomposing channel
attention into two one-dimensional directional encodings along the horizontal and vertical
spatial axes.
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For channel c of the input tensor xc, directional pooling is defined as:

zh
c (h) =

1
W ∑0≤i<W xc(h, i), zw

c (w) =
1
H ∑0≤j<H xc(j, w) (4)

The pooled descriptors are subsequently fused, transformed by shared convolution
layers, and activated to obtain weights gh

c and gw
c The recalibrated output is:

yc(i, j) = xc(i, j) · gh
c (i) · gw

c (j) (5)

By decomposing attention along horizontal and vertical coordinates, CA enables
YOLO-Defender to enhance crack-specific feature responses while emphasizing position-
sensitive crack responses.

2.5. Dataset Construction

Publicly available crack datasets specifically collected from real dikes remain limited,
which restricts the development and generalization evaluation of automated inspection
models [32]. Similar limitations regarding annotated samples have also been reported in
dam crack imaging studies [33]. To support method development and controlled evaluation
for flood-control and reservoir-related hydraulic structures, we constructed an in-house
multi-source dataset Images were obtained from two complementary sources: (i) publicly
accessible crack-related images collected from open sources; and (ii) field photographs
acquired from selected dikes and reservoir-related hydraulic structures in Fuzhou, Fujian
Province, China. Within the publicly sourced images, morphology-based concrete-surface
crack samples were separately identified as proxy samples for subsequent dataset analysis.
During data acquisition, images in which crack regions were severely obscured or could
not be reliably annotated were excluded to ensure annotation consistency and reliability.

Because authentic dike crack cases in the investigated region are relatively limited,
additional concrete-surface crack images with similar geometric characteristics were incor-
porated as proxy samples based solely on morphology similarity. Specifically, these samples
contain elongated fissures on rigid surfaces that resemble dike crack patterns in shape and
scale, but they do not represent identical hydraulic loading, seepage, or environmental
conditions. After removing blurred, duplicated, and irrelevant images, the final dataset
contains 1217 images, including 917 crack-positive images and 300 crack-free negative
images without bounding-box annotations. Positive samples may contain one or multiple
crack instances, whereas negative samples are included to improve robustness against false
detections on non-cracked surfaces. Because field photographs are regionally concentrated
and proxies are morphology-based only, generalization beyond the present acquisition
setting remains limited; absolute metrics are therefore best read as performance under the
current data mix rather than as fully domain-transferable guarantees.

All crack instances were manually annotated using LabelImg (version 1.8.6) and
exported in the YOLO annotation format. Only one object category, namely crack, was
defined. Each crack instance was represented by normalized bounding-box parameters
consisting of center coordinates and box width and height (x,y,w,h); images containing
multiple cracks therefore have multiple label entries. Negative images were stored with
empty label files to enable the detector to learn rejection of background-only scenes during
training. Before training, all images were resized to 640 × 640 pixels using the default
letterboxing strategy of the Ultralytics YOLO implementation, where aspect ratios were
preserved and padding was automatically applied when required.

The dataset was randomly divided into training, validation, and test subsets at an
approximate ratio of 60:20:20, resulting in 730, 243, and 244 original images, respectively.
The split was performed once and fixed throughout all experiments to ensure consistent
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comparison among models. Offline augmentation was applied only to the training subset,
while the validation and test subsets remained unchanged. To improve robustness against
illumination and viewpoint variations, the training set was expanded offline by generating
seven additional augmented variants for each original training image, including horizontal
flip, vertical flip, rotation, ±30% brightness variation, Gaussian noise, and fog simulation,
following common limited-data augmentation strategies [34]. This process increased the
number of training images from 730 to 5840, while the validation and test sets remained
unchanged. Additional online augmentation during Ultralytics training is described in
Section 2.6. All experiments in Section 3 use this fixed split unless otherwise specified.

Together with the online augmentation used in training, these sampling and offline-
augmentation measures are intended to curb overfitting under the present corpus size.
Consistent gains in the subsequent ablation and subgroup analyses (Section 3) further
indicate that the improvements are not confined to a single memorized partition. The
1217-image scale is best interpreted as supporting controlled in-domain evaluation rather
than unrestricted geographic transfer.

