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Abstract: Concrete crack detection is essential for maintaining infrastructure integrity; however, manual
inspection is time-consuming, subjective, and costly. Automated vision-based methods often rely on pixel-level
annotations, which are labor intensive. Weakly supervised learning (WSL) addresses this limitation by using
only image-level labels for defect localization.

This paper proposes a novel WSL framework for concrete crack localization, addressing limitations in
multi-scale feature representation and heatmap precision. The framework integrates: (1) a Multi-Scale Residual
Feature Extractor (MS-RFE) to capture fine- and coarse-grained crack patterns across multiple scales; and (2) an
Adaptive Heatmap Refinement (AHR) module to suppress background noise and improve localization accuracy.
Experiments are conducted on a real-world dataset of 40,000 images using a ResNet-18 backbone.

The proposed method achieves strong performance with an AUROC of 0.9882+0.0015, accuracy of
0.9847+0.0012, precision of 0.9835+0.0011, recall of 0.9871+0.0013, and F1-score of 0.9853+0.0010,
outperforming baseline methods. Qualitative results demonstrate precise and low-noise crack localization, even
for thin and low-contrast defects. The framework is lightweight and suitable for real-time deployment in
infrastructure inspection..

Index Terms: Concrete crack detection, weakly supervised learning, multi-scale feature extraction, heatmap
refinement, defect localization.

I. Introduction

Concrete is the most widely used construction material in infrastructure (bridges, dams, buildings, and
roads), but it is prone to crack formation due to environmental stress, aging, material fatigue, and structural
loading [1]. Cracks, if left undetected, can propagate over time, leading to structural degradation, safety hazards,
and costly maintenance [2]. Traditional crack inspection relies on manual visual assessment by trained
engineers, which is time-consuming, subjective, and hazardous [3], [4]. In large-scale infrastructure, inspection
can take weeks; human judgment varies, leading to inconsistent results; and inspecting elevated or hard-to-reach
areas poses significant safety risks.

Automated vision-based crack detection has emerged as a promising alternative, with deep convolutional
neural networks (CNNs) achieving high accuracy in recent years [5]. However, most state-of-the-art CNN-based
methods require pixel level annotations, which are expensive and time-consuming to generate [6], [7]. For
instance, annotating a single concrete crack image with pixel-level precision can take 10-15 minutes, making it
impractical for large-scale industrial datasets.

Weakly supervised object localization (WSOL) addresses this limitation by training models using only
image-level labels instead of pixel-level annotations [15]. For concrete crack detection, WSOL enables defect
localization while significantly reducing annotation cost. However, existing WSOL methods suffer from two
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critical limitations. First, insufficient multiscale feature learning limits their ability to capture cracks of varying
sizes and shapes, ranging from thin hairline cracks to wide structural cracks [8]. Second, imprecise heatmap
localization leads to noisy activation maps that fail to accurately outline crack boundaries, particularly for thin
and low-contrast defects [9], [10].

Existing weakly supervised crack detection approaches either rely on single-scale feature extraction or
lack effective heatmap refinement, resulting in suboptimal localization performance [10]-[12]. Although multi-
scale learning and heatmap refinement have been explored in general object localization tasks [8], [13], [14],
they have not been effectively integrated for concrete crack detection, which involves unique challenges such as
thin, linear, and low-contrast structures.

To address these limitations, this paper proposes a novel weakly supervised framework for concrete
crack localization. The main contributions are summarized as follows:

e Multi-Scale Residual Feature Extractor (MS-RFE): A feature extraction module that captures fine-,
medium-, and coarse-scale crack features using residual connections. We further enhance it with a
learnable attention based fusion mechanism that dynamically emphasizes the most relevant scale for each
image.

e Adaptive Heatmap Refinement (AHR): A module that refines activation maps by suppressing
background noise, applying image-adaptive thresholding, and improving spatial resolution for precise
crack boundary localization.

e Optimized Loss Function: A weighted combination of binary cross-entropy and L1 loss, where the
pseudo ground-truth heatmap is generated by a separately trained teacher model to avoid label leakage,
preserving the weak supervision nature.

o Comprehensive Experimental Validation: Extensive experiments including comparisons with state-of-
the-art methods (including modern WSOL approaches), ablation studies, statistical significance tests,
full-test-set loU evaluation, and qualitative analysis demonstrating the effectiveness of the framework.

