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Abstract

This study employed data-driven machine learning models to analyze the effects of filler
material composition and other process parameters on mechanical properties during the
crack repair of nickel-based superalloys such as K417G using wide-gap brazing technology.
First, a linear regression model was used to analyze the influence of independent variables
(filler material composition and other process parameters) on the dependent variables
(tensile strength and elongation). The regression results indicated that temperature and filler
composition significantly affected tensile strength and elongation. Subsequently, a TabNet
machine learning model was applied to simulate the relationship between parameters such
as composition and mechanical properties. The experimental results showed that when
four parameters, namely, the filler composition, temperature, holding time, and pressure,
were used as input features, the deviation between the actual and predicted values of
elongation was minimal, with a value of only 1.5650.

Keywords: linear regression; TabNet; elongation; K417G; prediction accuracy

1. Introduction
Nickel-based superalloys such as K417G [1,2] serve as critical materials for manu-

facturing the hot-end components of aero-engines. During long-term service under high
temperature, high pressure, and corrosive gas environments, initial micro-cracks will form
in these components. Therefore, it is essential to develop reliable joining and repair tech-
nologies for high-temperature alloy components used in aero-engines and related fields.
Compared to other joining techniques [3,4], wide-gap brazing [5] exhibits significant ad-
vantages in efficiently and effectively repairing large-gap cracks. In this technique, the
filler material consists of both low-melting-point alloys and high-melting-point alloys.
During the joining process, the low-melting-point alloy diffuses into the high-melting-point
alloy and base material [6–8]. Subsequently, isothermal solidification will occur during the
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holding stage, leading to the formation of a joint region with uniform microstructure and
composition. As a result, the high-performance repair of wide-gap defects can be achieved,
improving both structural reliability and economic efficiency.

More importantly, to obtain joints with superior mechanical properties, the optimiza-
tion of process parameters in wide-gap brazing serves as a critical step. These parameters
mainly include filler composition, joining temperature, holding time, and applied pressure.
Conventionally, trial-and-error approaches are used to design and optimize parameters
such as the content of low-melting-point powder in the filler material. However, this
method [8] is time-consuming and costly, significantly extending the development cycle
of joint microstructures. To address this issue, this study first employed regression analy-
sis [9,10] to investigate the significance of the relationships between process parameters,
including filler composition, joining temperature, holding time, and pressure, and the
mechanical properties of the joints, namely tensile strength and elongation. Notably, linear
regression methods often fail to accurately capture the intrinsic relationships between
process parameters (i.e., holding time, pressure, and temperature), and joint mechanical
properties. Therefore, to achieve a more accurate prediction of the influence of process
parameters on joint performance, machine learning models [11–14] have been introduced
to mine complex and hidden relationships in the data, rather than relying on traditional
trial-and-error methods.

In recent years, data-driven machine learning techniques have been widely applied in
material property prediction. Due to the close relationship between material composition
and mechanical properties, Ozerdem et al. [15] used the compositions of Cu- and Ni-based
alloys as inputs and employed artificial neural networks to predict tensile mechanical prop-
erties. Beyond alloy composition design, Varol et al. [16] predicted mechanical properties
such as the hardness and tensile strength of composite materials using artificial neural
networks based on other process parameters, including time and size. Daiki et al. [17]
constructed convolutional neural networks using multimodal data, including numerical
data and image data, to predict metallic phase structures.

However, most existing studies applying machine learning to process parameter de-
sign did not explicitly separate training datasets from validation datasets, despite the fact
that validation serves as a crucial step in machine learning to improve prediction accuracy.
In this study, a high-performance neural network architecture specifically designed for
tabular data, namely TabNet [18–20], was employed. TabNet consisted of feature trans-
formers, attentive transformers, and multiple decision steps, and it was used to investigate
the effects of filler composition, joining temperature, holding time, and applied pressure on
the mechanical properties of the joints after welding.