Before augmentation, 1073 annotated crack instances from 917 positive images were
statistically analyzed (Figure 5), while empty labels and negative samples were excluded.
The crack targets exhibited pronounced elongation, with the aspect ratio defined as
max(w/h, h/w), yielding a mean value of 2.99 and a maximum value of 19.43.

Figure 5. Crack scale distribution for 1073 annotated boxes from 917 crack-positive images: (a) Nor-
malized width w versus height h; (b) Relative area w × h with count-scaled KDE.

In addition, 48 near-field close-up images contained cracks occupying most of the
image region, resulting in normalized bounding-box areas approaching the full image size
(w × h ≥ 0.95). These samples were considered valid according to the task definition and
contributed to the right tail of the scale distribution. Although 93.29% of crack instances
had normalized bounding-box areas greater than 5% of the image area, their narrow widths
and elongated geometries still posed challenges for accurate localization, highlighting the
necessity of both scale-aware and context-aware feature modeling. Representative positive
and negative examples are presented in Figure 6 to illustrate morphological diversity and
challenging backgrounds.
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Figure 6. Representative samples from the multi-source crack dataset: (a) Typical dike crack and
background overview; (b) Macroscopic crack on a dike surface; (c) Sample captured under complex
interference; (d) Typical elongated crack on a concrete surface; (e) Mesh-like crack on a concrete
surface; (f) Crack-free background negative sample.

2.6. Evaluation Protocol and Implementation Details

Detection performance is evaluated using precision (P), recall (R), mean average preci-
sion at IoU = 0.5 (mAP@0.5), and mean average precision averaged over IoU thresholds
from 0.5 to 0.95 with a step size of 0.05 (mAP@0.5:0.95), following the COCO-style detection
metric convention [35]. The latter metric provides a stricter assessment of localization qual-
ity. Model complexity is characterized by the number of parameters and GFLOPs, whereas
inference efficiency is reported in frames per second (FPS) on a desktop workstation. For
all models, FPS was measured on the test split using the same RTX 3060 GPU, 640 × 640
input size and a shared inference script; timing used PyTorch CUDA 2.4.0 synchronization
after warmup and excludes image loading and post-processing. Reported FPS values refer
to desktop-GPU throughput under the protocol above; embedded edge latency was not
measured. GFLOPs for YOLOv8n, YOLO-Defender, and YOLOv8n-Ghost were measured
experimentally at 640 × 640 input, whereas YOLOv10n [36] and YOLOv11n [37] values
follow architecture profiling at the same input size; cross-family GFLOPs entries should
therefore be read as indicative complexity estimates. Accordingly, the cross-model com-
parisons emphasize parameter counts and the same-device FPS protocol above; GFLOPs
remain informative within the YOLOv8-family models, whereas cross-family entries pro-
vide only order-of-magnitude context.

All experiments were conducted on a workstation equipped with an Intel Core i5-
12600KF CPU, an NVIDIA GeForce RTX 3060 GPU (12 GB memory), and the PyTorch 2.4.0
framework under Windows 10. Detection models were implemented with the Ultralytics
YOLO API (version 8.2.50 for YOLOv8n, YOLO-Defender, YOLOv8n-Ghost, YOLOv10n,
and ablations; Ultralytics 11 for YOLOv11n). All compared models were trained from
random initialization under the same protocol (pretrained weights were not used), input
size 640 × 640, batch size 16, 150 epochs, optimizer SGD with initial learning rate lr0 = 0.01,
final-factor lrf = 0.01, momentum 0.937, weight decay 0.0005, three warmup epochs, linear
learning-rate decay (cos_lr = false), random seed 0, deterministic = true, mixed-precision
training enabled, and close_mosaic = 0. Validation-based early stopping used patience
100; all reported mAP values use each run’s validation-best checkpoint. P, R, and mAP in
Section 3 are obtained on the fixed test split with each run’s validation-best checkpoint
using the default Ultralytics validation routine.

