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ABSTRACT
The concrete composition of different pipelines varies greatly, and a comprehensive analysis of the 
impact of concrete design on pipeline corrosion is required. Developed an integrated model based on 
Scikit-Optimize, XGBoost and SHAP to analyze concrete’s carbonation and sulfuric acid resistance from 
five aspects: binder type, supplementary cementitious material (SCM’s), aggregate, admixture and w/b. 
Choose Scikit-Optimize for parameter optimization. As an explanation model, the SHAP model can 
perform analysis well and explain the analysis basis of the XGBoost training model. The established 
model can accurately predict the corrosion effect (R2 >0.987) without overfitting. Binder should be 
maintained at 380 to 400 (kg/m3). Water/binder and coarse aggregate/binder are the two main factors 
that influence the binder, and they should be maintained at a ratio of around 0.4 to 0.6 and 2.5, 
respectively. Fly ash (FA) should be SCM’s used as at a range of 300 to 350 (kg/m3) to improve corrosion 
resistance.
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1. Introduction

Concrete is currently the most widely used piping material in 
sewage systems. Corrosion of sewer pipes, however, has always 
been a serious problem, and the cost of protecting them can 
skyrocket as sewers age. This problem occurs all over the world 
such as China (Wu et al. 2020), the United States (Sabour, 
Dezvareh, and Bazzazzadeh 2019), Australia (Wells and 
Melchers 2016), and Germany (Sand 1997), resulting in high 
maintenance costs of up to £450 million per year. Microbial- 
induced concrete corrosion has been proven to be the main 
process of concrete degradation, which is mostly studied has 
been simulated by sulfuric acid immersion.

Test methods for studying corrosion of concrete can be 
divided into several types. One of the most important charac
teristics is the nature of the environment in which the concrete 
specimen will be exposed to accelerated corrosion. The most 
important testing methods are: laboratory chemistry, labora
tory microbiology and in situ (Madraszewski et al. 2022). The 
in situ method has a major disadvantage: it takes a long time, 
often months or even years (Wells and Melchers 2014, 2015). 
Moreover, because the environment variable is dynamic and 
uncontrollable, it cannot be repeated, which is only suitable for 
verification experiments (Grengg et al. 2015; Sun et al. 2014). 
Disparities in the selection of microorganisms for laboratory 
microbiological methods can be a critical factor, and laboratory 
microbiological methods that involve inoculating bacteria but 
do not provide studies of other corrosion components, such as 
cyclic wear, cannot fully simulate MICC (Madraszewski et al. 
2022). The chemical test mainly tests the carbonation rate of 

concrete or mortar samples and the resistance to chemical 
corrosion. Although the chemical method cannot accurately 
measure the MICC process, it can easily evaluate the carbona
tion resistance and acidity of the material compared with the 
first two methods (De Belie et al. 2004). Exposure of concrete to 
carbon dioxide and immersion in acidic solutions enables test
ing of the resistance of concrete or mortar to typical chemical 
attack (Khan et al. 2019). Long-term exposure to highly acidic 
conditions causes the hydrated Portland cement to be eroded 
and degraded (Jiang, Keller, and Bond 2014; Valencia-Saavedra, 
Mejía de Gutiérrez, and Puertas 2020). The sulfuric acid pro
duced by SOB will react with cement hydrate, usually calcium 
silicate hydrate (C-S-H), to generate sulfate such as gypsum, 
and the reaction between gypsum and aluminate to form 
ettringite will cause the internal structure of concrete to be 
unstable and form cracks(De Belie et al. 2004; Monteny et al. 
2000).

According to the five aspects of relevant binder types, 
SCM’s, aggregates, admixtures, and w/b, different types and 
dosage combinations vary greatly (Hafez et al. 2022). 
Manufacturing test concrete mixes, chemical testing and 
multiple performance tests are time-consuming and can 
only be done on a case-by-case basis (Al-Jamimi et al. 
2022). There are essential differences in the impact of the 
relevant cement types on the performance of concrete, with 
cement like CAC and geopolymers having a better ability to 
neutralize acids and contain corrosion into its final stages 
than conventional OPC (Menéndez et al. 2013). 
Supplementary cementitious materials (SCM’s) have been 
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extensively studied for resistance to acid corrosion, such as 
ground granulated blast-furnace slag (GGBS), fly ash (FA), 
silica fume (SF), Lime powder (LP), calcined clay (CC), meta
kaolin (MK). The performance of SCM’s added to the con
crete is positively affected by the reduction of porosity and 
permeability in the sulfuric acid test. The addition of aggre
gate has been well proven to reduce the corrosion rate 
under exposure conditions, and when the proportion of 
aggregate is large, its high alkalinity can well neutralize 
biological acid (Wu et al. 2020). The reduction of w/b and 
the addition of SP will reduce the permeability of the pipe
line in resisting corrosion (Tripathi et al. 2020). In a recent 
study, adding sodium hydroxide and sodium silicate solu
tions obtained lower mass loss during acid attack(Van 
Jaarsveld, Van Deventer, and Lorenzen 1997).

