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Abstract: High-power laser facilities necessitate predicting incremental damage to final optics to identify 
evolving damage trends. In this study, we propose a surface damage detection method utilizing image 
segmentation employing ResNet-18, and a damage area estimation network employing U-Net++. Paired sets 
of online and offline images of optics obtained from a large laser facility is used to train the network. The trends 
of varying damage could be identified by incorporating additional experimental parameters. A key advantage 
of the proposed method is that the network can be trained end-to-end on small samples, eliminating the need 
for manual labeling or feature extraction. The software developed based on these models can facilitate the daily 
inspection and maintenance of optics in large laser facilities. 

Keywords: Optics image processing; deep learning; ResNet-18; UNet++ 
 

1. Introduction 

The final end of the inertial confinement fusion (ICF) [1–5] system, known as the final optics 
assembly (FOA), is subjected to the highest laser power load within the entire optical system. The 
damage-bearing capacity of optics in the FOA is severely limited by the nonlinear effects of high-
power laser radiation, material defects, and other forms of contamination. 

The load capacity of optics, often referred to as their damage-bearing capacity, is closely linked 
to the output laser power and energy stability of high-power laser facilities. Typically, initial damage 
to optics spans from dozens of micrometers to several millimeters. The earlier we detect and analyze 
such minor damage, the more likely we are to restore or replace the affected elements promptly, 
thereby effectively extending the longevity of the optics. Conversely, if the accumulating damage 
spirals out of control, it could result in significant economic losses and even induce laser beam 
modulation, leading to a catastrophic disaster for the entire facility. 

The traditional method of detection involves the use of microscopes, which consumes a 
significant amount of time and manual labor, and its reliability is often unsatisfactory. Additionally, 
it is limited by environmental conditions, presenting significant drawbacks that are incompatible 
with the experimental requirements of high-power laser facilities. Consequently, we have turned to 
using imaging devices such as CCD, IR, X-ray, etc., to capture element images. Subsequently, we 
have integrated image processing technology with computer vision, specifically machine vision, to 
develop a more effective detection method. 

The image processing algorithm based on morphology of graphics has found wide applications 
across various fields. However, it faces challenges when dealing with environments filled with 
unpredictable noise, leading to inefficiencies and inaccuracies in damage detection. Currently, a 
novel image processing algorithm based on deep learning is emerging as a promising alternative. 
Deep learning enables a closer approximation between complex input and output functions due to 
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its self-learning capabilities and hierarchical structure. In comparison to morphology-based methods, 
deep learning has the potential to significantly enhance the algorithm for target detection. 

In 2008, Adra Carr from LLNL was among the first to introduce machine learning technology 
into damage classification, focusing on the identification and characterization of damage occurrences 
[14]. Two years later, Ghaleb M. Abdulla, also from LLNL, applied a similar algorithm to recognize 
false damage caused by hardware reflections [15]. In 2014, Lu Li and her team from Zhejiang 
University utilized a classic machine learning algorithm, support vector machine, for offline detection 
in the SDES system, successfully distinguishing microscale damage and dust [16]. Subsequently, in 
2019, Fupeng Wei from Harbin Institute of Technology conducted research on an intelligent 
inspection method for detecting weak feature damage in large aperture final optics using the K-ELM 
algorithm [17]. However, it's worth noting that the damage samples used in both the training and 
test sets were sourced from a single picture, indicating a need to enhance the generalizability of the 
research.  

This study has outlined a predictive approach to incremental damage on optics. Initially, we 
introduce our proposed solution to the challenging engineering issues related to damage detection. 
Subsequently, we employ suitable algorithms to develop mathematical models for this purpose. 
Finally, we conclude by detailing the research progress and achievements in the field of predictive 
technology for damage prediction on optics. 

2. Methods 

The Final Optics Damage Inspection (FODI)[18] system is designed for imaging the overall 
aperture of optics using side illumination. However, the presence of stray light and other 
downstream optics can lead to the generation of false damage, which needs to be filtered out in the 
images. Figure 1 illustrates four main types of false damage: (1) damage reflection image, (2) 
hardware reflection, (3) damage from downstream optics , and (4) light spots. Hardware reflections, 
categorized as (2), are often observed at upstream optics such as continuous-contour phase plates 
(CPPs) and frequency conversion crystals (11-mm type-I KDP doubling crystals and 9-mm type-II 
deuterated-KDP tripling crystals). Given the diverse formation mechanisms of false damage, it 
becomes challenging to physically distinguish authentic damage from false ones. 