https://doi.org/10.3390/w18172139

https://doi.org/10.3390/w18172139


Water 2026, 18, 2139 10 of 20

During training, Ultralytics default online augmentation was applied on top of
the offline-augmented training set, including mosaic augmentation (probability = 1.0),
mixup (probability = 0), horizontal flipping (probability = 0.5), default HSV augmentation
(∆h = 0.015, ∆s = 0.7, ∆v = 0.4), translation (0.1), and scaling (0.5). YOLOv8n, YOLO-
Defender, YOLOv8n-Ghost, YOLOv10n, and all ablation variants reported in Section 3
were trained under the same data split, input size, optimization schedule, and online
augmentation protocol. Each model retained its architecture- and implementation-specific
components, including the detection head, loss formulation, and label-assignment strategy
where applicable. YOLOv11n was retrained with the Ultralytics YOLO11 implementation
using the identical dataset split, the same online augmentation settings listed above, and the
same nominal training schedule (150 epochs, batch size 16, SGD, initial learning rate 0.01,
and 640 × 640 input). YOLOv8n-Ghost refers to the Ultralytics YOLOv8-Ghost architecture
incorporating C3Ghost modules derived from GhostNet [38], which was retrained under
the proposed experimental protocol as a task-oriented comparison baseline rather than an
exact reproduction of the original implementation.

2.7. Grad-CAM Visualization Protocol

For the qualitative analysis in Section 3, gradient-weighted class activation mapping
(Grad-CAM) [39] was implemented in PyTorch using forward hooks on the target layer.
The validation-best checkpoints described in Section 3.3 were loaded in evaluation mode,
with gradient computation enabled for feature attribution. The same backbone SPPF layer
was selected as the target layer for both models to ensure a consistent visualization basis.
The backward target was defined as the average score of the top-k (k = 20) crack-class
(class 0) detections obtained from the raw detection outputs after confidence ranking.

All input images were letterboxed to 640 × 640 pixels following the same prepro-
cessing used in Ultralytics inference. For Grad-CAM computation, inputs pixel values
were scaled to the unit interval without ImageNet mean–std normalization. Test-time
augmentation smoothing and eigen smoothing were enabled during CAM generation. No
bounding-box-restricted renormalization was performed; instead, activation maps were
min--max normalized over the entire image domain and visualized using the jet colormap
with an opacity factor of 0.5. A global Low/Medium/High color scale was used for in-
terpretation. For direct comparison between models on the same image, both CAM maps
were normalized using a shared scale derived from their raw activation ranges.

One sample was selected from the fixed test split for qualitative visualization of the
CAM responses and detection behavior of YOLOv8n and YOLO-Defender. The visualiza-
tion is intended to complement the quantitative evaluation reported in Section 3 and is
presented as an illustrative qualitative comparison.

3. Results and Discussion
3.1. Ablation Study

To quantify the contribution of each component, a component-wise ablation study
was conducted using YOLOv8n as the baseline (Table 1). The baseline achieves 86.6%
mAP@0.5 with 3.01 M parameters and 8.1 GFLOPs. Replacing the deepest C2f block
with C2F-FTB (Exp. 2) increases mAP@0.5 to 88.3% while reducing the parameter count
to 2.69 M, demonstrating that enhanced local–global feature modeling can be achieved
while maintaining a compact architecture. Introducing BiFF-PAN alone (Exp. 3) improves
mAP@0.5 to 88.0% relative to the baseline and decreases parameters to 2.08 M, highlighting
the effectiveness of improved multi-scale feature aggregation. In contrast, CA alone (Exp. 4)
maintains the same mAP@0.5 but improves mAP@0.5:0.95 from 64.1% to 65.7%, indicating
enhanced localization precision under stricter IoU thresholds.
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Table 1. Component-wise ablation on the fixed held-out test split.