However, finding the optimal parameters is difficult, and 
the machine learning model can use existing data for ana
lysis and prediction. Compared with traditional machine 
learning models, XGBoost can better capture data patterns 
in prediction and provide related methods to prevent 
model overfitting (Y. Wang et al. 2022). In order to make 
the model have better accuracy and to prevent overfitting 
and waste of computing resources, this study chose Scikit- 
Optimize for parameter optimization. As an explanation 
model, the SHAP model can be analyzed very well, and it 
can well explain the analysis basis of the XGBoost training 
model.

In this paper, an integrated model based on Scikit-Optimize, 
XGBoost, and SHAP was developed to analyze the carbonation 
and sulfuric acid resistance of concrete according to five 
aspects relevant binder types, SCM’s, aggregates, admixtures 
and w/b. The structure of this paper is as follows: Section 2 
mainly introduces the literature related to concrete manufac
turing; Section 3 describes the acquisition of data and the 
realization of the model; Section 4 realizes the predictive ana
lysis results of the model; Section 5 summarizes the paper.

2. Materials and methods

2.1. Datasets collection

To comprehensively assess the performance of concrete of 
sewer pipes, a statistically plausible database of relevant 4 func
tional properties was extracted from published articles and 2576 
data points were collected from published papers (Alhassan, 
Ballim, and Research 2017; Angulo-Ramirez et al. 2019; Arora, 
Singh, and Patel 2019; Atiş 2003; Boudjehm et al. 2022; Bucher 
et al. 2017; Burden 2006; Buss 2013; Chang et al. 2005; Collepardi 
et al. 2004; Czarnecki, Woyciechowski, and Adamczewski 2018; 
De Belie et al. 2004; De Muynck, De Belie, and Verstraete 2009; 
Divsholi, Lim, and Teng 2014; Duran-Herrera et al. 2015; 
García-Segura, Yepes, and Alcalá 2014; Gettu et al. 2018; Gu, 
Bennett, and Visintin 2019; Hafez et al. 2022; Harrison et al. 
2012; E. H. Hewayde 2006; E. Hewayde et al. 2007; Higuchi 
et al. 2014; Holt et al. 2010; House 2013; Kaewmanee and 
Tangtermsirikul 2014; Khan, Yasir, and Castel 2022; Khan et al. 
2019; Khunthongkeaw, Tangtermsirikul, and Leelawat 2006; Lee, 
Park, and Lee 2013; Leemann et al. 2015; Löfgren, Esping, and 
Lindvall 2016; Marques, Chastre, and Nunes 2013; McNally and 
Sheils 2012; Okoye, Prakash, and Singh 2017; Quan and Kasami 
2014; Rathnarajan et al. 2017; Roziere, Loukili, and Cussigh 2009; 
Ruixia 2010; San Nicolas, Cyr, and Escadeillas 2014; Sanjuán, 
Andrade, and Cheyrezy 2003; Sisomphon and Franke 2007; 
Soja 2019; Valencia-Saavedra, Mejía de Gutiérrez, and Puertas 
2020; X-Y. J. C. Wang 2019; Woyciechowski, Woliński, and 
Adamczewski 2019; Younsi et al. 2011, 2013; Zhang et al. 2013; 
Zhao et al. 2015) and present them in Figure 1. The composition 
and classification of mixture databases extracted from 49 journal 
articles are summarized in supplementary material II published 
between 1997 and 2022.

