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Abstract. Corrosion remains a significant concern for the durability and safety
of civil and industrial infrastructure, demanding efficient and automated detec-
tion approaches for timely maintenance. Traditional inspection methods are often
subjective, labor-intensive, and unsuitable for large-scale monitoring. This study
investigates deep learning-based corrosion detection by comparing two-stage
detection models (Faster R-CNN, Mask R-CNN) with the latest one-stage YOLO
architectures (YOLOv10, YOLOv11, YOLOvVI12). A dataset of 7,158 images,
derived from open-source corrosion repositories, was refined and further expanded
through three augmentation strategies to assess model robustness under diverse
surface and environmental conditions. All models were trained using transfer
learning with consistent hyperparameters and evaluated using precision, recall,
and mean average precision (mAP). Results demonstrate that YOLO models con-
sistently outperformed R-CNN models in both accuracy and efficiency. YOLOv11
provided the fastest inference (1.1 ms), while YOLOvV12 achieved the highest vali-
dation precision of 0.743 and mAP @50 of 0.623, confirming its suitability for real-
time deployment. The findings highlight YOLOv12’s superior balance between
accuracy and computational efficiency, establishing it as the most practical choice
for scalable corrosion monitoring using UAVs and field cameras.

Keywords: Corrosion detection - YOLO - R-CNN - deep learning - data
augmentation - infrastructure monitoring

1 Introduction

Corrosion remains a primary hazard to the durability and safety of civil infrastructure,
imposing substantial direct and indirect costs on economies and asset owners. The study
by the National Association of Corrosion Engineers (NACE) estimates the global cost of
corrosion at roughly US $2.5 trillion, about 3.4% of global GDP, underscoring the scale
of the problem and the importance of rigorous monitoring and management strategies
[1]. In coastal and industrial environments, high salinity, humidity, temperature fluctua-
tions, and airborne pollutants intensify corrosion risk across bridges, pipelines, offshore
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platforms, and plant structures. This accelerates deterioration and shortens service life
if detection and mitigation are delayed [2]. Traditional corrosion detection techniques,
including manual visual assessment and conventional image processing, are often incon-
venient, time-consuming, and prone to human error [3]. They heavily depend on the
inspector’s experience, making them prone to inconsistency and oversight, especially
in complex or poorly illuminated environments. These constraints limit the scalability,
reliability, and objectivity of condition assessment for large infrastructure networks.

Advances in imaging technology have enabled rapid, non-contact inspection of civil
infrastructure [4]. UAVs offer flexible, high-resolution, and cost-effective coverage of
hard-to-reach areas. Meanwhile, deep learning has greatly improved automated detec-
tion of cracks, spalling, and surface defects, outperforming traditional image processing
in accuracy and robustness [5]. However, corrosion detection remains less explored due
to its variable appearance, color changes, and limited annotated datasets. State-of-the-art
deep learning architectures, two-stage detection methods such as Region-based Convo-
Iutional Neural Network (R-CNN), Faster R-CNN, and Mask R-CNN, and the You Only
Look Once (YOLO) family all offer complementary strengths for corrosion recognition.
Nash et al. [6] used Bayesian deep learning for pixel-level corrosion segmentation with
uncertainty estimation, achieving F1-scores up to 0.93. Ameli et al. [7] applied Mask R-
CNN and YOLOVS for bridge corrosion segmentation and severity rating using an open
dataset of 514 images, attaining high accuracy. Ma et al. [8] improved Faster R-CNN with
a modified Visual Geometry Group Network (VGG16) backbone for concrete corrosion
strength assessment, achieving over 96% accuracy. Imran et al. [9] studied CNN-based
corrosion detection in marine structures, highlighting models like AlexNet, VGG, and
Faster R-CNN with average precision up to 94%.