2. Experimental Parameters
2.1. Process Parameters of Wide-Gap Brazing

Over several years of systematic research, our group developed a wide-gap braz-
ing (WGB) technology. Based on the theory of isothermal solidification, this technique
employed a filler material composed of high-melting-point nickel-based alloy powders
with compositions similar to that of the base metal, along with low-melting-point boron-
containing nickel-based alloy powders. Extensive investigations [21–23] were conducted to
elucidate the effects of filler composition and joining process parameters on the microstruc-
tural evolution of the WGB region (WGBR). Through these studies, the filler material
composition and joining parameters were optimized, and the formation mechanisms of pre-
cipitated phases within the joint microstructure, as well as the corresponding strengthening
mechanisms, were systematically revealed.
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The base metal (BM) used in this study consisted of K417G alloy (Jiangsu Metalink
Technologies Co., Ltd., Nanjing, China), with a theoretical melting point of 1340 ◦C. Its
nominal chemical composition (in wt.%) was Co 10.2, Cr 8.8, Ti 4.7, Al 5.3, Mo 3.4, C 0.2,
with Ni in balance. To achieve WGB of the K417G alloy, the filler material was prepared
by mixing alloy powders with high and low melting points. One component was a high-
melting-point powder (HMP) with a composition similar to that of the BM. This powder
remained solid at high temperatures and served as a skeletal support during brazing. The
other component was a low-melting-point powder (LMP) containing boron, which melted
at elevated temperatures and underwent isothermal solidification during the holding
stage. As a result, a homogenized solid-solution joint formed in the WGBR, enabling
high-quality bonding. Both HMP and LMP powders were obtained from Zhongnuo New
Material Technology Co., Ltd. (Beijing, China). The two types of alloy powders were
mechanically mixed for 24 h in a three-dimensional powder mixer under high-purity argon
protection, using different mixing ratios, as listed in the second column of Table 1, to
prepare the brazing filler. The mechanically mixed filler powders were then placed into the
brazing gaps.

Table 1. Composition and process parameters of the joint microstructures, with the translated table
structure and values retained (Low-melting-point powder, LMP).

Track

Input—Ingredients and Process Parameters Output—Mechanical
Properties

C (Content of
LMP,

Unit: %)

T (Temperature,
Unit: ◦C)

H (Holding
Time,

Unit: min)

P (Pressure,
Unit: MPa)

M (Tensile
Strength,

Unit: MPa)

E (Elongation,
Unit: %)

1 1 1200 30 20 452 2
2 3 1200 30 20 765 3.2
3 5 1200 30 20 972 6.5
4 7 1200 30 20 805 4.4
5 10 1200 30 20 628 3.1
6 15 1200 30 20 560 2.3
7 5 1100 30 20 298 0.1
8 5 1140 30 20 715 0.4
9 5 1160 30 20 779 1.6

10 5 1180 30 20 935 4.1
11 5 1220 30 20 818 1.5
12 5 1200 1 20 294 0.2
13 5 1200 15 20 792 2.4
14 5 1200 45 20 920 4.8
15 5 1200 60 20 911 5.7
16 5 1200 120 20 944 6.1
17 5 1200 30 1 405 2.2
18 5 1200 30 5 720 3.5
19 5 1200 30 10 905 5
20 5 1200 30 30 971 6.5
21 5 1100 120 20 225 0.2
22 5 1140 120 20 589 2.5
23 10 1100 30 20 281 0.3
24 10 1140 30 20 587 3.1
25 10 1180 30 20 795 5.5
26 10 1200 30 20 991 6.9
27 20 1200 30 20 677 2.7
28 20 1180 30 20 914 6.1
29 20 1140 30 20 802 5.3
30 20 1100 30 20 550 2.9
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Filler materials with different compositions were assembled into the wide gaps of
the base material (Figure 1a). After fixation using upper and lower graphite punches,
the assemblies were placed into an HP-12 × 12 × 12 hot-pressing furnace (Figure 2a),
where the vacuum level in the furnace chamber was maintained above 5.0 × 10−2 Pa.
Subsequently, the samples were heated at a rate of 20 ◦C/min to different temperatures, as
listed in the third column of Table 1, subjected to different applied pressures (fifth column
of Table 1), and held for different durations (fourth column of Table 1), followed by furnace
cooling (Figure 1b). From the interfaces of the as-bonded wide-gap hot-pressed samples,
tensile specimens with dimensions of L62 mm × W12 mm × H3 mm were sectioned
(Figure 1c). The specimen surfaces were then mechanically ground and polished. Room-
temperature tensile tests were conducted on the joint regions using a universal testing
machine (CMT5105) equipped with a laser extensometer (Figure 2b), under quasi-static
loading at a strain rate of 0.5 mm/min, as schematically illustrated in Figure 3. Figure 3a
shows a physical tensile sample of the WGB sample and K417G alloy, and Figure 3b presents
the corresponding stress-strain curve obtained from the tensile test.

 

Figure 1. (a) Schematic illustration of the preparation of bonded specimens, (b) morphology of the
HMP, and (c) morphology of the LMP.