A total of 29 input variables were selected to predict con
crete properties. In addition to the variables shown in Figure 3, 
mixture/binder was added to explore whether mixture weight 
per cubic meter or mixture/binder had more influence on 

Figure 1. Data points for the estimated parameters (left) and for the mixture components such as ground granulated blast-furnace slag (GGBS), fly ash (FA), silica fume 
(SF), Lime powder (LP), calcined clay (CC), metakaolin (MK) (right).
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concrete properties. If the original source is not differentiated, it 
is calculated according to CEM I-42.5.

As shown in Figure 3, the concrete is evaluated from five 
aspects of the inclusions, e.g. relevant binder types, SCM’s, 
aggregates, water, admixtures. Concrete manufacturing is 
mainly divided into five factors: relevant binder types, SCM’s, 
aggregates, admixtures, water (Herisson et al. 2013, 2016). The 
categories of cement are mainly divided into CEM I-42.5 and 
CEM I-52.5 with ordinary Portland cement (OPC) as the main 
binder material (De Muynck, De Belie, and Verstraete 2009). 
Following the same approach as in the literature, the cement 
content was subdivided into two sub variables representing 
cement strength (CEM I-42.5 and CEM I-52.5). Since hydrogen 
sulfide is oxidized by SOM, the final product is sulfuric acid, and 
the chemical composition of OPC makes most concrete easily 
degrade when exposed to acidic conditions (Yang et al. 2021). 
Since cementitious materials as a substitute for cement can 
better inhibit corrosion when exposed to inorganic acids, as 
a substitute for cement, SCM’s can better inhibit corrosion 
when exposed to inorganic acids, so it is very important to 
understand the mechanism of cementitious materials such as 
FA, GGBS, and SF in acid attack (E. H. Hewayde 2006; Valencia- 
Saavedra, Mejía de Gutiérrez, and Puertas 2020). Aggregates is 
mainly divided into coarse aggregate and fine aggregate, 
among which coarse aggregate has a significant effect on the 
resistance to microbial corrosion (O’Connell, McNally, and 
Richardson 2010). Admixtures mainly include plasticizers and 
alkaline activators. Alkali-activated concrete (AAC) has been 
used as a substitute for OPC in recent years due to its better 
acid resistance (Ren, Zhang, and San Nicolas 2021). 
Superplasticizer can provide flowable concrete with reduced 
water demand, and its main component is polycarboxy ether 
polymer, which can have better anti-permeability, and its nor
mal recommended dosage rate is 0.8–2.5 L/100 kg binder 
(Boudjehm et al. 2022).

Due to the strong alkaline conditions in the concrete, micro
bial occurrence at this stage is limited. Diffusion of sulfate-rich 
pore fluids initiates initial leaching of calcium hydroxide-rich 
and isochronous precipitation of expanding sulfate salts such 
as gypsum or sulfate, especially in the transition zone near the 
cement-rich interface of the aggregate. The compressive 
strength of the concrete mix is the most representative 
mechanical performance index, and the concrete that has 
been cured for 28 days is usually used for testing. There are 
great differences in the corrosion depth in different environ
ments, mainly due to the differences in test conditions, expo
sure to different concentrations of H2SO4 solutions. The most 
important parameters for evaluating concrete corrosion 
include weight change.

2.2. Correlation analysis

This study chose Pearson analysis mainly to initially under
stand the impact of factors on the target variables and 
primarily used statistical analysis methods for qualitative 
analysis. In this paper, Pearson analysis is used to prelimi
narily understand the effect of dopant on carbonation rate, 
compressive strength, corrosion depth and weight of 

concrete in carbonation and acid corrosion. The correlation 
coefficient of Pearson analysis is between [−1, 1]. The closer 
to 0, the lower the correlation; the closer to red, the posi
tive correlation, and the closer to blue, the negative 
correlation.

2.3. Model development details

2.3.1. XGBoost model
XGBoost is the most representative gradient boosting tree 
model. The default is gbtree, also known as Classification and 
Regression Trees, and it can also be a linear weak learner (Y. 
Wang et al. 2022). This study only uses Eq. (2) shows that 
XGBoost uses the expansion of the second-order Taylor formula 
as Eq. (3), where T represents the number of training trees, and 
n represents the number of samples. And gi and hi are the first 
and second derivatives, respectively. yi represents the predic
tion result after the tth iteration, ŷ t� 1ð Þ represents the prediction 
result of the previous tree, and Obj represents the objective 
function. Adds a regularization Ω to the objective function, 
which controls the complexity of the tree and prevents over
fitting. (As Eq. (6)) 

Since the residual L () has little effect on the change of the 
objective function, it can be simplified to Eq. (9) after adding 
the regular term. 