To address this challenge, we adopt an offline approach instead of online inspection to meet 
practical demands during weekly maintenance of the facility. Before installation or after removal, 
optics are placed into a dark box and subjected to side-illumination to obtain offline dark-field 
images. This procedure helps eliminate the influence of background light or downstream optics. 
Consequently, any white dots observed in the offline image can be confidently identified as authentic 
damage, as shown in Figure 1. 

  
(a) (b) 

Figure 1. Different types of false damage in online FODI images. (a) is an offline image, and all the 
damage can be regarded as real damage; (b) is an online image. 
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Given the constraints of maintenance time and labor costs, the availability of offline images for 
analysis is limited. Recently, fewer than 10 offline images could be directly related to their online 
counterparts, a quantity insufficient for traditional machine learning applications. Furthermore, the 
scheduling of optics maintenance in routine operations is restrictive, limiting the opportunities to 
acquire new offline images. To address this, optics owning more than 1000 damages are prioritized 
for offline high-definition imaging, maximizing the collection of valuable damage samples within the 
constraints. 

To overcome the challenge of limited data availability, we employ data augmentation[20] 
techniques. Data augmentation involves altering a limited dataset in various ways to create new, 
synthetic data points. This can include transformations such as rotation, scaling, and changes in 
lighting conditions, which help in simulating different scenarios that could lead to damage. By 
generating these new data points, we enhance the robustness and generalization capabilities of our 
machine learning models. This approach allows for more effective training of models to identify and 
classify damage, improving their accuracy and reliability in real-world applications despite the initial 
scarcity of offline images. 

Braille marks [21] representing the last four digits of element numbers are engraved at the four 
corners of every optic, is depicted as Figure 2 below. These Braille marks serve as reference points for 
orientation during the processing of FODI images. By aligning the FODI image with these marked 
corners, we ensure that each image is standardized to have the same detection coordinates. 

When referencing the offline image area, we locate the corresponding damage points on the 
matching online image and then calculate their coordinates. However, due to differences in position, 
light intensity, and contrast ratio between images taken at different times, adjustments are necessary. 
To achieve accurate adjustments, we utilize the information from the four corner images and the 
various Braille marks present on the optics. These references help calibrate the position, intensity, 
and contrast of the images, ensuring precise detection and measurement of damage points.  

 

Figure 2. Braille marks representing the last four digits of element numbers are carved at 4 corners of 
every optical element. 

Utilizing a deep neural network is indeed a promising approach for estimating the damage area. 
By training the network on a dataset containing various trends of damage areas, it can learn to make 
predictions for specific damage areas occurring at different experiment times. This enables the 
network to perform three key functions: statistical analysis, tracing the origins of damage, and 
making predictions for future damage occurrences. 

Additionally, by incorporating the time dimension into damage detection, we can define the 
regularity of the variation in both individual damage points and total damage area over time. This 
allows for the systematic management of damage, enabling us to track changes in damage patterns, 
identify potential causes, and implement preventive measures accordingly. By leveraging the 
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capabilities of deep learning and time-series analysis, we can enhance our understanding of damage 
dynamics and improve our ability to manage and mitigate its impact effectively. 

3. Implement 

3.1. Pre-Process on Data 

Taking FODI images once a week for maintenance purposes introduces variability in 
environmental conditions, leading to differences in light intensity and contrast ratio between images. 
This variation can indeed affect the accuracy of damage area calculations. Figure 3 illustrates a single 
damage point captured over different time intervals, showcasing the variability in damage 
appearance. 

Furthermore, as depicted in the 7th picture of Figure 4 (taken on Sep. 7th, 2019), inconsistencies 
in light intensity and contrast ratio can result in discrepancies in pixel values for incremental damage. 
This deviation from the expected pattern contradicts the principle that incremental damage should 
not be irreversible. 