Exp C2F-FTB BiFF-PAN CA mAP@0.5 (%) mAP@0.5:0.95 (%) Params (M) GFLOPs

1 × × × 86.6 64.1 3.01 8.1
2

√
× × 88.3 64.7 2.69 7.6

3 ×
√

× 88 64.2 2.08 7.1
4 × ×

√
86.6 65.7 3.01 8.1

5
√ √

× 89.1 65.7 1.77 6.6
6

√ √ √
89.6 69.2 1.77 6.6

Combining C2F-FTB and BiFF-PAN (Exp. 5) achieves 89.1% mAP@0.5 with only
1.77 M parameters and 6.6 GFLOPs, demonstrating their complementary benefits in feature
extraction and multi-scale fusion. After further incorporating CA (Exp. 6), YOLO-Defender
reaches 89.6% mAP@0.5 and 69.2% mAP@0.5:0.95, corresponding to absolute improve-
ments of 3.0 and 5.1 percentage points over the baseline, while maintaining the same
computational cost as Exp. 5. Figure 7 summarizes the mAP@0.5 progression along
the sequential integration path from the baseline to C2F-FTB, C2F-FTB combined with
BiFF-PAN, and the complete YOLO-Defender model. From Exp. 5 to Exp. 6, mAP@0.5
increases by 0.5 percentage points, whereas mAP@0.5:0.95 increases from 65.7% to 69.2%
(+3.5 percentage points). This larger improvement under stricter IoU thresholds indicates
that CA has a stronger effect on localization-sensitive performance and motivates the
attention-mechanism comparison presented below.

 
Figure 7. Incremental mAP@0.5 gains from module integration.

The contribution of CA is further investigated by replacing it with alternative attention
mechanisms under the Exp. 5 configuration (Model A in Table 2). Although SE achieves the
highest precision (89.5%), its recall decreases substantially to 78.7%, leading to lower overall
mAP performance. This behavior is consistent with the limited spatial awareness of global
channel attention, as discussed in Section 2. SimAM [40] and CBAM [41] improve precision
relative to Model A but do not yield an overall mAP improvement. SimAM slightly
decreases mAP@0.5 from 89.1% to 88.8% while leaving mAP@0.5:0.95 unchanged at 65.7%,
whereas CBAM reduces both metrics to 87.3% and 63.8%, respectively. In contrast, CA
achieves the highest mAP@0.5 and mAP@0.5:0.95 among the evaluated attention variants,
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demonstrating its effectiveness in improving localization accuracy for slender crack targets
under strict IoU thresholds.

Table 2. Attention mechanism comparison under the Exp. 5 Model A setup.

Variant P (%) R (%) mAP@0.5 (%) mAP@0.5:0.95 (%) Params (M) GFLOPs

A (w/o attention) 84.6 86 89.1 65.7 1.77 6.6
A + SimAM 88.1 83.9 88.8 65.7 1.77 6.6

A + SE 89.5 78.7 87.1 64 1.78 6.6
A + CBAM 87.3 84.8 87.3 63.8 1.83 6.6

A + CA (YOLO-Defender) 85.6 85.8 89.6 69.2 1.77 6.6

These results suggest complementary contributions among the three architectural
modifications. C2F-FTB and BiFF-PAN jointly improve detection accuracy while reducing
model complexity, whereas CA produces a larger gain in mAP@0.5:0.95 without increasing
the reported parameter count, indicating a stronger contribution to localization-sensitive
performance under stricter IoU thresholds. This CA-specific advantage is further illustrated
in Figure 8, which compares alternative attention variants under the Exp. 5 Model A setup.

 
Figure 8. Attention variant comparison for Model A under Exp. 5.

3.2. Comparison with Lightweight Detectors

YOLO-Defender was benchmarked against representative lightweight one-stage detec-
tors, including YOLOv8n (baseline), YOLOv10n, and YOLOv11n, together with a retrained
YOLOv8n-Ghost baseline, as summarized in Table 3. The models were evaluated using
the same fixed dataset split, input resolution, and nominal training protocol while retain-
ing their model-specific implementations. Direct numerical comparison with previously
published hydraulic-structure crack detectors was not performed because existing studies
differ substantially in task formulation, dataset composition, image acquisition conditions,
and evaluation protocols. The selected models therefore provide internally controlled
lightweight baselines for evaluating the proposed architecture.

The retrained YOLOv8n-Ghost baseline achieves the same mAP@0.5 as YOLOv8n
(86.6%) while improving mAP@0.5:0.95 to 67.0% with fewer parameters (1.71 M) and lower
computational cost (5.0 GFLOPs). However, its recall decreases to 80.1% compared with
85.3% for YOLOv8n, suggesting that lightweight backbone optimization alone does not
fully resolve missed-detection challenges in elongated crack detection.
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Table 3. Quantitative comparison of YOLO-Defender versus lightweight YOLO baselines.