To analyze and predict the optimal joining process for the K417G nickel-based super-
alloy, four key process parameters were considered. The first parameter, composition (C),
represents the content of LMP in the filler material, ranging from 1% to 20%. The second
parameter, temperature (T), refers to the high-temperature oxidation temperature in the
wide-gap brazing zone, with values ranging from 1100 ◦C to 1200 ◦C. Meanwhile, the third
parameter, holding time (H), varied from 1 to 120 min. As the holding time increased, the
oxide weight exhibited a parabolic trend, initially increasing and then stabilizing. The
fourth parameter, pressure (P), represents the applied pressure during heat treatment,
which promotes liquid phase formation in the interlayer and base material, facilitating
uniform joint microstructure and improved joint performance. The pressure range was
1–30 MPa. In this study, 30 sets of process parameters were designed, as summarized
in Table 1, listing the composition and process parameters corresponding to the joint
microstructures obtained by WGB.
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Figure 2. HP 12 × 12 × 12 Vacuum Hot Press Furnace (manufactured by CENTORR Vacuum
Industries, Nashua, NH, USA) (a) and CMT5105 Electronic universal testing machine (Shenzhen
SANS Testing Machine Co., Ltd., Shenzhen, China) (b).

 
Figure 3. Tensile engineering stress–strain curves of the WGB sample and cast K417G alloy.

2.2. Statistical Regression Analysis of the Experimental Parameters

In this study, the experimental data contained no significant outliers. Both tensile
strength and elongation were continuous variables, and the residuals approximately fol-
lowed a normal distribution (Figures 4 and 5). In addition, no severe multicollinearity was
observed, as all variance inflation factors (VIFs) were below 5. The solid green dots in
Figures 4 and 5 represent the experimental data listed in Table 1; the red line in each figure
corresponds to its linear regression fit, respectively.

Accordingly, two linear regression models were constructed to analyze the effects of
composition, temperature, holding time, and pressure on the tensile strength and elonga-
tion. The regression model was expressed as follows:

yM/yE = β0 + β1x1 + β2x2 + β3x3 + β4x4 + ε, (1)

where yM and yE denote the tensile strength and tensile elongation, respectively; and x1,
x2, x3, and x4 correspond to the composition, temperature, holding time, and pressure,
respectively, and ε is the error term. The regression results are summarized in Tables 2 and 3.
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As shown in Table 2, temperature had a statistically significant positive effect on tensile
strength, while the composition, holding time, and pressure did not show significant effects.
Table 3 shows that both the composition and temperature had significantly positive effects
on elongation, whereas holding time and pressure were not statistically significant.

Figure 4. Residual distribution with tensile strength as the response variable.

Figure 5. Residual distribution with elongation as the response variable.
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Table 2. Effects of composition, temperature, holding time, and pressure on tensile strength.

Variable Coefficient Std. Err. t P > t [95% Conf. Interval]

Composition 7.177 6.898 1.04 0.308 [−7.030, 21.385]
Temperature 4.131 1.031 4.01 0.000 [2.007, 6.254]
Holding time 1.013 1.314 0.77 0.448 [−1.694, 3.720]

Pressure 11.083 7.083 1.56 0.130 [−3.504, 25.670]
Cons −4463.874 1265.532 −3.53 0.002 [−7070.287, −1857.462]

Table 3. Effects of composition, temperature, holding time, and pressure on elongation.

Variable Coefficient Std. Err. t P > t [95% Conf.,
Interval]

Composition 0.138 0.065 2.13 0.043 [0.004, 0.272]
Temperature 0.036 0.010 3.70 0.001 [0.016, 0.056]
Holding time 0.019 0.012 1.54 0.136 [−0.006, 0.045]

Pressure 0.059 0.067 0.89 0.381 [−0.078, 0.197]
Cons −41.744 11.900 −3.51 0.002 [−66.253, −17.235]

3. TabNet Model
3.1. Core Architecture of TabNet

Inspired by the high-dimensional sparsity of tabular data and the need for efficient
nonlinear fitting, TabNet serves as a high-performance neural network architecture specifi-
cally designed for tabular data. Its core components include feature transformers, attentive
transformers, and multiple decision steps. Through a sequential attention mechanism,
TabNet can perform instance-wise sparse feature selection, and by combining shared lay-
ers with decision-step-dependent layers, it can effectively model non-linear relationships.
Along with gated linear units (GLUs) and sparse regularization [24–26], TabNet can retain
strong nonlinear approximation capability while preventing redundant features from occu-
pying model capacity. Moreover, feature selection masks provide inherent interpretability
without requiring complex feature engineering, making TabNet particularly effective for
small-sample tabular datasets.

The overall architecture of TabNet is illustrated in Figure 6. The TabNet encoder
adopted a multi-decision-step structure. Each decision step contained a feature transformer,
an attentive transformer, and a masking module. The feature transformer output was split
into decision contributions and intermediate representations for subsequent steps. The
aggregation module summed contributions from all decision steps to generate the final
output while enabling feature attribution for interpretability.