Eq. (10) is the derivative of the objective function is equal to 
zero, and the minimum weight is obtained Eq. (11). 

URBAN WATER JOURNAL 729



The first part is the objective function of the right cotyledon 
after feature splitting, the second part is the objective function 
of the right cotyledon after feature splitting, the next is the 
objective function of the original leaf before feature splitting, 
and the last is the regularization coefficient after feature split
ting, which can be used Eq. 6 expression. 

2.3.2. Model training and hyperparameter optimization
Finding the optimal parameters of the model usually relies on 
empirical tuning, which is a time-consuming and inaccurate 
method. Automatic parameter tuning algorithms can achieve 
better results than empirical parameter tuning. At present, the 
more commonly used automatic parameter tuning algorithms 
are Grid Search and Bayesian Optimization. Scikit-Optimize is 
an alternative to GridSearchCV that uses Bayesian optimization, 
a predictive model ‘surrogate’ to model the search space and is 
used to get a good combination of parameter values as quickly 
as possible. The ‘estimators’ can be tuned by observing that 
each iteration shows the best results. And by defining ranges 
for model parameters, gain an intuition about the fractional 
sensitivities associated with hyperparameters. It is possible to 
decide which parts of the space may require a more fine- 
grained search, and which hyperparameters barely affect the 
score and may be dropped from the search.

The parameters of the four models are shown in Table 1. The 
optimization process is shown in Figure 3. The input variables 
selected for the training model are the concrete mixture and the 
ratio of the binder to a total of 29. Then, the data set is randomly 
divided into training set and test set at a ratio of 80% and 20%. 
The next step is to optimize and search the hyperparameters of 
CART. The parameters to be adjusted mainly include max_depth, 
eta, min_child weight, subsample, comsample_bytree, gamma, 
lambda, and n_estimators. n_estimators take an integer value to 
count the number of trees. First of all, choose the appropriate 
value of n_estimators. Although the larger the value, the stron
ger the learning ability of the model, but to a certain extent, it will 
not only waste computing resources, but also cause overfitting. 
The parameter max_depth and lambda are used to avoid over
fitting, and the model can effectively avoid learning singular 
values from samples. The role of the parameter subsample is 
random sampling. In the iteration, there must be put back to 
extract a new training sample set. The range of this parameter is 
(0,1]. The role of the parameter subsample is random sampling. 

In the iteration, there must be put back to extract a new training 
sample set. The range of this parameter is (0,1]. The step size of 
the representative model training is eta. The larger the step size, 
the faster the training speed, but it is not conducive to finding 
the optimal value. The sub-sampling rate of columns when con
structing each tree is expressed by colsample_bytree. Weight 
threshold of the smallest node is min_child_weight, and 
gamma represents the minimum threshold of loss caused by 
node splitting.

2.3.3. SHapley Additive exPlanations (SHAP)
The SHAP model is to help understand the XGBoost black box 
model to judge the prediction of the final result from known 
conditions. SHAP is used to analyze the trained model. The core 
idea is to calculate the marginal contribution of features to the 
model output, and then explain the ‘black box model’ from the 
global and local levels. This study mainly used summary plot, 
feature importance and dependency scatter plots in the SHAP 
model to analyze the model and data. SHAP summary plot was 
used to analyze the influence of the sample point size on the 
SHAP value, and it was also an array of feature importance. 
Compared with SHAP summary plot, SHAP feature importance 
can intuitively reflect the influence of the feature value on the 
result mean(|SHAP value|). SHAP dependency scatter plots can 
observe the sample distribution and whether the samples with 
the same value are similar to the SHAP value, and also the 
changing trend of the data can be found to find the critical point.

3. Results and discussion

3.1. Correlation of concrete composition and corrosion 
parameters

In this section, the key concrete composition parameters are 
selected, and the four properties and their corresponding con
crete composition parameters are calculated respectively. 
Figure 2 shows the correlation diagram of carbonization rate, 
compressive strength, depth, weight change, and the Pearson 
correlation coefficient of any two variables, respectively.