Nabizadeh and Parghi [10] compared YOLOv3, YOLOvSs, and YOLOV7 for con-
crete corrosion detection, with YOLOVSs achieving the best results with mAP@0.5 =
0.88 and proving superior to traditional inspection methods. Tasnim et al. [11] applied
multiple YOLO variants, achieving 96.4% mAP using YOLOv5m and a detection time
of only 4 ms per image. Casas et al. [12] compared YOLOVS and YOLOVS for corro-
sion segmentation and found YOLOWVS to be faster and more precise in complex surface
detection, while Yuvaneswaren et al. [13] employed YOLOVS integrated with Roboflow
and WandB cloud tools, demonstrating high robustness under diverse lighting and sur-
face conditions. Similarly, Yu et al. [14] proposed improved YOLOvVS5 models enhanced
with Efficient Vision Transformer (EfficientViT), improving corrosion detection preci-
sion by up to 6% in marine environments. Furthermore, Mukundh et al. [15] reported
that YOLOV9 offered a balanced trade-off between detection accuracy and inference
time among other YOLO architectures.

Building on these advancements, the present study focuses exclusively on corrosion
detection by comparing two-stage and single-stage detector models. Specifically, it eval-
uates R-CNN, Faster R-CNN, and Mask R-CNN against the latest YOLO architectures,
YOLOvI10, YOLOvVI11, and YOLOvV12, to identify the most efficient model for accurate
and real-time corrosion detection. To ensure a robust evaluation, three dataset sizes were
used: a base augmentation dataset of 4480 images and moderate and advanced augmented
versions of 5080 and 5730 images, respectively. This variation tests each model’s gener-
alization and the effect of augmentation on adaptability, simulating real-world conditions
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such as varying metal surface states and environmental stresses. This approach allows
a comprehensive assessment of detection accuracy, robustness, and efficiency across
all architectures. The proposed study is designed for scalable, non-invasive, and cost-
effective deployment, emphasizing field practicality, real-time inference, and consistent,
auditable outputs to support preventive maintenance and sustainable asset management.
Furthermore, it contributes to reducing carbon emissions by enabling early identifica-
tion and maintenance of deteriorated metallic structures, thereby extending asset service
life and minimizing the need for intensive energy repair or replacement. By promoting
preventive maintenance and reducing material waste, the approach supports sustain-
able infrastructure management aligned with global net-zero objectives. Figure 1 shows
the complete workflow of the methodology, including data preparation, augmentation,
training, and evaluation.
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Fig. 1. Workflow of the proposed methodology.

2 Methodology

2.1 Dataset Description

The dataset used in this study was compiled from seven publicly available corrosion
datasets on Roboflow [16]. The combined datasets initially contained 7,158 images
representing corrosion on a wide variety of metallic surfaces captured under diverse
lighting, texture, and environmental conditions. To ensure data relevance and elimi-
nate redundancy, all duplicate and low-quality images were carefully removed. Fur-
thermore, images depicting corrosion on non-structural or small-scale objects, such as
automobile bodies, household appliances, metallic containers, hand tools, and decora-
tive items were excluded, as they do not reflect the industrial or engineering contexts
targeted in this study. After this cleaning and refinement process, the final dataset com-
prised 4,480 images, each annotated to accurately outline corroded regions. This refined
dataset emphasizes corrosion on metallic components commonly found in industrial,
mechanical, and infrastructural applications.



888 M. Ullah et al.

Table 1. Summary of the dataset versions used in this study and their characteristics.

Dataset Total images | Training set | Validation set | Test set | Applied
augmentations
Basic 4480 3808 336 336 * Horizontal and
augmentation vertical flip
* Exposure
adjustment

(—=15% to +15%)
Gaussian blur up
to 1.25 pixels

Moderate 5080 4318 381 381 Horizontal and

augmentation vertical flip

¢ Rotation
range £ 10°

* Exposure
adjustment
(=15% to +15%)

e Blurupto 1.5
pixels

* Random noise up
to 5% of pixels

Advanced 5730 4870 430 430 Horizontal and
augmentation vertical flip
* Rotation
range £ 15°
* Exposure
adjustment
(=20% to +20%)
Blur up to 2.0
pixels
* Random noise up
to 8% of pixels
* Brightness
variation (—30%
to +30%)