In this study, the TabNet input consisted of four features corresponding to key compo-
sition and process parameters. The formatted input matrix could be expressed as follows:

X =
[
x1, x2, · · · , xj, · · · , xn

]
,

where n denotes the number of samples, and xj represents the feature vector of the j-th
sample, which corresponds to the four input parameters listed in the table. Specifically, the
feature vector could be expressed as follows:

xj =
[
Cj, Tj, Hj, Pj

]
,

where Cj, Tj, Hj, and Pj denote the filler composition, processing temperature, holding
time, and applied pressure of the j-th sample, respectively. The output of the TabNet
model consisted of two mechanical performance indicators, corresponding to the room-
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temperature tensile strength M and elongation E shown in the table. Accordingly, the
output vector could be written as follows:

yj =
[
Mj, Ej

]
,

where Mj and Ej represent the tensile strength and elongation of the j-th sample, respec-
tively. In the TabNet model, the feature selection mask at each decision step i was generated
through sparse normalization using the Sparsemax function. This mask was computed by
incorporating the feature usage prior (P[i]) from previous decision steps, thereby ensuring
efficient and non-redundant feature utilization. The corresponding operation could be
formulated as follows:

M[i] = Sparsemax(P[i − 1] · hi(a[i − 1])), (2)

where a[i − 1] denotes the intermediate representation from the previous decision step,
hi is a trainable mapping function, and P[i] = ∏i

j=1(γ − M[j]), with the parameter γ

serving as a relaxation factor that ensures a reasonable allocation of features across different
decision steps, preventing feature dominance at early stages. The selected features were
then processed by the feature transformer to perform nonlinear transformation, yielding
the decision contribution (d[i]) at the current step and the intermediate representation (a[i])
for the subsequent step:

[d[i], a[i]] = fi(M[i] · X), (3)

where fi denotes the mapping function of the feature transformer, which incorporates
GLUs to enhance the model’s capability to capture nonlinear relationships. The GLU could
be defined as follows:

GLU(z) = z1 · σ
(
⌣
z
)

, (4)

where z is the output of the fully connected layer, and σ
(
⌣
z
)

denotes the Sigmoid activation
function. The local decision outputs from all decision steps were aggregated after rectified
linear unit (ReLU) activation [27,28] to obtain the final prediction, enabling balanced
optimization for the dual-output regression task:

ypred = W f inal ·
Nsteps

∑
i=1

ReLU(d[i]) + b f inal , (5)

where W f inal and b f inal denote the weights and bias of the output layer, respectively, and
Nsteps

∑
i=1

ReLU(d[i]) represents the aggregated decision contributions from all decision steps.

In this study, the learnable parameters of the TabNet model included the mapping matrix
hi of the attentive transformer, the weights Wi and biases bi of the feature transformer, as
well as the output layer weight W f inal and bias b f inal . These parameters were optimized
through hyperparameters such as the learning rate η and the number of training epochs
γ. Equations (2)–(5) summarize the forward propagation process of TabNet, whose core
mechanism followed a sequential logic of feature selection → feature transformation →
multi-step aggregation. This structure enabled the efficient modeling of the nonlinear
relationships between the composition and process parameters (C, T, H, and P) and the me-
chanical properties (M, E). Accordingly, the TabNet model adopted in this study employed
four hidden layers in the feature transformer (two shared layers and two decision-step-
dependent layers), each with a dimensionality of 8, and these layers were reused across
three decision steps.
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Figure 6. Core architecture of the TabNet model.

3.2. Loss Function

The loss function quantified the discrepancy between predicted values and ground
truth labels, guiding model training through parameter optimization. To address the imbal-
ance caused by different magnitudes of multiple output variables, a standard deviation–
normalized weighted loss function was proposed. Based on the mean squared error (MSE),
the loss function incorporated standard deviation weighting to balance contributions from
tensile strength and elongation:

L(W, b) =
1
2

(
loss f n(ŷM, yM)

(σM + 10−6)
2 +

loss f n(ŷE, yE)

(σE + 10−6)
2

)
, (6)

where ŷM, ŷE denote the model predictions of tensile strength and elongation, respectively,
yM, yE represent the corresponding ground-truth values, and terms σM, σE serve as the
standard deviations of the true labels for tensile strength and elongation, respectively. This
loss function was employed in the training of the TabNet regression model to replace the
conventional mean loss calculation. It was particularly effective for multi-output regression
tasks in which the output variables, such as the tensile strength and elongation in this study,
differed significantly in numerical scale, enabling balanced optimization across multiple
mechanical property targets.