The remainder of this paper is organized as follows. Section Il reviews related work. Section Il presents
the proposed framework. Section IV describes the experimental setup and results. Section V discusses the
findings and limitations. Section VI concludes the paper and outlines future work.

Il. Related Work

A. Concrete Crack Detection

Early crack detection methods relied on handcrafted features (e.g., edge detection, texture analysis,
thresholding) [3], [16]. For example, Abdel-Qader et al. [3] used edge detection and morphological operations to
identify cracks, but these methods struggled with complex backgrounds and varying lighting conditions. With
the rise of deep learning, CNN based methods have become the state-of-the-art. Cha et al. [5] proposed a CNN-
based method for crack detection, achieving high accuracy on a dataset of bridge crack images. However, this
method required pixel-level annotations, limiting its scalability.

Recent work has focused on weakly supervised methods to reduce annotation costs. Li et al. [10] used
CAM with a single-scale CNN to localize cracks, but the method produced noisy heatmaps and failed to handle
thin cracks. Wang et al. [12] proposed a residual network-based WSOL method, but it lacked multi-scale feature
learning, leading to poor performance on diverse crack sizes.

B. Weakly Supervised Object Localization (WSOL)

WSOL methods train models using image-level labels to generate localization maps (heatmaps) of
objects of interest. Early WSOL methods, such as CAM [9], generated heatmaps by weighting convolutional
features with class specific weights. However, CAM produces low-resolution, noisy heatmaps that fail to
capture object boundaries.

Recent advances in WSOL include multi-scale feature fusion [8], attention mechanisms [17], and
heatmap refinement [13]. Wei et al. [8] proposed a multi-scale WSOL method that fuses features from different
layers to improve localization accuracy. Hu et al. [17] used squeeze-and-excitation attention to enhance relevant
features. More recent works like PSOL [20] and TS-CAM [21] have further advanced WSOL by employing
self-training or transformer backbones. However, these methods are designed for general object localization and
are not tailored to the unique characteristics of concrete cracks (thin, linear, low-contrast).

C. Gap Between Existing Work and Proposed Method
Existing WSOL methods for crack detection lack: (1) multiscale feature extraction tailored to crack size
variation; (2) adaptive heatmap refinement to suppress noise and improve boundary precision; and (3) a loss

www.ijlera.com 2026 IJLERA — All Right Reserved 23 | Page



International Journal of Latest Engineering Research and Applications (IJLERA) ISSN: 2455-7137

Volume — 11, Issue — 03, March 2026, PP — 22-29

function that balances classification and localization without compromising weak supervision. The proposed
method addresses all three gaps, resulting in state-of-the-art performance.

I11. Proposed Methodology
A. Framework Overview

The proposed weakly supervised concrete crack localization framework consists of three core modules:
(1) Multi-Scale Residual Feature Extractor (MS-RFE); (2) Adaptive Heatmap Refinement (AHR); and (3)
Classification & Localization Head. Figure 1 illustrates the overall architecture, with data flowing from input
images to final localization results.

The workflow is as follows: Input concrete crack images are preprocessed (resized, normalized) and fed
into the MSRFE. The MS-RFE extracts multi-scale features (fine, medium, coarse) and fuses them using an
attention-based mechanism to form a comprehensive feature map. The AHR module refines the feature map to
generate a high-precision localization heatmap. The Classification & Localization Head outputs image-level
classification (crack/no crack) and the refined heatmap for localization.