As shown in Figure 2(a), the relative mass composition of the 
components and the component/binder effects on the carbo
nization rate are slightly different. It could be observed that 
with the increase of binder, SP and cement content in concrete, 
the carbonation rate would be inhibited. Consistent with 
Hewayde (2006), the increase of aggregate, water and FA will 
accelerate the carbonation rate of concrete.

Figure 2(b–c) show the changes of the three properties of 
concrete with different components in acidic solution. CEM I-42.5 
and CEM I-52.5 showed similar corrosion depth and compressive 
strength characteristics during acid attack, CEM I-42.5 was more 
resistant to acid attack than CEM I-52.5, and the alkaline concrete 
after adding alkaline activator reduced compressive strength. 
While the addition of SCM’s had a more limited effect on 

Table 1. Parameter selection for XGBoost model.

Variable max_depth eta min_child_weight subsample Comsample_bytree gamma lambda n_estimators

Carbonation rate 6 0.18 0 0.72 0.90 0.5 1 210
Compressive strength 11 0.13 1 0.7 0.52 0.8 4 120
Depth 5 0.18 2 0.68 1 0 0 100
Weight change 8 0.18 4 0.6 0.98 0 0 70
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corrosion depth and mass loss, it could be found to play an 
important role in compressive strength. FA and SF increased 
the compressive strength of concrete, while LP reduced the 
compressive strength. The addition of fine aggregate inhibited 
corrosion progression, but also slashed compressive strength, 
while the behavior of coarse aggregate was opposite. SP as 
admixtures could improve the compressive strength, but may 
also lead to accelerated loss of concrete weight.

3.2. Model parameter optimization

The parameter optimization process of the carbonization predic
tion model is shown in Figure 4 and Fig. A.1, and the optimiza
tion process of the remaining three models is given in the 
supplementary material. The judgment criteria of parameters 
are mainly based on the red dot combination of Scikit- 
Optimize. This set of parameters can optimize the prediction 
performance of the model and prevent over-fitting of the 

Figure 2. Heat map of effect of concrete composite factors on carbonation rate (a) corrosion depth (b), weight change (c) and compressive strength (d).
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model. Due to the differences in prediction data, the complexity 
of prediction is also different, so different optimization para
meters are selected for different concrete properties, and list 
the parameters in Table 1.

The parameter optimization of the carbonization prediction 
rate model n_estimators is shown in Fig. A.1. It converges when 

iterating about 200 times. If the number of iterations increases, 
overfitting may occur. So chose n_estimators = 210, as was the 
choice of n_estimators for the other three models (Table 1).

The search of the model parameters in the Bayesian optimi
zation process is shown in Figure 4. The black dots represent 
the sampling points for each search, while the red dots 

Figure 3. The process of the model realization.
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represent the optimal parameter values. This set of parameter 
values is selected based on the minimum RMSE. Figure 4 
showed max_depth = 6, eta = 0.18, min_child_weight = 0, sub
sample = 0.72, comsample_bytree = 0.90, gamma = 0.5, 
lambda = 1.

3.3. Predicting corrosion effect under different concrete 
properties

Use the above four models with adjusted parameters to make 
predictions respectively. Table 2 lists the size of the training set 
and test set and the prediction performance of the 

Figure 4. An interactive plot of 1D and 2D partial dependence of hyperparameter searching with scikit-optimize.

Table 2. Performance indices values of XGBoost models.

Variable Training Size Test Size Train_RMSE Test_RMSE Train_R2 Test_R2

Carbonation rate 289 72 0.327 0.226 0.994 0.993
Compressive strength 1248 312 1.382 1.357 0.994 0.994
Depth 150 37 0.116 0.101 0.998 0.999
Weight change 518 130 1.443 0.988 0.973 0.989
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corresponding model on the training and test sets. The four 
models have relatively good performance in predicting different 
properties of concrete, and the R2 values are 0.993, 0.994, 0.999, 
and 0.989, respectively. The representation model can better 
capture the contribution of the data to the prediction results, 
and also provide a reasonable basis for the subsequent SHAP 
analysis.

As shown in Figure 5, in order to better demonstrate the 
prediction performance of the model, the prediction effect of 
the model on global variables was tested. It is observed that the 
trained models show better performance in actual prediction. 
Only weight change has biased predictions for individual vari
ables, possibly due to singular values in the data.