3.3. Training Details

Before model training, data preprocessing was performed to meet the input require-
ments of the TabNet model and mitigate overfitting caused by the small sample size.
Subsequently, a combined strategy of standardization and stratified splitting was adopted.
Specifically, all four input parameters were standardized using the StandardScaler method
to eliminate the influence of dimensional differences on the attention-based feature selection
mechanism. The standardization process could be defined as follows:

xnorm =
x − µ

σ
, (7)

where µ denotes the mean value, and σ represents standard deviation. The dataset was
randomly split into training and validation sets at a ratio of 8:2, and a fixed random
seed was used to ensure consistency in data distribution. For output processing, the
two target variables, namely, tensile strength (MPa) and elongation, were retained in
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their original scales. The imbalance between these outputs was addressed through the
proposed weighted loss function, which balanced the optimization priorities of the two
mechanical properties. To alleviate overfitting in small-sample training, a triple safeguard
strategy combining early stopping, learning rate scheduling, and sparse regularization
was employed. In the early stopping mechanism, the validation MSE was monitored, and
training was terminated when no improvement was observed for 15 consecutive epochs
(patience = 15). The model parameters corresponding to the best validation performance
were automatically saved, and the learning rate scheduling was implemented using the
ReduceLROnPlateau scheduler. When the validation loss stagnated for five consecutive
epochs, the learning rate was reduced by a factor of 0.5, with the minimum learning rate
threshold set to 1 × 10−6, which helped the model escape local optima. In addition to
sparse regularization, model weights were initialized using Xavier uniform initialization.
The momentum parameter of batch normalization (BN) layers in the feature transformer
was set to 0.02 to further suppress overfitting. The Adam optimizer was adopted for
model training, with parameters configured as β1 = 0.9, β2 = 0.999, and weight decay of
1 × 10−5, achieving balance between the convergence speed and parameter regularization.
The primary evaluation metrics for model training included the MSE, mean absolute error
(MAE), and the coefficient of determination (R2). Among these, validation R2 served as the
criterion for selecting the optimal model.

3.4. Experimental Results

Figure 7 shows a comparison of the predicted and true tensile strength values of
the test samples. The true values lie along the Y = X line, while the predicted values
are distributed closely around it. Figure 8 shows a similar comparison for elongation,
with predictions more tightly clustered around the ideal line. Figures 9 and 10 present
the corresponding line comparisons. As shown in Tables 4 and 5, the TabNet model was
compared with a deep learning model Transformer [29], a deep learning model architecture
used for natural language processing (NLP) and other sequence-to-sequence tasks. The
lower MAE values indicated that the TabNet model achieved higher prediction accuracy
for elongation than for tensile strength. Compared to Transformer, TabNet used in this
study obtained better prediction performance.

Figure 7. Scatter plot comparing the predicted and experimental tensile strength values.
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Figure 8. Scatter plot comparing the predicted and experimental elongation values.

Figure 9. Line plot comparing the predicted and experimental tensile strength values.

Table 4. Statistical error of TabNet and Transformer in tensile strength prediction.

Method MAE RMSE R2

TabNet 166.2226 206.2678 0.3346

Transformer 466.7859 520.2957 −4.0372
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Figure 10. Line plot comparing the predicted and experimental elongation values.

Table 5. Statistical error of TabNet and Transformer for elongation rate.

Method MAE RMSE R2

TabNet 1.5650 1.7649 0.2706

Transformer 2.0463 2.5523 −0.1022

4. Conclusions
This study investigated the effects of filler composition and joining process parameters,

including temperature, holding time, and pressure, on the mechanical properties of joints
repaired using WGB of the K417G alloy. The relationships between these parameters
and mechanical properties are highly nonlinear, and they cannot be accurately described
using conventional prediction methods. Statistical analysis revealed that temperature has
a significant positive effect on tensile strength, while both composition and temperature
significantly influence elongation. In addition, the TabNet machine learning model was
applied to predict joint mechanical properties. To obtain a joint structure with excellent
performance, multiple decision steps were used to optimize the process parameters of
the joint structure after welding, using machine learning methods rather than a trial-
and-error approach, suggesting that the model involved a four-layer TabNet network
structure. The results indicated that due to the limited number of training samples, the
TabNet model could not be fully trained, making it difficult to precisely approximate the
functional relationship between the process parameters and mechanical properties. The
limited dataset size did not allow the model to fully access all dimensions of the data
distribution [30,31], which was prone to overfitting. As a result, this led to the model
performing well on the training set but performing poorly on the test set or in practical
applications (low generalization ability), as illustrated in this study.
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