To further assess model generalization, three augmented versions of the dataset
were developed using controlled geometric, photometric, and stochastic transformations,
enhancing diversity and simulating the broad range of real-world inspection conditions.
Table 1 provides an overview of the three dataset versions, each employing a distinct
augmentation strategy. The applied transformations vary progressively from basic to
advanced, reflecting increasing levels of diversity and complexity in the training samples
generated. Each dataset after augmentation was split into training, validation, and test
sets in an 85:7.5:7.5 ratio to ensure balanced evaluation. Figure 2 shows representative
samples, illustrating the diversity of corrosion appearances and the effectiveness of the
augmentations.
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2.2 Corrosion Detection Models

The corrosion detection models proposed in this study comprise two-stage and one-stage
object detection architectures. The architectural and computational specifications of the
evaluated detection models are summarized in Table 2. Two-stage detectors such as
Faster R-CNN [17], and Mask R-CNN [18] are proposed for high-precision localization
and pixel-level segmentation, which is essential for characterizing small, irregular cor-
rosion patches. One-stage detectors in the YOLO family [19] prioritize inference speed
and simplicity, making them suitable for real-time inspection. The following sections
explain each model family, describe the key architectural innovations and trade-offs, and
highlight the specific contributions.

Two-Stage Detector CNN Models. Faster R-CNN [17] is an advanced two-stage object
detector that improves the efficiency and accuracy of earlier R-CNN frameworks. It
uses a Region Proposal Network (RPN) to generate candidate regions and refines them
through bounding-box regression and classification. This two-stage design enables pre-
cise localization of small and irregular corrosion patches but increases computational
cost, making it more suitable for offline detection rather than real-time monitoring.
Mask R-CNN [18] extends Faster R-CNN by incorporating Region of Interest Align-
ment (RolAlign) and a Feature Pyramid Network (FPN) to enhance spatial accuracy
and multi-scale feature extraction. Although originally designed for instance segmenta-
tion, in this study, it is applied only for detection to achieve more accurate localization
of corrosion regions. Its improved architecture captures detailed features across scales,
offering reliable corrosion detection performance despite higher computational demand.

Advanced Augmentation

mentation

Original Dataset

Base Augznemation

Moderate Aug

Fig. 2. Representative dataset samples after the application of augmentation techniques.

One-Stage Detector YOLO Models. The YOLO family [19] reformulates object detec-
tion as a single-stage regression task, directly predicting bounding boxes and class proba-
bilities from the entire image in one forward pass. This unified framework eliminates the
need for region proposal steps, enabling real-time inference with minimal computational
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cost. Such efficiency makes YOLO models particularly suitable for rapid corrosion detec-
tion across industrial and field environments where speed and accuracy are both critical.
Building upon earlier generations, the recent YOLO versions, YOLOv10, YOLOv11,
and YOLOv12, introduce major architectural improvements that significantly enhance
detection precision, contextual reasoning, and efficiency. These versions progressively
refine the backbone, neck, and head structures to optimize both feature extraction and
inference performance.

YOLOvV10 [20], represents a pivotal shift in the YOLO framework by adopting a
Non-Maximum Suppression (NMS)-free detection strategy. Using the Consistent Dual
Assignment approach, which merges one-to-many and one-to-one label assignments, it
produces a single high-quality bounding box per object, minimizing redundancy.

Table 2. Architectural and computational specifications of the evaluated detection models

Model Parameters (M) GFLOPs Input size Backbone

Faster R-CNN | 60.2 180.4 640 x 640 | ResNet-50-FPN

Mask R-CNN 63.8 195.7 640 x 640 | ResNet-50-FPN
YOLOvV10 26.4 75.1 640 x 640 | CSPDarknet-S
YOLOv11 243 68.7 640 x 640 | C3k2-based backbone
YOLOv12 19.6 60.1 640 x 640 | R-ELAN + A2 Attention

The addition of a lightweight classification head and a decoupled down-sampling
scheme further improves prediction consistency and speeds up inference, making it ideal
for real-time deployment on resource-constrained devices. YOLOvV11 [21] advances this
foundation by improving feature representation and spatial attention through the replace-
ment of older Cross Stage Partial block with two fusion layers (C2f blocks) with kernel-
level multi-branch fusion C3k2 modules. The integration of Spatial Pyramid Pooling-
Fast (SPPF) and Cross Stage Partial with Spatial Attention (C2PSA) blocks enhances
multi-scale feature extraction and allows the network to focus more effectively on cor-
rosion regions while suppressing background noise. This results in superior detection of
small, thin, or partially occluded corrosion areas with reduced computational demand.