3.4. Importance analysis of components and operating 
conditions

Figure 6 lists the top 20 global importance feature maps for the 
four models using SHAP feature importance. It is to take the 
absolute value and average the SHAP value of each data point 
of the entire data set, and sort according to the impact from 
high to low. In terms of relevant binder types, the cement 
content has a more significant impact on each attribute than 
cement/binder, and the impact on each attribute is more 

obvious. The differences in the effect of different SCM’s on 
concrete properties are also well represented. For example, 
addition of FA significantly affects carbonation and compres
sive strength, and addition of MK results in changes in concrete 
quality. Coarse aggregate, water content and Admixtures also 
play non-negligible elements in carbonation and acid 
corrosion.

As shown in Figure 7, Each data has a corresponding point on 
the feature, so the total number of points on each feature is fixed. 
The abscissa represents the SHAP value, and the size of the feature 
value is represented by color from blue to red. From the analysis 
related binder types, the carbonation rate was suppressed with 
increasing cement content. In contrast, although the |SHAP value| 
of cement/binder is large but irregular, the content of concrete is 
more informative in carbonation rate. Compared with CEM I-42.5, 
CEM I-52.5 could obviously improve the compressive strength of 
concrete, but the influence of both on the corrosion depth is 
relatively limited. Increasing the content of CEM I-42.5 accelerated 
the weight loss, but no direct relationship with the ratio was 
observed.

High FA, GGBS, and CC contents would accelerate the carbo
nization rate, so the addition of SCMs could not resist carboniza
tion well. With the increase of FA, LM and SF content, the 
compressive strength of concrete was also reduced. The effect of 

Figure 5. Predicted vs actual values of the testing sample: carbonation rate (a) corrosion depth (b), weight change (c) and compressive strength (d).
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SCM’s was more limited in terms of corrosion depth. High content 
of MK, low content of FA, SF and GGBS would alleviate the weight 
loss.

High coarse aggregate/binder accelerated the carbonization 
rate, while the increase of coarse aggregate content inhibited the 
corrosion rate, which would be analyzed in detail later. High 

content of fine aggregate and a low proportion of coarse aggre
gate would increase the compressive strength. The effects of 
water and SP are diametrically opposite in the four properties. 
The increase of binder content not only slowed down the carbo
nization rate and increases the compressive strength, but also 
deepened the corrosion depth. It could be observed that the 

Figure 6. Global interpretations of XGBoost model by SHAP feature importance: carbonation rate (a) corrosion depth (b), weight change (c) and compressive strength (d).
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Figure 7. Global interpretations of XGBoost model by SHAP summary plot: carbonation rate (a) corrosion depth (b), weight change (c) and compressive strength (d).
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Figure 8. Feature dependence plots of carbonation rate.
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high proportion of coarse aggregate slows down the weight loss 
and corrosion depth simultaneously. However, the increase of 
fine aggregate content accelerated the weight loss and had no 
significant effect on the corrosion depth.

3.5. Individual interpretation based on the partial 
dependency plots

Compared with the summary diagram, the partial dependence 
diagram uses the scatter diagram to reflect the variable’s non- 

linear |SHAP value| change trend, and the influence of each 
input variable on the evaluation parameter is shown in Figures 
8–11.

When the cement content exceeded about 200 (kg/m3), or 
the cement ratio exceeded about 0.85, the SHAP value stood 
less than 0 and inhibited the carbonation rate. CEM I-42.5 rises 
linearly around [0, 380], SHAP value breaks through 0 around 
380 and continues to rise after CEM I-42.5 > 380(kg/m3), so CEM 
I-42.5 should be > 380(kg/m3). Also, raising the proportion of 
CEM I-42.5 would boost the SHAP value and weaken the 

Figure 9. Feature dependence plots of compressive strength.
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Figure 10. Feature dependence plots of depth.
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Figure 11. Feature dependence plots of weight change.
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negative impact on the compressive strength. Compared with 
CEM I-42.5, the increase in compressive strength of CEM I-52.5 
was significant, showing a rising trend with the upsurge in 
content, and the SHAP value reached 10. Neither CEM I-42.5 
nor CEM I-52.5 had a significant effect on corrosion depth. 
Combined with CEM I-42.5 content and cement CEM I-42.5/ 
binder, added SCM’s to cement with a higher content of 
cement could slow down the weight loss, where the critical 
point was cement content 400 (kg/m3), and CEM I-42.5/binder 
was 0.6.

