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To achieve rapid detection of damage thickness in metal components using infrared thermography,

a combination of heat transfer theory and image theory was employed. This involved theoretical
analysis, finite element numerical simulation, a BP neural network prediction model, and infrared
thermography experiments. Infrared thermal wave experiments were conducted under different
heating temperatures. By analyzing the obtained temperature data, the response characteristics of
surface temperature distribution to component thickness were investigated. The COMSOL numerical
simulation software was used to simulate the surface temperature of the metal components. The
bevel-cut metal components were heated to 80 °C, 105 °C, and 130 °C, and the fitted experimental
temperature data were analyzed in conjunction with the simulated temperature data of the bevel-
cut metal components. It was found that the fitted experimental temperature rise curve aligned with
the simulated temperature rise curve trend. A comparative analysis of the simulation results and
experimental values showed that the simulated temperature rise curve was basically consistent with
the fitted experimental temperature curve, validating the feasibility of using numerical simulation

as a substitute for experiments. The numerical simulation data were divided into a training set and a
prediction set in an 8:2 ratio. Through training with the BP neural network, the predicted data were
found to be basically consistent with the experimental data, verifying the feasibility of using the BP
neural network for rapid detection of damage thickness in metal components. This laid the foundation
for the subsequent promotion and application of BP neural network technology for rapid detection of
damage thickness in metal components. This study holds significant importance for the application of
neural network-based rapid detection technology for metal component thickness in the engineering
field.

Keywords Defect thickness detection, Infrared thermal wave nondestructive testing, COMSOL heat transfer
simulation, BP neural network, Rapid detection

Infrared thermography technology, with its advantages of non-contact, non-destructive nature, high reliability,
and suitability for large-area detection, has been widely applied in fields such as mechanical engineering!, energy
conservation?, biology?®, cultural heritage?, environmental science’, medicine®, electronics’, heat transfer®,
chemistry®, physiology'’, and increasingly, in the study of different types of materials'!.Infrared thermographic
technology is a non-destructive testing method for evaluating the condition of a sample by measuring its surface
temperature field. As a non-contact detection method, it does not cause damage to the sample. However, this
method requires consideration of factors such as the testing environment and temperature!'>~°. It is not feasible
to determine the thickness of metal components solely based on their temperature obtained through infrared
thermography, due to the limitations of infrared thermographic technology in terms of accuracy and rapid
detection. To utilize the temperature data rapidly acquired by infrared thermography for detecting the thickness
of metal components, it is advisable to integrate a neural network model. By employing the neural network
model, the relationship between “temperature and thickness” can be established and a relevant database can be
created, thereby achieving the purpose of rapid detection of the thickness of technical components. Currently, BP
neural network technology is highly stable?® and possesses data recognition and simulation capabilities. When
dealing with non-linear relationships, the advantages of BP neural networks become even more pronounced?'.
BP neural networks can effectively reduce the influence of other factors and serve as a model that ensures overall
objectivity?’. By combining BP neural networks with infrared thermographic technology, precise and rapid
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detection of the thickness of metal components can be achieved. This method not only ensures measurement
accuracy but also improves detection efficiency.

Numerous scholars at home and abroad have conducted extensive research on BP neural network models.
Alnaggar et al.>* leveraged deep neural networks to address challenges such as numerous model parameters and
complex modeling. Song Ming et al.>* proposed a method to obtain the elastoplastic mechanical properties of
materials by combining artificial intelligence BP networks, small punch testing, and finite element simulation
to determine the material’s “stress-strain” curve. Zhang Lingyun et al.?> took aircraft wing ribs as their research
object and predicted the springback of rubber bladder-formed aircraft wing rib convex flanges by combining
finite element simulation and neural networks. Xie Peng et al.?® conducted research on predicting the remaining
strength of externally corroded submarine pipelines based on deep learning. Chu Linhua et al.?” employed deep
learning methods to train a prediction model for the “process-stress amplitude-fatigue life” during the cold
rolling of zirconium alloy tubing. Guo Hong et al.?® proposed a tool wear prediction method that combines
multi-sensor feature fusion with BP neural networks. The dimensionality-reduced fused features were input
into a well-established BP neural network, and through nonlinear simulation analysis, wear amount prediction
was achieved. Zhang Yue et al.? introduced a tire wear detection algorithm based on BP neural networks,
constructing an eight-layer neural network to learn from the training set and test it with the test set, achieving
errors within 0.4 mm and accurately predicting tire wear during operation. Huang Yao et al.>* addressed the
issue of wear prediction in extrusion molds by importing experimental data from finite element simulations into
a BP neural network model for training. They predicted the wear values at various nodes of the extrusion mold.
By comparing the predicted values from the BP neural network model, the calculated values from the finite
element method, and the actual wear values, they found that the trained BP neural network model exhibited
higher accuracy. Zhang Wei et al.>! investigated the influence of milling surface characterization parameters on
milling wear and established a milling surface wear resistance prediction model based on BP neural networks.
They input parameters such as the maximum height, maximum peak height, maximum pit height, minimum
autocorrelation length, and surface feature height ratio of the milling surface into the milling surface wear
resistance prediction model for training and learning. Comparison of the predicted wear amount with the
actual wear value showed that the minimum error was only 6.18%. Cao Yuanxun et al.*? established a BP neural
network abrasive belt wear rate model to predict the wear degree of abrasive belts. The results indicated that the
BP neural network could quickly and accurately predict the abrasive belt wear rate. An Hua et al.’* proposed
a tool wear condition monitoring method based on the BP neural network model. They used the BP neural
network model to train and learn a large number of significant feature samples of original cutting force signals
and their corresponding tool wear values as inputs to predict the tool wear values.B. Zhao et al.** constructed
a finite Ridgelet neural network optimized by the improved firefly algorithm. The prediction procedure of
hydrogen pipeline is designed. It can effectively predict the safety status of the hydrogen gas pipeline.