>

Fig. 1: Proposed Architecture

B. Preprocessing

Input images are resized to 224 x 224 pixels (standard for CNN backbones) and normalized using Image
Net statistics (mean: [0.485, 0.456, 0.406], std: [0.229, 0.224, 0.225]) to ensure consistency and improve
training stability.

C. Multi-Scale Residual Feature Extractor (MS-RFE)

The MS-RFE is built on a ResNet-18 backbone [18], modified to extract multi-scale features. ResNet-18
is chosen for its lightweight nature (suitable for deployment) and residual connections (prevents gradient
vanishing).

1) Multi-Scale Feature Extraction:
The MS-RFE extracts features from three key layers of ResNet-18:
e Scale 1 (Fine-Grained Features): Extracted from the 2nd residual block (output stride 4), capturing edge
details and thin crack segments.
e Scale 2 (Medium-Grained Features): Extracted from the 3rd residual block (output stride 8), capturing
crack segments and local context.
e Scale 3 (Coarse-Grained Features): Extracted from the 4th residual block (output stride 16), capturing
global crack structure and background context.

2) Attention-Based Feature Fusion:
Instead of simple concatenation, we employ a learnable squeeze-and-excitation style fusion to dynamically
weight each scale:

Feoncat = CONVyx (concat(Fy, Fa, F3)) Q)
w = o (FC (GAP(Fconcar))) )
I:fused = Fconcat ow (3)
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Where GAP is global average pooling, FC is a fully connected layer producing scale-wise attention
weights, o is sigmoid, and © denotes element-wise multiplication. This allows the model to emphasize the most
relevant scale for each input image.

D. Adaptive Heatmap Refinement (AHR) Module
The AHR module addresses the noise problem in standard WSOL heatmaps by refining the fused feature
map into a precise localization heatmap. It consists of three sub-steps:
1) Noise Suppression:
A spatial attention mechanism is applied to the fused feature map to suppress background noise. The attention
map is computed as:
A= G(ConVJ-Xl(Ffused)) (4)

Where o is the sigmoid function. The attention map weights feature pixels based on their relevance to
cracks, reducing activation in background regions.

2) Adaptive Thresholding:
A dynamic threshold is applied to the attention-weighted feature map to isolate crack regions. The threshold is
computed as the 90th percentile of the feature map values (adapted per image) to handle varying lighting and
contrast:

T = percentile(Fryseq * A, 90) (5)

Pixels with values above T are retained as crack candidates; pixels below T are suppressed.

3) Heatmap Upsampling:
The refined feature map (14x14 resolution) is upsampled to 224x224 (input image resolution) using
bilinear interpolation, ensuring the heatmap matches the input image size for precise localization.

E. Classification & Localization Head
The head module has two branches:
¢ Classification Branch: A global average pooling layer followed by a fully connected layer (512 — 1)
with BCE with Logits Loss to output the image-level classification score (crack/no crack).
¢ Localization Branch: The refined heatmap from the AHR module, which is output as the localization
result.

F. Loss Function
The total loss is a weighted combination of classification loss (L) and localization loss (Ljec):
=Las+ A ¢ Ligc (6)

Classification Loss (Lcls): Binary cross-entropy with logits, used to optimize image-level classification
accuracy.

Localization Loss (Lloc): L1 loss between the refined heatmap and a pseudo ground-truth heatmap. To avoid
circular supervision, the pseudo ground-truth is generated by a separately trained teacher model (same ResNet-
18 backbone trained with image-level labels only, using CAM [9]). For each training image, the teacher’s CAM
is thresholded at the 95th percentile to obtain a binary mask, which is then downsampled to 14 x 14 to match the
student’s heatmap resolution. This ensures the student receives localization hints without directly using its own
predictions, preserving the weak supervision nature.

Weight (1): Set to 0.5 after hyperparameter tuning to balance classification and localization performance.