Model mAP@0.5 (%) mAP@0.5:0.95 (%) P (%) R (%) Params (M) GFLOPs FPS

YOLOv8n (baseline) 86.6 64.1 84 85.3 3.01 8.1 123
YOLOv8n-Ghost
(Zhang-inspired) 86.6 67 85.1 80.1 1.71 5 179

YOLOv10n 85.7 59.7 84.8 81 2.27 8.7 131
YOLOv11n 87.4 66.7 88.5 84.2 2.58 6.6 141

YOLO-Defender 89.6 69.2 85.6 85.8 1.77 6.6 153

YOLOv10n achieves 85.7% mAP@0.5 but only 59.7% mAP@0.5:0.95, the lowest value
under the stricter metric among the compared models, while operating at 131 FPS. This
result indicates that its detection performance decreases more markedly as the IoU require-
ment becomes stricter on the present crack dataset. YOLOv11n achieves 87.4% mAP@0.5
and 66.7% mAP@0.5:0.95; however, its performance remains lower than that of YOLO-
Defender.

YOLO-Defender achieves the best mAP-based detection performance among all
compared models, reaching 89.6% mAP@0.5 and 69.2% mAP@0.5:0.95. Compared with
YOLOv8n-Ghost, it improves mAP@0.5 and mAP@0.5:0.95 by 3.0 and 2.2 percentage points,
respectively, while maintaining a favorable accuracy-efficiency balance with 1.77 M pa-
rameters, 6.6 GFLOPs, and 153 FPS. On the same test split, YOLO-Defender obtains the
highest recall (85.8%) together with a precision of 85.6%. Although YOLOv11n achieves
higher precision than YOLO-Defender (88.5% versus 85.6%), it has lower recall (84.2%
versus 85.8%) and lower mAP@0.5:0.95 (66.7% versus 69.2%). These results indicate that
YOLO-Defender provides a more favorable balance between detection completeness and
localization-sensitive performance under stricter IoU thresholds. These comparisons also
clarify the accuracy–complexity balance. YOLOv8n-Ghost is more compact and faster un-
der the desktop protocol, whereas YOLO-Defender attains higher mAP@0.5, mAP@0.5:0.95,
and recall at a modest increase in parameters and GFLOPs. Relative to YOLOv8n, YOLO-
Defender improves both mAP metrics while reducing parameters and GFLOPs. Figure 9
summarizes the accuracy–speed trade-off on the test split.

 
Figure 9. Accuracy-speed trade-off on the test split.
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Beyond the seed-0 comparison reported in Table 3, YOLOv8n and YOLO-Defender
were additionally trained with seeds 1 and 2 under the same protocol. Over seeds 0–2 on
the fixed test split, YOLO-Defender achieved higher mean mAP@0.5 and mAP@0.5:0.95
than YOLOv8n (90.2 ± 1.0% versus 86.9 ± 0.2%; 69.4 ± 0.1% versus 64.2 ± 0.3%). The
seed-0 point estimates in Table 3 remain the primary results for cross-model comparison,
indicating that the observed gains are not attributable to a single initialization.

3.3. Qualitative Analysis

To further interpret the quantitative improvements reported in Table 3, gradient-
weighted class activation mapping (Grad-CAM) was applied to YOLOv8n and YOLO-
Defender using a representative test image selected according to the protocol described in
Section 2.7. Figure 10 presents the visualization results under identical conditions, including
the same input image, colormap, and shared min--max activation scale. For YOLOv8n,
activation responses are relatively dispersed and partially overlap with visually similar
background textures, indicating less discriminative feature localization in cluttered scenes.
In contrast, YOLO-Defender produces more concentrated responses along the crack regions
in the illustrated example, while showing weaker responses to visually similar background
textures. This qualitative observation is consistent with the higher mAP@0.5:0.95 reported
in Table 3 and complements the quantitative evidence of improved localization-sensitive
detection performance.

Figure 10. Grad-CAM comparison on a representative test image.

Figure 11 further compares bounding-box predictions on another representative test
sample. Under the same input image and evaluation setting, YOLOv8n produces a lower-
confidence detection with relatively looser localization on the diagonal crack, whereas
YOLO-Defender generates a higher-confidence prediction with tighter bounding-box align-
ment around the same target. This qualitative observation is consistent with the higher
mAP@0.5:0.95 of YOLO-Defender reported in Table 3.