To address these challenges and improve accuracy in damage area calculations, several 
measures can be taken: 
1. Normalization: Apply normalization techniques to standardize the pixel values across images, 

mitigating the impact of variations in light intensity and contrast ratio. 
2. Calibration: Implement calibration procedures to adjust for differences in environmental 

conditions and ensure consistency in image quality. 
3. Adaptive Algorithms: Develop adaptive algorithms capable of adjusting parameters based on 

image characteristics, allowing for accurate detection and measurement of damage areas 
despite variations in environmental conditions. 

4. Data Augmentation: Augment the dataset with images generated under various 
environmental conditions to improve the robustness of the deep learning models to different 
lighting and contrast scenarios. 
By incorporating these strategies, we can enhance the accuracy and reliability of damage area 

calculations in FODI images, enabling more effective maintenance and management of structural 
integrity. 

  
Figure 3. The inconformity of brightness&contrast between photographs taken on different dates. 
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Figure 4. The abnormal growth of damage area caused by the inconsistency of image brightness & 
contrast. 

In order to solve the problem mentioned above, we have tried to an amount of algorithm, yet no 
one works well. At last, we adopt braille marks as reference to adjust light intensity coefficient, which 
would be used for whole image. The adopted solution involves using braille marks as references to 
adjust light intensity coefficients for entire images： 

a)Image Preprocessing: Identical areas marked by braille marks are extracted from all images. 
b)Grayscale Normalization: Grayscale distributions within these areas are normalized to ensure 

consistency across images. 
c)Criterion Selection: The image with the maximum grayscale value (piupper) is selected as the 

criterion. 
d)Grayscale Adjustment: Grayscale intervals of other images are adjusted to match the criterion 

image. 
e)Coefficient Calculation: Each image is assigned its adjustment coefficient (co(i)), likely based 

on its grayscale values relative to the criterion image. 
f)Adjustment Application: Pixel values of each image are multiplied by their respective 

adjustment coefficients to achieve uniform brightness values across the image set. 
Figure 5 and equation (1) illustrate the process of cutting identical areas marked by Braille marks 

from all images, obtaining the normalized distribution of pixel grayscale in these areas. Subsequently, 
the image with the maximum grayscale value is selected as a criterion, denoted as piupper. The 
grayscale intervals of other images are adjusted to match this criterion, and their adjustment 
coefficients, denoted as co(i), are calculated accordingly. Ultimately, the pixel values of the remaining 
complete images are multiplied by their corresponding adjustment coefficients to achieve a uniform 
set of brightness values across all images. Equation (1) defines the variables used in the adjustment 
process, where n represents the number of pictures, piadj denotes the pixel value after adjustment, piori 
represents the pixel value before adjustment, and piori signifies the total number of pixels in the i-th 
picture. 

piupper(0) = max{piupper(1), piupper(2), piupper(3),..., piupper(n)} 

co(i) = piupper(i) / piupper(0)                 (i∈[1,n]) 

piadj(i)(j) = piori(i)(j)·co(i)               (j∈[1,mi]) 

(1)

Next, we proceed to adjust the contrast of the image. While achieving complete uniformity in contrast 
values may not be feasible, our objective is to equalize the low-contrast areas to bring them closer in 
value. Figure 6(a) depicts the gray distribution histogram of the FODI image captured on Sep. 7th. 
Noticeably, pixels with values close to 0 constitute a relatively high proportion and are densely 
distributed, suggesting that the image is generally dark and exhibits low contrast. Subsequently, we 
equalize the histogram of the image, resulting in the histogram displayed in Figure 6(b). Upon 
examination, it is evident that the gray distribution after processing is more uniform, signifying an 
enhancement in image contrast. 
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Figure 5. Choose one graph as the standard and unify the brightness&contrast of other braille marks, 
calculate the adjustment coefficient and use it to adjust the whole graph. 

  
(a) (b) 

Figure 6. Pixel gray scale histogram. (a) Before adjustment; (b) After adjustment. 

To prevent issues such as abnormal damage area calculation arising from significant contrast 
differences, it's crucial to ensure that the contrast values between each image are similar. The contrast 
is computed using the equation(2): 

c = ∑r(i, j)·r(i, j)·p(i, j) 

r(i, j) = |i-j| 
(2)

The contrast value c is determined by the upper formula, where r(i,j) represents the gray 
difference between adjacent pixels, and p(i,j) denotes the pixel distribution probability of r for the 
gray difference between adjacent pixels. 