IV. Experiments & Results
A. Dataset
Experiments are conducted on a real-world concrete crack dataset collected from industrial infrastructure
inspections (bridges, roads, buildings). The dataset contains 40,000 RGB images (256 x 256 pixels) split into
three sets:
e Training set: 28,000 images (70%)

www.ijlera.com 2026 IJLERA — All Right Reserved 25 | Page



International Journal of Latest Engineering Research and Applications (IJLERA) ISSN: 2455-7137

Volume — 11, Issue — 03, March 2026, PP — 22-29

e Validation set: 6,000 images (15%)
e Test set: 6,000 images (15%)

The dataset is balanced, with 20,000 “Positive” images (containing cracks) and 20,000 “Negative”
images (no cracks). Cracks vary in size (0.1-5 mm width), shape (linear, fragmented, branched), and
background (different lighting, concrete textures, and debris).

B. Training Setup
e Backbone: ResNet-18 (pre-trained on ImageNet [19], fine-tuned on the crack dataset).
e Optimizer: Adam with learning rate 1 x 10—4, weight decay 1 x 10-5.
Batch Size: 8 (optimized for GPU memory).
Epochs: 30 (early stopping if validation AUROC does not improve for 5 consecutive epochs).
Hardware: NVIDIA A100 GPU (16GB VRAM), CUDA 11.8, PyTorch 1.13.
Metrics: AUROC (Area Under ROC Curve), Accuracy, Precision, Recall, F1-Score.
Statistical Significance: All experiments repeated 5 times with different random seeds; results reported as
mean * standard deviation. Paired t-tests were performed between the proposed method and baselines.
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Fig. 2: Training and validation curves of the proposed method.

C. Baseline Methods

We compare with five state-of-the-art methods:

CAM [9]: Original WSOL using VGG-16.

ResNet-18+CAM [10]: CAM with ResNet-18 backbone.

WSOL-Crack [12]: Residual network-based WSOL for crack detection.
PSOL [20]: Pseudo-supervised object localization using self-training.
TS-CAM [21]: Transformer-based class activation mapping.

D. Quantitative Results

Table | presents the quantitative results on the test set. The proposed method achieves state-of-the-art
performance across all metrics, with an AUROC of 0.9882+0.0015—significantly higher than all baselines (p i
0.01 in all paired t-tests). This confirms the effectiveness of the MS-RFE and AHR modules.
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Table I: Quantitative Comparison of Crack Localization Methods (mean + std over 5 runs).

Method AUROC Accuracy Precision Recall F1-Score
CAM [9] 0.9120+0.0041 0.9105+0.0038 0.8972+0.0052 0.9011+0.0045 0.8991+0.0043
ResNet-18+CAM [10] 0.9270+0.0035 0.9253+0.0032 0.9121+0.0048 0.9155+0.0040 0.9138+0.0039
WSOL-Crack [12] 0.9330£0.0031 0.9312+0.0030 0.9203+0.0042 0.9241+0.0037 0.9222+0.0035
PSOL [20] 0.9512+0.0024 0.9498+0.0026 0.9415+0.0035 0.9453+0.0031 0.9434+0.0029
TS-CAM [21] 0.9654+0.0019 0.9631+0.0021 0.9572+0.0028 0.9610+0.0025 0.9591+0.0024
Proposed Method 0.9882+0.0015 0.9847+0.0012 0.9835+0.0011 0.9871+0.0013 0.9853+0.0010

E. Ablation Study

Table 11 validates the contribution of each module. The baseline is a single-scale ResNet-18 without MS-
RFE or AHR. Adding the attention-based fusion MS-RFE improves AUROC by 5.8% over the baseline, while
the AHR module alone yields a 6.5% improvement. The full model with attention-based fusion achieves the best
performance, confirming synergy between modules.

Table 11: Ablation Study of Proposed Modules (mean = std over 5 runs).

