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Abstract. Detecting and localizing dents on aircraft surfaces is crucial for maintaining their
structural integrity. However, this task can be challenging for humans as dents are not very
prominent to the naked eye and require the assistance of light reflections to reveal the damages
across the surface. Latest state-of-the-art technologies such as lasers or cameras digitize this step,
however the workload is shifted to identifying the dents in the virtual image. The integration of
deep-learning methodologies can help automate dent detection. This study compares two object
detection architectures: You Look Only Once (YOLOv11) and RealTime DETection TRansformer
(RT-DETR) for dent detection. A high-quality dent dataset is prepared, consisting of real and
synthetic images of common long- and mid-range aircraft fuselages, to train and test the models.
The results indicate that YOLOv11 marginally outperforms RT-DETR in detecting dents with a
mean accuracy precision (mAP50) score of 0.66 against the mAP50 value of 0.57 for RT-DETR.

Introduction

Dents are one of the most common damages found in aircraft surfaces that are caused by external
forces and affect the structural integrity. These dents need to be classified based on their size,
shape, and location to assess their severity and guide maintenance decisions [1,2]. This inevitable
inspection process is performed manually by technicians, and requires a significant number of
work hours. Unlike other types of defects like scratches or corrosion, dents are more difficult to
detect visually as there is usually no prominent change in colour [3]. Inspectors must rely on close
observation and additional lighting, which can lead to eye fatigue and missed detections.
Introducing deep-learning methodologies offers a promising solution by automatically detecting
dents on large aircraft surfaces with high accuracy, reducing human errors and inspection time.
However, most existing studies focus on larger dents and are constrained by limited training
datasets for dents, which hinders the models’ ability to learn diverse dent features [3,4]. This study
aims to identify the most suitable approach for detecting dents with the help of light reflections,
serving as the Region of Interest (ROI) for further damage assessment and decision-making. This
case study focuses on dent detection on aircraft structures using visual images. In addition to the
accuracy of the models, it is required that the algorithms are fast and efficient, enabling them to
operate in real-time. To address this, our study implements and compares the object detection
architectures, YOLOv11! and the RT-DETR [5]. One of the key contributions of our work is the
generation of an enriched dent dataset, consisting of both real images of dents and synthetic images
generated with the help of generative Al models, improving the overall results

"'YOLOv11: github.com/ultralytics/ultralytics
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Methodology

The YOLOvVI11 is a versatile foundational model that is adept at object detection and instance
segmentation, and suitable for real-time applications. It is available in different model sizes
allowing it to cater to diverse computing environments. Similarly, RT-DETR is another state-of-
the-art model in this domain, which is an end-to-end Transformer-based detector. These models
are the current state-of-the-art in real-time object detection, which provide a good trade-off
between accuracy and speed, making them suitable for aircraft inspection. To train the models, we
prepared a high-quality dent dataset, which contains 1166 annotated images of dents across various
aircraft parts including wing sections of B737 and A380. The dataset is prepared by combining the
614 real images and 552 synthetic images, which are generated with the help of a Diffusion model
[6, 7], an image-to-image model. The real images capture artificial impacts created on a B737 wing
section [2], and various dents caused due to hailstorms on a slat section of an A380. These images
are captured under varying light conditions to replicate the diverse illumination found in aircraft
visual inspections, including natural light and flashlights as well as photos from different angles.
This helps capture the effect of specular light reflections across the surface to highlight dents on
reflective materials and help recognize dents more accurately.

Various image acquisition methods are employed to collect the images, namely a smartphone
camera, an Intel RealSense camera mounted on an inspection robot, and a digital single-lens reflex
(DSLR) camera. To further augment the dataset for training, we generate synthetic images based
on 276 out of 614 real images, with two synthetic images being generated for every real image,
leading to a total of 552 synthetic images. More details can be found in [7]. The annotated labels
on the dataset were “dent” and “no_dent”. The “no_dent” is introduced to label other types of
defects such as corrosion or peeling paint to differentiate it from dents. Some sample images of
the dataset are showcased in Table 1. The dataset is split into train and test datasets in a ratio of
80:20, with all the synthetic images being assigned to the training subset and only real images
being used for the test subset. In total, the training dataset consisted of 933 images and the test
dataset contained 233 images. To optimize training, we leveraged pre-trained YOLOv11 and RT-
DETR models, which were initially trained on the popular COCO (Common Objects in Context)>
dataset. The NVIDIA GeForce RTX 4070 SUPER GPU is utilized to finetune these pre-trained
models for our specific task. The training process involved 200 epochs with a learning rate of
0.001.