Beyond the successful examples presented above, Figure 12 illustrates three repre-
sentative error patterns observed on the fixed test split using the same checkpoints as
Table 3 and a confidence threshold of 0.25 for visualization (640 × 640 input). A complete
automated error taxonomy was not performed; therefore, the examples in Figure 12 are
presented as illustrative qualitative cases rather than a comprehensive error analysis. Green
boxes indicate manually annotated ground-truth bounding boxes.
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Figure 11. Detection comparison on a representative test image. (a) Input; (b) YOLOv8n; (c) YOLO-
Defender.

 

Figure 12. Representative failure modes on the fixed test split (conf = 0.25; 640 × 640).

(i) Persistent false negatives. In challenging crack-positive images, YOLO-Defender may
still fail to detect annotated targets, particularly for low-contrast fissures with weak
visual boundaries. Such cases represent residual missed detections under challenging
visual conditions, such as low contrast and weak crack boundaries.

(ii) Baseline miss with Defender recovery. In a representative example, YOLOv8n fails to
produce a valid detection above the visualization threshold, whereas YOLO-Defender
successfully localizes the crack region. This example illustrates a miss-to-recovery
case relative to YOLOv8n at the visualization confidence threshold of 0.25. The overall
quantitative differences between the two models are reported separately in Table 3.
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(iii) On the 60 crack-free test images, false positives above the visualization threshold
remain rare but nonzero for both models (see Section 3.4), typically when joints, stains,
or shadows form crack-like lineaments.

From a water-infrastructure operation and maintenance (O&M) perspective, the im-
provement in mAP@0.5:0.95 is particularly meaningful because stricter IoU thresholds
emphasize localization accuracy, which is critical for identifying slender cracks on em-
bankment surfaces. The stronger localization-sensitive performance under stricter IoU
thresholds, the highest recall among the compared models, and the achieved inference
speed may support pre-flood-season screening workflows in which inspectors must review
large volumes of inspection imagery under time constraints. In this scenario, automated
detection serves as a decision-support tool that highlights potential defects for subsequent
human verification rather than replacing engineering judgment [42]. The achieved infer-
ence speed further suggests the practical feasibility of YOLO-Defender for batch screening
of collected inspection imagery on desktop workstations.

3.4. Stratified Evaluation of Dike-Field and Non-Field Test Images

Because the in-house dataset combines Fujian field imagery with supplementary non-
field images, the overall results in Table 3 do not show whether the observed performance
gains are retained across these broad image groups. Therefore, the 184 crack-positive
images in the fixed test split were retrospectively divided into two subsets: a dike-field
subset comprising images collected during field inspections in Fujian (n = 103) and a pooled
non-field subset (n = 81), which included morphology-based concrete-proxy images (n = 55)
and publicly sourced images (n = 26). Using the same checkpoints and evaluation protocol
as in Table 3, YOLOv8n and YOLO-Defender were evaluated separately on the two subsets.
This stratified analysis evaluates whether the performance gains remain consistent between
the dike-field and pooled non-field subsets within the present mixed-source training and
evaluation setting, rather than assessing generalization to an unseen source domain.

On the dike-field subset, YOLO-Defender improves mAP@0.5 from 87.4% to 91.6% and
mAP@0.5:0.95 from 64.3% to 69.5%, corresponding to a 5.2 percentage-point improvement
under the stricter metric. On the non-field subset, mAP@0.5 increases from 86.7% to
88.2%, while mAP@0.5:0.95 increases from 65.0% to 70.0% (+5.0 percentage points). For
the 184 crack-positive images in the test split, YOLO-Defender achieves 89.7% mAP@0.5
and 69.4% mAP@0.5:0.95. These values differ by only 0.1 and 0.2 percentage points,
respectively, from the corresponding results obtained on the complete test split in Table 3.
The comparable improvements under the stricter metric (+5.2 and +5.0 percentage points)
suggest that the gain is observed in both subsets. Table 4 summarizes the two-subset
comparison and the pooled crack-positive results.

Table 4. Crack detection metrics on the dike-field and pooled non-field test subsets.