Further extending these improvements, YOLOv12 [22] introduced in February 2025,
incorporates the Area Attention (A”) mechanism, which efficiently captures global con-
textual information by partitioning feature maps into localized attention regions. In
parallel, the Residual Efficient Layer Aggregation Networks (R-ELAN) stabilize gradi-
ent flow and improve feature reuse, while FlashAttention accelerates both training and
inference through memory-efficient computation. Collectively, these innovations allow
YOLOV12 to deliver state-of-the-art detection accuracy with minimal latency, achieving
an excellent balance between precision, speed, and scalability for real-time corrosion
monitoring applications.

2.3 Training Protocols

All model training procedures were carried out in a GPU-accelerated environment using
an NVIDIA A100 for high-performance computing. The training used transfer learning
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with pre-trained weights from the MS COCO dataset [23], enabling faster convergence
and improved feature extraction for corrosion detection without requiring extensive
retraining. A consistent set of hyperparameters was applied across all architectures to
ensure fair comparison. Training was conducted for 100 epochs with a batch size of 16
and an input resolution of 640 x 640 pixels. The AdamW optimizer was employed with
an initial learning rate of 0.002, momentum of 0.9, and a cosine learning rate schedule for
stable gradient updates. To further enhance computational efficiency, Automatic Mixed
Precision (AMP) was activated, allowing faster training and lower memory usage while
maintaining numerical stability.

3 Results and Discussion

3.1 Base Augmentation Dataset

The base augmentation dataset, comprising 4,480 images with minimal augmentation,
served as the baseline for evaluating model performance under limited data diversity. The
results in Table 3 show noticeable differences between two-stage and single-stage detec-
tors in terms of accuracy, recall balance, and computational efficiency. Faster R-CNN and
Mask R-CNN achieved relatively strong detection precision of 0.657 and 0.676, with
mAP@50 values of 0.550 and 0.567, respectively. The slight improvement of Mask
R-CNN is attributed to its additional segmentation branch and RolAlign layer, which
enhance boundary alignment and detailed localization of corrosion patches. However,
their reliance on sequential region proposals resulted in high computational overhead,
yielding slow inference speeds of about 24-25 ms per image. This limits their practi-
cality for real-time inspection tasks, such as UAV-based corrosion monitoring of large
structures.



M. Ullah et al.

892

8¢ 20 SIvo 0650 S¥9°0 9090 L99°0| L¥SO §6S°0 €ILo €6L°0| CIAOTOA

1'c 6Cc0 86¢0 LIS0 850 LYS0 119°0| 98¥°0 0 1¥9°0 €L'0| TIAOTOA

(4% 12340 wro SLSO £€€9°0 2650 6690 | 8¢SO 860 2690 8LL'0O| OIAOTOA

NND-d

1'sc 0ce0 68¢°0 L9G0 9190 860 w90 €IS0 $9¢0 9L9°0 ¥eL0 JSeIN

NNO-¥

9ve S0€0 YLEO 0S¢0 109°0 9¢°0 8C9°0| L6v'0 6vS°0 LS90 w¢eLo 1958
(sw) (IPA) (ureiy) (IeA) (ureiy) (eA) | (urear) | (A) | (ured]) (TeA) (ureiy)

poads | G/-0S®AVW | SL-0SDAVW | 0S®IVW | 0SDIVUI | I09S-[ | 2I03s-[J| [[89Y | [[BI9Y | UOISIDAI]| UOISIdAI] [°POIN

"Josejep uoneIuAWINe 9seq JuIsn SPPOW UOTIOIAP Y} JO uosLedUIod JOUBUWLIONI] °€ d[qRL