The contrast values before and after the aforementioned image processing are c7ori=117.99 and 
c7adj=214.63, respectively. A comparison between the processed image and the previous one is 
depicted in Figure 7: 

 
Figure 7. The contrast of the adjusted graph with its pre-date graph. 

Each Braille mark can be conceptualized as a unique combination of a group of small circular 
points. Therefore, we employ a feature extraction technique for detecting circles, namely the Circle 
Hough Transform (CHT) [22]. This method is combined with the standard Braille pattern 
corresponding to the last four digits of its component number to identify and locate Braille marks. 
Figure 8 illustrates the Braille target pixel area detected before and after adjusting the brightness and 
contrast of the eight pictures. It is evident that the adjusted Braille target area values are similar, 
indicating that the eight pictures have essentially achieved normalization in terms of brightness and 
contrast. 
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Figure 8. Braille pattern detection area before and after adjustment. 

To establish the mapping between online and offline images, we utilize Braille positioning to 
standardize their coordinate systems. Upon obtaining the coordinates of the four corner Braille 
marks, the original image is cropped to extract training set samples, as depicted in Figure 9. 

  
Figure 9. Crop Braille marks after positioning. 

3.2.Algorithm.  and Model Training 

To achieve more accurate discrimination between true and false damage, it's essential to replace 
cumbersome feature engineering with the nonlinear operations of deep neural networks. This allows 
for capturing richer target patterns and features, addressing classification challenges that may be 
difficult to discern at the surface level. However, excessively deep networks may lead to the 
degradation problem, where the accuracy on the training set plateaus or even deteriorates [23]. 
Residual Networks (ResNet) [24,25] offer a solution to this issue through their unique identity 
mapping structure, effectively avoiding degradation. Therefore, ResNet is chosen to tackle the 
problem of recognizing real damage targets. 

Once real damage is identified, we employ a method to estimate the number of pixel grids, 
enabling quick and convenient determination of the area for each damage point. In scenarios with 
limited samples, the advanced U-Net++ algorithm [26–28], based on the U-shaped architecture of 
fully convolutional networks, is selected. It can capture features at various levels and integrate them 
through feature concatenation, resulting in higher accuracy in image segmentation. U-Net++ 
eliminates the need for manual feature extraction and efficiently utilizes limited training samples. 

The idea framework are shown as Figure 10： 
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Figure 10. The algorithm framework of damage detection. 

In this study, transfer learning and the feature pyramid network [29] are employed to pinpoint 
the real damage of elements. The deep learning model is pre-trained using a public dataset containing 
similar scenes, while the last several layers of the pre-trained model are fine-tuned using online-
offline image sample data of elements after data augmentation. The deep learning model adopts the 
feature pyramid network structure based on ResNet-18, as illustrated in Figure 11. 

  
Figure 11. This figure illustrates ResNet-18 based model proposed for real damage target recognition. 
These boxes correspond to the multi-channel feature map, and the side length of the box represents 
the pixel resolution. 

The resolution of online and converted offline images, approximately 3000×3000, exceeds the 
neural network's input capacity. Consequently, the images are resized into smaller patches with a 
resolution of 32×32 pixels for inputting into the network. Subsequently, the LASNR[30] algorithm is 
employed to identify highlight positions and determine their full extent on the offline image. These 
marked points on the offline image represent actual damage instances and serve as input labels for 
training the network, as illustrated in Figure 12. 

  

Figure 12. The overall architecture to train the model for detection of optical defects in real time. 
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Following the filtration of images with a pure dark background, the dataset comprises 1650 
paired images utilized for training the network, each with a resolution of 32×32 pixels for both online 
and offline samples. Subsequently, the dataset was randomly divided into training and validation 
sets at a ratio of 4:1, yielding 1320 samples for training and 330 samples for validation. The trained 
model is designed to identify and locate actual damage within the input online images. Upon 
acquiring the pixel coordinates of actual damage points, a deep neural network utilizing U-Net++ 
architecture will estimate the size of each damage point. The FODI image is grayscale, with pixel 
values ranging from 0 to 255. Next, the number of pixels with values ≥ 128 is counted within the 32×32 
resolution offline image, with the additional criterion that the pixel values at the four corners are >0 
(to mitigate noise), thereby estimating the area of damaged pixels. This area value serves as the label 
for the corresponding damage point in the online image and is incorporated into the training set of 
the U-Net++ neural network to derive the area estimation model, as illustrated in Figure 13. Thus, the 
pixel area of each damage point can be determined by inputting the online image annotated with 
actual damage into the model. 