Test Subset n Model mAP@0.5(%) mAP@0.5:0.95(%) ∆0.5:0.95

Dike field 103
YOLOv8n 87.4 64.3 -

YOLO-
Defender 91.6 69.5 +5.2

Non-field 81
YOLOv8n 86.7 65 -

YOLO-
Defender 88.2 70 +5.0

All
crack-positive 184

YOLOv8n 86.7 64.2 -
YOLO-

Defender 89.7 69.4 +5.2
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On the 60 crack-free background images in the test split, both models produced
spurious detections above the visualization confidence threshold on only one image each
(1.7%), consistent with the representative false-positive pattern shown in Figure 12c.

These subgroup results should be interpreted in the context of the dataset composition
described in Section 2.5. The pooled non-field group combines morphology-based concrete-
proxy samples and publicly sourced images with different acquisition characteristics. The
concrete-proxy samples were included based on morphological similarity to supplement
the limited field imagery, although they may not fully capture the visual variability of
authentic dike cracks. Accordingly, the pooled non-field results are interpreted as an
aggregate assessment across supplementary image sources. The dike-field subset remains
the largest crack-positive test group (n = 103 of 184) and therefore provides the most direct
estimate of model performance on Fujian field imagery within the present mixed-source
training and evaluation setting. However, both strata still belong to the same curated data
domain, so Table 4 does not replace evaluation under distribution shift. Environmental
factors such as surface weathering, moisture-induced specularities, and strong shadows can
alter local contrast and generate crack-like lineaments (see Figure 12), and may reduce recall
for low-contrast fissures. Cross-dataset validation on public dam-crack and DeepCrack-
style crack benchmarks, using zero-shot transfer and limited fine-tuning, will be pursued
to quantify this gap.

Beyond the source-stratified checks above, a brief complementary stress test was
conducted on adverse image appearance. As a preliminary check, the seed-0 checkpoints
were re-evaluated on the fixed test set after global low-light scaling and light synthetic fog
blending (simulated proxies, not physical rain/fog). YOLO-Defender reached 89.8%/88.8%
mAP@0.5 under these two settings (YOLOv8n: 85.4%/85.7%), remaining higher than
YOLOv8n; shadow-induced false positives and low-contrast misses are illustrated in
Figure 12. Evaluation on real rainy, foggy, and night-time embankment imagery is left for
future work.

4. Conclusions
Manual visual inspection of flood-defense and hydraulic structures remains labor-

intensive, difficult to standardize, and challenging for large-scale and high-frequency
monitoring requirements. This study proposed YOLO-Defender, a lightweight detector
for automated dike crack inspection in hydraulic infrastructure monitoring scenarios. The
proposed framework integrates a local–global feature block in the backbone (C2F-FTB),
selective multi-scale feature fusion (BiFF-PAN), and coordinate attention to improve the
detection of elongated and scale-varying cracks, while reducing the parameter count and
GFLOPs relative to YOLOv8n. Evaluations on an in-house multi-source crack dataset
showed that YOLO-Defender achieved the highest mAP-based detection performance
among the compared lightweight YOLO baselines while retaining a compact architec-
ture and high inference speed. Although YOLOv8n-Ghost remained lighter and faster,
YOLO-Defender provided higher mAP@0.5 and mAP@0.5:0.95, indicating a more favorable
accuracy–complexity trade-off for the present crack detection task. These results suggest
potential for batch screening of hydraulic-infrastructure inspection imagery on desktop
GPUs under the current experimental setting.

The reported results should be interpreted within the scope of the current dataset and
experimental setting. The evaluation was conducted on a multi-source in-house corpus,
and the source-stratified analysis assessed performance consistency within the present
mixed-source setting. Generalization to unseen acquisition domains and independent
external datasets remains to be evaluated. Moreover, the current framework focuses on
bounding-box-based crack localization for rapid triage of inspection imagery and does

https://doi.org/10.3390/w18172139

https://doi.org/10.3390/w18172139


Water 2026, 18, 2139 18 of 20

not provide pixel-level geometry quantification, such as crack width and length, or long-
term deterioration assessment for structural health monitoring. Future work will explore
integrating a lightweight mask or segmentation head, or applying constrained segmentation
within detected boxes, to enable crack masks to support morphological measurements and
subsequent temporal condition monitoring.

Future research will investigate broader external validation on independent public
crack benchmarks, resource-efficient deployment on embedded edge platforms using
a fixed protocol of 640 × 640 input, batch size 1, and GPU warmup, and integration
of complementary sensing information for three-dimensional assessment and long-term
infrastructure monitoring.
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