Towards Efficient Corrosion Monitoring: A Comparative Study 893

In contrast, YOLO models showed significant advantages in both efficiency and
generalization. YOLOV10 achieved a validation precision of 0.692 and mAP@50 of
0.575 with an inference time of 4.2 ms. YOLOvVI11 achieved the fastest processing
speed of 2.1 ms per image, with a validation precision of 0.641 and mAP@50 of 0.517.
Although YOLOvV11’s accuracy was slightly lower than YOLOv12’s, it offered the best
accuracy-to-speed ratio. YOLOv12 further improved accuracy with precision of 0.713
and mAP@50 of 0.590 and maintained an inference time of 3.8 ms. The training and
validation loss curves of YOLOv12 as shown in Fig. 3 further confirm this behavior,
showing smooth convergence and minimal overfitting, which explains its stable detection
performance under diverse conditions.

The results demonstrate that R-CNN models produced high-confidence detections
but tended to miss small or low-contrast corrosion regions, whereas the single-pass
YOLO detectors captured a broader range of corrosion textures, leading to better recall.
YOLOv11 and YOLOv12 achieved a better trade-off between accuracy and speed, estab-
lishing YOLOV12 as the most efficient and practical model for rapid corrosion detection
and scalable inspection workflows.

train/box_loss train/cls_loss train/dfl_loss
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Fig. 3. Training and validation loss curves of YOLOv12 model showing the convergence of box,
classification, and distribution focal losses over 100 epochs.

3.2 Moderate Augmentation Dataset

The moderate augmentation dataset, containing 5,080 images with augmentations such
as rotation, exposure adjustment, blur, and random noise, provided greater visual diver-
sity for evaluating model adaptability under variable surface and environmental condi-
tions. Table 4 demonstrate that all models using moderate augmentation dataset, achieved
better precision, recall, and mAP than in the basic augmentation dataset, confirming that
data augmentation reduces overfitting and improves recognition of corrosion features
across heterogeneous surfaces.
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Faster R-CNN and Mask R-CNN both showed moderate performance gains, achiev-
ing validation precision values of 0.671 and 0.692, with mAP @50 values of 0.572 and
0.587, respectively. Mask R-CNN again outperformed Faster R-CNN due to its RoIAlign
mechanism and multi-scale feature extraction, which help in delineating irregular corro-
sion regions. However, both models remained computationally expensive, with inference
times around 24-25 ms, making them unsuitable for real-time inspection despite their
improved accuracy.

The YOLO family demonstrated a more significant enhancement in performance and
efficiency. YOLOv10 achieved a validation precision of 0.710 and mAP@50 = 0.601,
while YOLOV11 provided the fastest inference at 1.6 ms, with a validation precision of
0.709 and mAP@50 = 0.610. The latest YOLOv12 further improved to 0.724 and 0.616
with an inference time of 3.5 ms. Its A? attention and R-ELAN modules contributed to
better feature convergence and contextual understanding, leading to higher recall and
fewer false positives.