According to the relevant neural network literature’-%%, there are few studies on the rapid detection of the
thickness of damaged metal members through the neural network in the defect thickness detection. Therefore,
in this paper, the excitation temperature is controlled to detect the metal defect thickness by combining the
technology of infrared thermal wave technology and finite element simulation and BP neural network prediction
model. And through COMSOL finite element simulation to verify the correlation with the experimental results,
resulting in a database of “excitation temperature-metal thickness”. Follow-up the data obtained into the BP
neural network prediction model for training and prediction, verify the neural network can quickly detect the
feasibility of damage metal thickness, realize the rapid detection of metal component defects, for the neural
network damage metal component thickness rapid nondestructive testing technology in the field of engineering
application provide reference.

Experiment and methodology
Defect detection method
As one of the non-destructive testing techniques, infrared thermography detection operates by injecting a high-
energy infrared pulse into the tested sample within a short period of time. Due to the inhomogeneity of the
sample’s material and shape (defects), the temperatures of different regions of the sample will vary under the
influence of thermal conductivity and thermal diffusion**’. When heat from an excitation source is applied to an
obliquely cut metal plate, it conducts heat along the thickness direction, temporarily ignoring heat transfer along
the lateral or lengthwise directions, thus making mathematical analysis and calculations more straightforward.
The principle of heat transfer is illustrated in Fig. 1.

It can be seen from Fig. 1 that B is the heat source at one point in the sample and the temperature after time
tat point A, whose temperature expression is as follows:

Te(At) = TAe_% cos(wt — E) (1)
u

Where: Ty(A,t) is the temperature after time ¢ of point A, T, is the initial heating temperature of point A; h is
the distance between two points; w is the natural frequency of the sample; Among 11 = /2 /w;a is the thermal

diffusivity of the material.

As can be seen from Fig. 1 and Eq. (1), under the same heating temperature, when the thickness I’ between
two points is less than h, the temperature relationship at point B is TB’ > TB. This indicates that the different
thicknesses of the iron plate will affect the temperature of the sample after excitation.

After the heat source A starts to stimulate the sample, the different lengths of heat conduction paths within
the sample result in temperature variations for different thicknesses, thus creating temperature differences.
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Fig. 1. Principle of heat transfer.

Infrared heat wave experiment
The material selected is a 50 mm x 50 mm x 2 mm iron plate, which undergoes an oblique cutting and wear
process to form a trapezoidal cross-section.This is done to enable simultaneous observation of temperatures in
both the damaged and undamaged regions during the excitation of the trapezoidal iron plate, thereby allowing
for the acquisition of temperature difference data. The trapezoidal iron plate is divided into six thickness
intervals: 2 mm-1.8 mm, 1.8 mm-1.73 mm, 1.73 mm-1.66 mm, 1.66 mm-1.44 mm, 1.44 mm-1.19 mm, and
1.19 mm-0.7 mm (as shown in Fig. 3). Subsequently, a fixed heating temperature is applied to the sample as
thermal excitation, and the UTi260A infrared thermal imager is used to record thermal images from the front.
As shown in Fig. 2, as the heating temperature continues to rise, the temperature rise rate on the oblique
section is faster, and defects become more pronounced. This is due to the different heat conduction paths when
heating the iron plate. As a special area of the iron plate, the geometry and surface condition of the oblique
section make it easier for heat to accumulate and transmit rapidly in this area. The temperature rise rate on the
oblique surface is more significant than that on other surfaces. Therefore, the degree of wear can be quantified
by calculating the temperatures in defective and non-defective areas, and the temperature values can serve as an
important indicator of the wear condition of the iron plate.