The influence of SCM’s on the carbonization rate is 
limited, except for FA, which fluctuates between [−0.5, 
0.5]. The exaltation of FA content accelerated the 

carbonization rate, while GGBS could inhibit the carboniza
tion rate but the effect was relatively limited. When the 
coarse aggregate content was more significant than about 
1050 (kg/m3) and the specific gravity of the binder was less 
than 3.0, the SHAP value was positive, so the binder con
tent should be controlled above 380 (kg/m3). No response 
to carbonization rate was observed for fine aggregates. 
The ount of water added had little effect on the properties 
of the concrete. When the w/b was lower than 0.6 would 
suppress the carbonization rate, and the increase of SP/ 
binder would also be suppressed. The SHAP values of the 
FA addition amount of [100, 400] (kg/m3) and FA/binder of 
[0, 1] were negative numbers, adding FA reduced the 

Figure 12. Comprehensive analysis of the influence of concrete composition on corrosion.
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compressive strength. GGBS/binder could clearly express 
the impact on compressive strength, and the SHAP value 
corresponding to the GGBS content of about 0.5 was about 
0. Therefore, the amount of GGBS/binder added to the 
binder was controlled at less than 0.5, and the specific 
content was about 200. LM had a similar trend to FA 
regarding compressive strength but had a somewhat 
more significant effect. SF was the only one in SCM’s that 
had increased the compressive strength, and it was the 
highest at around 80 (kg/m3). According to the analysis, 
the influence of SCM’s on the corrosion depth was rela
tively limited. SCM’s had a significant effect on weight loss 
compared to corrosion depth. When FA/binder was around 
0.8 and GGBS content was above 300 (kg/m3), the weight 
loss of concrete was accelerated, while MK had the oppo
site effect. However, SF could not see the impact on 
weight loss.

The increase in binder improved the compressive 
strength and inhibited the corrosion depth and quality 
loss. Coarse aggregate content and coarse aggregate/bin
der showed no regularity in compressive strength, but 
coarse aggregate/binder in the range of [0, 2] and fine 
aggregate above 1000 (kg/m3) could increase the compres
sive strength. When the coarse aggregate/binder agent 
was about 2.4, it began to have an apparent inhibitory 
effect on the corrosion depth and weight loss. The fine 
aggregate was 850 (kg/m3) in the density of concrete, 
which could help reduce weight loss, and more fine aggre
gate will accelerate weight loss. The amount of water 
added had little effect on the properties of the concrete.

Due to the nature of SP dehydration, reducing the addition 
of water or increasing the proportion of SP in the concrete 
manufacturing stage could also effectively inhibit the carbona
tion rate. When the w/b was about 0.2, the impact on the 
compressive strength of concrete was the most significant, 
and the SHAP value was as high as 30. Increasing SP/binder 
could also improve compressive strength to a certain extent. 
However, the effects of SP/binder and w/b on corrosion depth 
were relatively limited. The addition of water/binder would 
reduce weight loss, and alkaline-activator can resist acid 
corrosion.

The effect of exposure time on the loss of compressive 
strength and weight lessened as the concrete was exposed 
to sulfuric acid over time, while the impact on corrosion 
depth grew linearly with time(Wells and Melchers 2016). 
Consistent with previous studies, SHAP values for both cor
rosion depth and weight change were positive for the first 
50 days of exposure time due to surface sulfate formation 
(Ling 2013). The optimized concrete parameter ratio is 
shown in Figure 12.

4. Conclusions

(1) The developed interpretable model based on Scikit- 
Optimize-XGBoost-SHAP is the first one based on 
relevant binder types, SCM’s, aggregates, admix
tures, water to comprehensively predict and analyze 

the carbonation rate of sewage pipe materials, 
Models for compressive strength, corrosion depth, 
and weight change.

(2) This research Uses Scikit-Optimize technology to 
find the optimal parameters while preventing the 
model from overfitting and listed the parameters 
for predicting the four properties of concrete pipes.

(3) The model has good prediction accuracy (R2 >0.989) to 
ensure reliable results of SHAP analysis to analyze the 
durability of concrete components in chemical 
corrosion.

(4) Considering the corrosion resistance of drainage pipe 
materials, the ratio was optimized from five aspects: 
related binder type, SCM’s, aggregate, admixture, and 
water.
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