  
Figure 13. The overall architecture to train the model for estimation of damage area. 

To detect multiple online images collected at different times after the same element is put online, 
we can establish a file for each damage point and associate each damage point with the time 
dimension. This will allow us to track the development of the damage area for each specific damage 
point over time, as illustrated in Figure 14. 

  

Figure 14. The development law of single damage with the number of experiments. 

To obtain the specific physical location and size of each damage, we utilize affine transformation 
to convert the detection result data (pixel coordinates) into physical coordinates. This allows us to 
determine the precise physical location and size of each damage. Figure 15(a) illustrates this process, 
where the damage area is represented on the ordinate axis, and the accumulated energy value from 
the experiment is represented on the abscissa axis, establishing a coordinate system. 

We then perform a numerical fit on the damage situation and plot the damage development 
curve. By summing the areas of all damage points within the same element, we can examine the 
correlation between the overall damage development of the element and the experimental date 
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(experimental energy). This analysis provides valuable insights into the relationship between damage 
accumulation and experimental energy. 

With this information, we can read the parameters of future experimental plans and input the 
corresponding energy value to predict the damage area of the element during that specific time 
period. This predictive capability is depicted in Figure 15(b). 

By establishing different damage thresholds for each component, we can determine the latest 
shelf removal date. This approach effectively prevents irreparable serious damage caused by 
component overload, ensuring the integrity and safety of the components. 

  
(a) (b) 

Figure 15. (a) Numerical simulation of the relationship between a single damage area and the energy; 
(b) The development and prediction of total damages. 

To assess the accuracy of the predicted damage area, we selected five components and predicted 
their total damage areas for the upcoming period at each time node. Subsequently, we compared 
these predicted areas with the actual damage areas observed after completing the experiments in the 
next period, which spanned over a month. The results of this comparison are presented in Table 1 
and Figure 16. Based on these preliminary findings, it can be concluded that the accuracy of the area 
prediction exceeds 90%. 

Table 1. Comparison between predicted value and actual value of damage area. 

Object Date 11-23 11-30 12-07 12-14 12-21 12-28 01-04 

Area of Optics A 
(mm2) 

Prediction 189.50 201.75 215.41 228.32 240.57 254.97 263.62 

Reality 180.74 192.81 211.21 232.04 247.89 260.38 271.29 

Area of Optics B 
(mm2) 

Prediction 80.07 94.54 109.41 124.41 139.81 154.2 169.17 

Reality 74.63 89.92 103.45 117.23 130.53 148.36 160.72 

Area of Optics C 
(mm2) 

Prediction 404.07 407.31 410.57 413.85 417.17 420.51 423.87 

Reality 403.54 404.46 408.22 411.38 412.98 418.44 425.34 

Area of Optics D 
(mm2) 

Prediction 179.00 191.56 204.99 219.37 234.76 251.23 268.85 

Reality 175.76 187.23 207.79 217.67 228.61 259.52 270.87 

Area of Optics E 
(mm2) 

Prediction 52.64 61.43 71.69 83.67 97.64 113.95 132.98 

Reality 50.97 57.27 64.53 76.49 90.26 109.75 121.46 
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Figure 16. Comparison between predicted value and actual value of damage area. 

In Figure 15, the gray dotted lines represent the historical daily output energy, while the blue 
lines depict the planned daily output energy. The fold lines illustrate the variation in the overall 
damage area over time. By defining a critical point for the damage area, we can determine the latest 
maintenance date by identifying the intersection point between the fold line and the corresponding 
energy output point. This approach enables us to establish a proactive maintenance schedule based 
on critical damage thresholds and energy output levels, ensuring optimal operational efficiency and 
component longevity. 