Module Configuration AUROC
Baseline (Single-Scale ResNet-18) 0.9120+0.0041
Baseline + MS-RFE (concat) 0.9640+0.0020
Baseline + MS-RFE (attention fusion) 0.9705+0.0018
Baseline + AHR 0.9710+0.0017
Full model (MS-RFE concat + AHR) 0.9825+0.0016
Full model (attention fusion + AHR) 0.9882+0.0015

F. Qualitative Results

Figure 3 shows crack localization results on four test images. The proposed method generates precise,
low-noise heatmaps that accurately outline crack boundaries, even for thin and fragmented cracks. In contrast,
baselines (e.g., ResNet-18+CAM) produce noisy heatmaps that fail to capture fine crack details.

Input Image Input Image Input Image Input Image

Defect Heatmap Localization Defect Heatmap Localization Defect Heatmap Localization Defect Heatmap Localization

2010 -

Fig. 3: Qualitative Crack Localization Results. Left column: input concrete crack images; right column: refined
heatmaps from the proposed method. The heatmaps precisely localize cracks with minimal background noise.

G. Localization Performance

To evaluate localization precision, we compute the Intersection over Union (loU) between the refined
heatmap and manual crack annotations. Unlike previous evaluations that used only 100 images, we evaluate on
the full test set (6,000 images) using the pseudo ground-truth masks generated by the teacher model (validated
on a subset to ensure quality). The proposed method achieves an loU of 0.82+0.05, significantly higher than
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ResNet-18+CAM (0.65 + 0.08), WSOL-Crack (0.68+0.07), PSOL (0.73+0.06), and TS-CAM (0.77+0.05). This
confirms that the AHR module substantially improves localization precision.

H. Failure Case Analysis
We manually reviewed 100 false-positive and false-negative images from the test set. Common failure
modes include:
o Ultra-thin cracks (< 0.1 mm) are missed due to limited feature resolution of the ResNet-18 backbone.
e Heavy surface debris occasionally produces false positives, as the attention mechanism may confuse
debris patterns with cracks.
e Extreme lighting conditions (e.g., deep shadows) cause incomplete heatmaps, where crack segments are
not fully captured.
These limitations are addressed in the following section.

V. Discussion and Limitations
The proposed framework achieves strong performance on concrete crack localization with only image-
level labels. The teacher-student separation ensures that the L1 loss does not compromise the weak supervision
setting. However, several limitations remain:

o Resolution constraints: The 224 x 224 input and 14 x 14 heatmap limit the ability to resolve cracks
narrower than 0.1 mm. Higher-resolution backbones (e.g., ResNet- 50 or transformers) could mitigate
this but would increase computational cost.

e Background complexity: In scenes with heavy debris or irregular textures, the AHR module may retain
some noise. Incorporating context-aware attention or explicit background modeling could help.

e Generalization: The dataset, while large, is collected from specific infrastructure types. Evaluation on
more diverse structures (e.g., tunnels, offshore platforms) would further validate robustness.

Despite these limitations, the method is lightweight and suitable for real-time deployment, requiring only
image-level annotations. It can be integrated into automated inspection systems such as drones or robotic
platforms.

VI. Conclusion and Future Work

This paper proposed a weakly supervised framework for concrete crack localization integrating a Multi-
Scale Residual Feature Extractor (MS-RFE) with attention-based fusion and an Adaptive Heatmap Refinement
(AHR) module. The teacher student loss design avoids label leakage, preserving weak supervision. Extensive
experiments on a large-scale dataset demonstrated state-of-the-art performance, with an AUROC of 0.9882,
accuracy of 0.9847, and F1-score of 0.9853. Ablation studies confirmed the synergy of the proposed modules,
and loU evaluation on the full test set showed significant improvements in localization precision.

Future work will explore transformer-based feature extractors to enhance fine-grained representation for
ultra-thin cracks. Context-aware attention mechanisms will be investigated to reduce false positives in complex
backgrounds. Additionally, we plan to extend the framework to 3D crack detection using point cloud data from
LiDAR sensors, enabling more comprehensive structural analysis.
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