Establishment and analysis of finite element model

Mesh generation and material selection

Establish four models of metal components with different thicknesses, using Structural steel as the material.
Conduct mesh generation on the models, where the 2 mm model has 323,444 tetrahedral mesh elements and
159,632 triangular mesh elements, with an average element quality of 0.5871; the 3 mm model has 221,256
tetrahedral mesh elements and 92,848 triangular mesh elements, with an average element quality of 0.6069;
the 4 mm model has 217,688 tetrahedral mesh elements and 63,668 triangular mesh elements, with an average
element quality of 0.6239; and the 5 mm model has 214,310 tetrahedral mesh elements and 45,986 triangular mesh
elements, with an average element quality of 0.641. To better observe the temperature changes corresponding to
different thicknesses, finer mesh generation is applied to thinner areas. A reasonable number of mesh elements
not only saves computer resources and increases computation speed but also ensures computational accuracy.
The mesh generation is illustrated in Fig. 3.

Finite element simulation for thermal distribution
In the infrared thermal wave experiment, heat transfer primarily occurs through thermal radiation from the
excitation source to the air, and then through convective heat transfer between the air and the test specimen,
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Fig. 2. Infrared heat wave experiment.

thereby heating the test specimen. To simulate the loading of the excitation source in the experiment, the heat
transfer coefficient h in the simulation model is set to 750 W/(m?k), and the ambient temperature is set to 20 °C.
Through simulation analysis, the thermal distribution contour plot of the finite element model can be obtained,
as shown in Fig. 4.

Correlation analysis between finite element simulation and experimental results

The 2 mm miter wear plate was heated to 80 °C, 105 °C, and 130 °C. By combining and analyzing the experimental
temperature data with the simulated temperature data for the 2 mm miter wear plate, it was found that the trend
of the experimental temperature rise curve was consistent with the simulated temperature rise curve, as shown
in Fig. 5.

Through the experiment, the iron plates with different wear degrees were heated, and the experimental data
obtained provided the verification basis for the subsequent numerical simulation, ensuring the accuracy and
reliability of the simulation results. The numerical simulation is consistent with the experimental results, which
indicates that the numerical simulation can be an effective supplement or substitute for the experiment.

Through numerical simulations, the temperature distribution can be directly related to the material
thickness. This method not only improves the measurement efficiency, but also reduces the human error.
Based on a large number of simulation and experimental data, the “excitation temperature-metal thickness”
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Fig. 3. Finite element model of 2-5 mm ferromagnetic material diagonal wear plate.
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Fig. 4. Simulation of heat distribution of mitre cut wear plate of iron plate material.

database is constructed. In the field of infrared detection, the thickness of the measured material can be quickly

and accurately inferred, which provides favorable support for the development of nondestructive detection
technology.

Temperatures of different wear thicknesses at various heating temperatures
Metal components with different wear thicknesses ranging from 2 mm to 5 mm were heated to temperatures of
20°C,40°C, 60°C, 80 °C, 100 °C, 120 °C, 140 °C, and 160 °C, respectively. Temperature calculation formulas for
metal components with varying wear thicknesses at different heating temperatures were established, as shown in
Fig. 6. This laid the foundation for training and predicting simulation data using BP neural networks.

As can be seen from Fig. 6, as the heating temperature continues to increase, the slope of the fitted temperature
curve for the worn and unworn areas of the metal component gradually steepens, and the temperature difference
between them also gradually widens.

Training of BP neural network model and wear prediction

Neural network structure for damage prediction of metal components

A neural network is an abstract mathematical model that connects multiple neurons in a certain topological
structure. It possesses a high degree of nonlinear mapping capability, robust parallel computing power, and
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Fig. 5. Simulation and fitting of temperature rise curves for 2 mm miter wear plates under different heating
temperatures. (a) Heating to 80 degrees Celsius simulated and Fitting experimental temperature rise curves.
(b) Heating to 106 degrees Celsius simulated and experimental temperature rise curves. (c) Heating to 130
degrees Celsius simulated and Fitting experimental temperature rise curves.

adaptive learning ability. The neural network trains itself using input samples and target output samples. After
each training session, the output value is compared with the target sample. If the output does not meet the
specified error accuracy, this information is fed back to each neural layer. Based on the selected algorithm, each
neural layer will adjust its weights and thresholds to enable the network to establish the specified nonlinear
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Fig. 6. Temperature of metal components corresponding to different wear thicknesses under different heating
temperatures. (a) 2 mm miter wear metal members at different heating temperatures. (b) 3 mm miter wear
metal members at different heating temperatures. (c) 4 mm miter wear metal members at different heating
temperatures. (d) 5 mm miter wear metal members at different heating temperatures.

mapping relationship between input and output. A well-trained BP neural network possesses generalization
capability, capable of providing appropriate outputs for inputs not included in the sample set.