Results and Discussion

After training the models for 200 epochs on the training dataset, they are evaluated on the test
dataset in two ways: quantitatively and qualitatively. For the quantitative method, the mean
accuracy precision of the model predictions was compared with the ground truth labels to evaluate
how accurately the model localized the dents. There are two variations of mAP used to evaluate
the results: mAP50 and mAP50-95, which are both valued in the range of 0—1, where a higher
value indicates a better model accuracy. The mAPS50 is calculated at an intersection over union
(IoU) threshold of 0.5. In the mAP50-95 metric, the model’s average performance is taken across
IoU thresholds from 0.5 to 0.95 in steps of 0.05. Due to this difference in the calculation, the scores
of mAP50 are generally higher than mAP50-95. The quantitative results for the models are
summarized in Table 2. The YOLOv11 has a mAP50 score of 0.64 and mAP50-95 of 0.27. After
training the RT-DETR with the same learning rate and epochs as the YOLOvI11, it achieved a
mAPS50 score of 0.57 and a corresponding mAP50-95 value of 0.23. Compared to other existing
studies [4], where the performance for dent identification was around 0.5, our approach achieved
a higher score of 0.64, indicating an improvement in dent detection accuracy.

2 https://cocodataset.org
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Table 1: Overview of dent dataset showing real and synthetic images under different lighting.

(a) Real Images (left box) vs. Synthetic Images (right box).

Table 2: Quantitative results for the accuracy precision of the models.

Model mAP50 | mAP50-95
YOLOv11 0.64 0.27
RT-DETR 0.57 0.23

The qualitative method involves observing the bounding box predictions of the models, and
comparing them against the annotated labels of the test dataset. The models predict bounding boxes
along with a prediction label and a corresponding confidence score for each detected dent. The
confidence score is in the range of 0—1 to indicate the probability of the classification being correct.
A comparison of the ground truth labels against the dent predictions of YOLOv11 and RT-DETR
is shown in Fig.1.

dent

o

(a) Ground Truth of Test Dataset
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(c) Prediction of RT-DETR

Figure. 1: Comparison of (a) ground truth labels against dent detection predictions of (b)
YOLOvi1 and (c) RT-DETR.

Based on the tests conducted, both YOLOv11 and RT-DETR demonstrated a high degree of
accuracy in detecting dents across aircraft surfaces, with the YOLOv11 achieving marginally
better results compared to RT-DETR. It was also observed that the introduction of synthetic images
for training helped improve the accuracy of both the models as compared to when they were only
trained on real images. As real images are used to generate more training images, the damages
produced in the synthetic images are very similar to the dents found in a real scenario with pixel-
level deviations. This introduces the required variation needed in a training dataset to enable better
training of the models. The unique illumination modes employed during image capture enabled
the models to comprehend the diverse ways dents can appear under different environmental
conditions. This is observed in Table 1(b), where the left image reveals dents due to the gap in the
line of light as it deviates around the dent, creating a stark contrast. The right image showcases
shadows around the curve and partial illumination of the dent, resulting in a more nuanced
representation. This approach helps develop a deeper understanding of how environmental factors
influence dent appearance as well as recognize the variations in lighting conditions during
inspections.

Conclusion

In this study, two deep-learning models, YOLOv11 and RT-DETR, are trained on a novel dent
dataset to develop a dent detection system for aircraft damage assessment. A diverse dataset
comprising real and synthetic images was used, captured under varying light conditions to account
for the impact of specular light reflections on dent visibility. Comparative evaluation of YOLOv11
and RT-DETR models showed that YOLOv11 outperformed RT-DETR, albeit with a modest
margin. The findings contribute to the existing literature on dent detection using deep-learning
methods and highlight the effectiveness of synthetic images in datasets for more comprehensive
understanding of lighting effects on surface features. Future work can build upon this work by
expanding the dataset to include more synthetic images for training deep-learning architectures
and exploring the use of light reflections to reveal damages.
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