3.3 Advanced Augmentation Dataset

The advanced augmentation dataset comprised the largest and most diverse image set and
noise injection. These enhancements significantly improved the generalization capacity
of all models compared with basic and moderate augmentation datasets, though each
architecture responded differently to the increased complexity. As presented in Table 5,
the two-stage detectors models, Faster R-CNN and Mask R-CNN, achieved stable but
moderate performance. Faster R-CNN recorded a validation precision of 0.687 and recall
of 0.533 with mAP@50 = 0.579, confirming its ability to localize corroded areas accu-
rately but at the cost of high inference speed of 23.8 ms. Mask R-CNN slightly improved
across most metrics (Precision = 0.706, Recall = 0.549, mAP@50 = 0.595) due to
its RolAlign mechanism and enhanced feature extraction, which helped identify irreg-
ular corrosion boundaries more accurately. However, both remained computationally
intensive (& 25 ms).
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YOLO architectures displayed a clear advantage in speed and adaptability. YOLOv10
achieved a validation precision of 0.728, recall of 0.565, and mAP@50 = 0.609, show-
ing strong detection capability and fast inference at 3.7 ms. YOLOv12 delivered the
best overall performance, with Precision = 0.743, Recall = 0.582, and mAP@50 =
0.623, combining high accuracy with fast inference (3.3 ms). YOLOv11 demonstrated
the highest efficiency with the fastest inference time of 1.1 ms; however, it yielded
lower accuracy (Precision = 0.584, Recall = 0.604, mAP@50 = 0.573) compared to its
stable performance under moderate augmentation. This decline is attributed to its rela-
tively lighter C3k2-based backbone and spatial attention modules, which are more sen-
sitive to strong photometric noise and brightness variations. YOLOv10 and YOLOv12
maintained higher precision and mAP values due to their more robust architectures,
CSPDarknet-S and R-ELAN with A? attention, which effectively handle complex tex-
tures and heavy augmentation. The results confirm that YOLOvI12 achieved the best
balance between accuracy and speed, making it the most suitable option for real-time
corrosion monitoring where low latency and consistent performance are essential.

Figure 4 visually compares the detection performance of all models on a repre-
sentative sample image. The two-stage detectors, Faster R-CNN and Mask R-CNN,
successfully identify corrosion areas but produce overlapping and occasionally impre-
cise bounding boxes due to their sequential proposal mechanisms. In contrast, the YOLO
models exhibit cleaner, more confident detections with fewer redundant boxes, reflect-
ing their end-to-end learning and optimized feature fusion. Among them, YOLOv11
and YOLOv12 show the most accurate localization of corrosion. These observations
align closely with the quantitative findings, confirming that YOLOvV12 provides the best
accuracy—speed balance, while YOLOvV11 achieves the highest computational efficiency
for real-time inspection scenarios.

(c) Mask R-CNN

) I ‘
() YOLOVI1 (f) YOLOvI2

(d) YOLOV10

Fig. 4. Inference results across Faster R-CNN, Mask R-CNN, and YOLO.
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4 Conclusion

This study presents a comparative evaluation of advanced deep learning architectures
for automated corrosion detection, revealing clear performance trends across progres-
sively augmented datasets. The two-stage detectors, Faster R-CNN and Mask R-CNN,
consistently achieved moderate accuracy across all datasets, with Mask R-CNN outper-
forming Faster R-CNN due to its RoIAlign and multi-scale feature extraction. However,
their high computational demands and slower inference times (= 24-25 ms) restricted
their suitability for real-time corrosion inspection. The YOLO models showed substantial
improvement in both accuracy and efficiency with increased dataset diversity. From the
base to advanced augmentation datasets, all YOLO versions benefited from richer data
variability, confirming their superior generalization capability. YOLOv10 demonstrated
strong baseline accuracy and stability, while YOLOv11 achieved the fastest inference
(1.1 ms) with acceptable precision, making it ideal for latency-critical field monitoring.

The latest YOLOv12 achieved the highest detection accuracy, with validation pre-
cision of 0.743 and mAP@50 of 0.623 in the advanced dataset, showing remarkable
adaptability to complex corrosion patterns. The superior performance of YOLOv12 is
attributed to its advanced architecture, integrating the R-ELAN and area attention mod-
ules, which enhanced feature representation, spatial focus, and contextual understanding
of corrosion regions. These characteristics make the proposed models ideal for large-
scale, real-time inspection scenarios such as UAV-assisted monitoring and industrial
asset management. The lightweight design and high inference speed of YOLOv11 and
YOLOV12 make them suitable for real-time processing on embedded GPU devices such
as NVIDIA Jetson and Intel Movidius platforms. These capabilities allow on-site corro-
sion detection during aerial or robotic inspections without reliance on cloud computation,
minimizing latency and energy consumption. Future research will focus on corrosion
severity quantification, multi-class damage assessment, and integration with digital twin
platforms to support proactive infrastructure management.
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