4. Results 

The research utilizing ResNet has successfully achieved online damage detection on optics of 
FOA, with a success ratio exceeding 95% and a failure ratio less than 5%. As depicted in Figure 17, 
the predicted damage for each element is highlighted and circled in red. Furthermore, this technology 
has been seamlessly integrated into relevant element management software and has been applied in 
practical settings for several years. This integration has undoubtedly enhanced the efficiency and 
effectiveness of damage detection and maintenance processes within the FOA system. 

 
Figure 17. An example of the result: The online damage image detection of a shield window. 
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The examination reveals that the prediction of each incremental damage trend and the overall 
growth of damage areas on optics can be visually represented. Moreover, this technology has been 
successfully implemented in the high-power laser facility of CAEP. It allows for the examination of 
multiple online images of a single element captured at various times. By selecting any damage point 
in Figure 17, the software will display the evolving trend of that specific damage, as illustrated in 
Figure 18. 

 
(a) 

 
(b) 

Figure 18. (a) Prediction of the growth of a single damage; (b) Prediction of the development of the 
total damages. 

Figure 18(b) presents similar content to Figure 15(b), depicting the prediction for overall damage 
trend variations. By combining future experiment plans and relevant experimental parameters with 
the predictions, the system can effectively manage all elements in optimal condition. When the 
damage area approaches a critical point, maintenance warnings are issued to prevent catastrophic 
damage. Experimental results have demonstrated an accurate prediction ratio for damage area 
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exceeding 90%. This robust predictive capability ensures proactive maintenance and enhances the 
overall operational efficiency and safety of the system. 

5. Conclusions 

This study proposes a vision-based approach for detecting and predicting damages on optics 
using image segmentation. The deep learning system outlined in this essay accurately identifies laser-
induced damages on optics in real-time and predicts their area based on future experiment 
parameters. Due to the limited number of available samples, it is challenging to precisely define the 
size and shape of damages using traditional deep learning methods. However, this essay presents a 
method that achieves element damage detection with a small number of samples by combining key 
algorithms from ResNet and UNet, along with data augmentation, transfer learning, and image 
processing techniques. 

To ensure consistency in studying area growth, the brightness and contrast of all samples are 
normalized based on the highest brightness Braille label in each sample. Braille markers located at 
the four corners are used to localize and crop the samples, thus unifying the coordinate system and 
accurately locating damages in different samples. 

Unlike typical classification models that assign a single label to an entire image, the ResNet 
model employed in this approach assigns a class label to each pixel, enabling better localization of 
damages. Moreover, this detection model can be trained end-to-end with small samples without the 
need for manual labeling or feature extraction. This method also exhibits advantages over other 
detection methods when dealing with samples containing multiple adjacent objects. It effectively 
identifies false damages caused by reflections through spatial and intensity information, which 
improves efficiency and accuracy compared to previous studies using typical classification models. 

The experimental results demonstrate the effectiveness of the proposed method. The success 
ratio for damage detection in each image exceeds 97%, with a failure ratio of less than 7% (mostly 
due to pixel loss). Additionally, the predicted damage area meets the required accuracy, with an 
average relative error below 10%. This method holds promise for online detection and maintenance 
in large laser facilities with limited available samples, offering wide-ranging applications in the field. 

The proposed online optics damage detection system described above holds promise for 
improving the efficiency and longevity of optics in large laser facilities. However, there are some 
limitations to consider. 

Firstly, the predictive ability of the system relies heavily on the quality of the imaging system. If 
one of the Braille marks used for localization cannot be detected, it may result in the unavailability of 
an online FODI (focused optical damage inspection) image, thus affecting the accuracy of damage 
detection and prediction. 

Secondly, the current method does not utilize successive online images taken per week to 
discriminate tiny defects from backgrounds effectively. There is potential for improvement by 
employing deep learning techniques to track and predict the growth of each damage in successive 
online images instead of relying solely on numerical simulations. 

Addressing these limitations could further enhance the capabilities and reliability of the online 
optics damage detection system, ultimately leading to improved experimental efficiency and optics 
longevity in laser facilities. Future research could focus on improving the robustness of the imaging 
system and integrating successive online images into the analysis pipeline to better distinguish 
between defects and background noise. 
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