The design of this model employs a BP neural network with 2 input layers, 10 hidden layers, and 1 output
layer, as illustrated in Fig. 7.
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Figure 6. (continued)

Among them, W, represents the connection weights between the input layer and the hidden layer, while V.
denotes the connection weights between the hidden layer and the output layer. Typically, the training data an
prediction data are set in an 8:2 ratio. In this study, a two-factor process experiment was designed, and all data
measured from both experiments and simulations were used for model training.
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Fig. 7. Wear prediction model based on BP neural network.
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Fig. 8. Training diagram of 2 mm simulation data.

Training and prediction of BP neural network model

The target function values obtained through finite element simulation software are used as learning samples to
train the neural network model established above. We set 80% of the data derived from the simulation software
as the training set and the remaining 20% as the test set. The training parameters are configured with the number
of iterations epochs set to 1000, the error threshold goal set to 1e-6, and the learning rate Ir set to 0.01.

The simulated data for 2 mm metal components, after 1000 iterations of training and weight adjustments,
achieved a mean squared error of 0.0021344 for the network, with a coefficient of determination R? of 0.35336.
The training is now complete. The training plot for the 2 mm simulated data is shown in Fig. 8, and the prediction
plot is shown in Fig. 9.

The simulated data for 3 mm metal components, after undergoing 1,500 iterations of training and weight
adjustments, achieved a mean squared error of 0.0050133 for the network. The coefficient of determination R?
was 0.96115. The training was completed. The training plot for the 3 mm simulated data is shown in Fig. 10, and
the prediction plot is shown in Fig. 11.
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Fig. 9. Prediction of 2 mm simulated data.
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Fig. 10. Training diagram of 3 mm simulation data.

The simulated data for 4 mm metal components, after undergoing 1,300 iterations of training and subsequent
weight adjustments, achieved a mean squared error of 0.0010381 for the network. The coefficient of determination
R? was 0.98324. The training was completed. The training plot for the 4 mm simulated data is shown in Fig. 12,
and the prediction plot is shown in Fig. 13.

The simulated data for 5 mm metal components, after undergoing 1000 training iterations and weight
adjustments, achieved a mean squared error of 0.020887 for the network. The coefficient of determination R?
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Fig. 11. Prediction of 3 mm simulated data.
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Fig. 12. Training diagram of 4 mm simulation data.

was 0.97591. The training was completed. The training plot for the 5 mm simulated data is shown in Fig. 14, and
the prediction plot is shown in Fig. 15.

Under different thicknesses of metal components, the predicted values output by the neural network model
exhibited a high degree of consistency with the actual values obtained through precise measurements. This
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Fig. 13. Prediction of 4 mm simulated data.
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Fig. 14. Training diagram of 5 mm simulation data.
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Fig. 15. Training diagram of 5 mm simulation data.

consistency is not only reflected in the numerical closeness but also in the alignment of trends and distribution
patterns. This finding strongly validates the feasibility and potential of BP (Back Propagation) neural networks in
rapidly and accurately detecting the damage thickness of metal components. Leveraging its powerful nonlinear
mapping ability and self-learning capability, the BP neural network can efficiently handle complex damage
detection tasks, thereby significantly improving detection efficiency while ensuring detection accuracy. The
results of this study not only provide solid experimental evidence for the application of BP neural networks in the
field of metal component damage detection but also open up new ideas for the widespread application of neural
network technology in engineering. It serves as a reference for the application of rapid detection technology
using neural networks for the thickness of damaged metal components in the engineering field.

Conclusion

(1) By setting the excitation temperature to 80°C, 105°C and 130°C, the temperature fitting curve equation is
established, and the mathematical relationship of “excitation temperature-metal thickness” is obtained.

(2) Under consistent conditions such as heating temperature, ambient temperature, and thermal conductivity,
numerical simulations were combined with infrared thermal wave experiments. The research showed that
the simulated temperature rise curve basically coincided with the experimental temperature fitting curve,
indicating that numerical simulations can serve as a substitute for experiments.

(3) Through numerical simulation of “excitation temperature-metal thickness” database in the proportion of
8:2 training and prediction, found after training prediction data and the actual data, achieved the purpose
of BP neural network to rapid detection of defect metal thickness, for the subsequent optimization of neural
network structure and parameters, in order to improve the model prediction accuracy and generalization
ability, combined with the Internet of things technology, realize the remote monitoring and data analysis,
improve the monitoring efficiency and accuracy to lay the foundation.

Data availability
Data is provided within the manuscript or supplementary information files.
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