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ABSTRACT

This study investigated the effect of environmental parameters on microbial-induced concrete corrosion
during three corrosion stages. The corrosion effects and influencing factors in three corrosion stages were
deeply analyzed and predicted, and the mechanism of microbial corrosion was summarized. When the H,
S concentration was lower than about 15.0 mg/m?, the corrosion was maintained in stage Il, which greatly
delays the intensification of corrosion. In stage lll, the H,S concentration has the significantly accelerate
the corrosion rate. Additionally, incorporating min, max and mean values of input parameters greatly
improved the accuracy of machine learning predictions of corrosion rates (R% >0.99). Acidithiobacillus was
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found to be dominant in the microbial community at H,S concentrations of 12.0-37.5 mg/m?, and
increased temperature promoted the reproduction of Acidithiobacillus.

1. Introduction

Concrete degradation due to microbially induced concrete
corrosion (MICC) has been a basic problem inside the interna-
tional’s underground infrastructure for the final century (Jiang
et al. 2015; Grengg et al. 2017). For example, the annual cost of
basic measures to repair wastewater is enormous. In the United
States, the United Kingdom, Germany and Australia, the total
length of sewer installations continues to expand as popula-
tions increase and cities expand (Abuhishmeh and Jalali 2023).
In recent studies, radar monitoring of corrosion depth has also
been widely used in drainage pipes but this is undoubtedly
expensive (Ebrahimi and Jalali 2022a, 2022b). Crucial repairs to
sewer infrastructure are pricey each year, and protection costs
boom as sewers age (Grengg et al. 2018; Jiang et al. 2015;
O’connell, Mcnally, and Richardson 2010).

MICC in the sewer is mainly concentrated in the ceiling of
the sewer (crown area) and the wall position above the sewage
(tidal area) (Cayford et al. 2012; Li 2020; Song et al. 2019).
Gaseous hydrogen sulfide, carbon dioxide, methane, and
other volatile organic compounds (VOCs) are degassed into
the sewer pipe. Concrete corrosion caused by microorganisms
is usually affected by environmental factors, mainly gas-phase
H,S concentration, temperature (temp.), and relative humidity
(RH) (Joseph et al. 2012; Okabe et al. 2007; Sun et al. 2014;
Vollertsen et al. 2008). Concrete corrosion is a complex process
attacked by chemically and biologically generated organic and
inorganic acids (Wang et al. 2022). Although concrete sewer
corrosion is mostly a microbial process, it can become
a chemical process at very high H,S concentrations (Li et al.
2019).

The degradation of concrete caused by MICC can be sum-
marized into three stages according to the surface pH. In stage
|, the surface pH is about 9-12, gaseous hydrogen sulfide,
carbon dioxide, methane, and other volatile organic com-
pounds VOCs diffuse and accumulates on the surface of the
pipe wall to reduce the surface pH (Yuan et al. 2015). Because
the initial concrete surface pH is too high, it is not conducive to
the survival of sulfur-oxidizing bacteria (Allahverdi and Skvara
2000; Gutberlet, Hilbig, and Beddoe 2015; Ismail et al. 1993;
Joseph et al. 2012).In stage I, when the pH of the concrete
surface pH dropped to around 9, neutral sulfur oxidizing micro-
organism colonies first formed on the concrete surface
(Bielefeldt et al. 2010). In stage Ill, when the surface pH was
around 4, acidophilic sulfur-oxidizing microorganisms gradu-
ally replaced neutral sulfur oxidizing microorganism with
increasing acidity and continued to oxidize sulfide to sulfuric
acid. Analysis of surface microbial ecological structure benefits
understanding and mitigating sewer corrosion (Li et al. 2017).
Acidiphiliums, Acidithiobacillus, Mycobacterium have been
shown to appear in MICC in previous articles. Acidithiobacillus,
Mpycobacterium has been found on severely corroded concrete
surfaces under low pH conditions and is present in the final
stages of corrosion.

Although there are many previous studies on MICC, there
needs to be more comprehensive field and laboratory data to
analyze the MICC process. In order to better simulate field data,
the microbial corrosion acceleration chamber would also fluc-
tuate environmental variables (Sun et al. 2015, 2019). Moreover,
the prediction accuracy of field data needs to be improved.
Corrosion rate, surface pH, and microbial community under
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different environmental factors are extracted from the
literature for comprehensive analysis and prediction. Low sur-
face pH is due to corrosion, usually calcium silicate hydrate
(C-S-H), reacting to form sulfates such as gypsum. The reaction
between gypsum and alumina produces ettringite, which will
lead to the instability of the internal structure of the concrete
and the formation of cracks, which will lead to a decrease in the
strength of the concrete. Microorganisms colonize the concrete
surface to continuously produce acid to cause acid penetration,
which reduces the surface pH and further causes more serious
corrosion, and then judges the corrosion situation. In recent
years, machine learning regression algorithms have been
widely used in environmental prediction and have shown
good prediction performance (Ebrahimi, Hojat Jalali, and
Sabatino 2023; Jiang et al. 2023; Wang et al. 2022). The machine
learning algorithm has an excellent ability to predict nonlinear
and complex regression (Abuhishmeh 2019). It has been
proved to have a good prediction effect in predicting the
corrosion initiation time and rate (Jiang et al. 2016; Li et al.
2019; Liu et al. 2017; Wang et al. 2022). Previous studies con-
sidered temperature, RH, H,S concentration, and concrete loca-
tion in sewers as critical environmental parameters, and a large
number of laboratory and field datasets were generated in
subsequent studies (Jiang, Keller, and Bond 2014; Satoh et al.
2009). However, because the previous forecasts with large
fluctuations in field data could have been better (Deng et al.
2021; Jiang et al. 2016; Liu et al. 2017; Zounemat-Kermani et al.
2020), this paper added the maximum, minimum and average
values of the fluctuation data to make predictions. Surface pH
can easily obtain data and can well reflect the corrosion stage
(Joseph et al. 2012; Satoh et al. 2009), so corrosion stage is
added to verify whether the prediction accuracy of machine
learning can be improved (Wang et al. 2023).

To sum up, this research mainly collects data to explore (1)
the influence of environmental factors on the corrosion of
sewer concrete under different stages, (2) adding the max-
imum, minimum and average values to improve the surface
pH and corrosion rate of different machine learning models
in terms of predictive performance, (3) the mechanism of
microbial corrosion, the influence of stage Ill environmental
factors and surface pH on the succession of microbial
communities.

2. Materials and methods
2.1. Datasets collection

The surface pH database was established as shown in Table A.1,
833 surface pH data points (Jiang et al. 2015; Jiang, Keller, and
Bond 2014; Lu 2019; Wells and Melchers 2014) were collected in
three stages of MICC using ORIGIN software (2019b). Due to the
fluctuation of field data and microbial corrosion acceleration
chamber conditions, in order to better predict the surface pH,
the maximum, minimum and average values of H,
S concentration temperature and RH, as well as time, specific

location and initial pH value were collected as the main inde-
pendent variables. Due to the fluctuation of environmental
variables in the field data and laboratory simulation, the fluc-
tuations measured during the experiment are the maximum
and minimum values selected in this study, and the average
values given in previous studies.

Also, the concrete corrosion rate was collected to assess the
degree of damage to concrete by MICC. The prediction of sur-
face pH can help to judge the stage of corrosion and thus help
predict the corrosion rate. Combined with relevant laboratory
and field data, 617 samples related to sewer concrete corrosion
rate data points were extracted and shown in Tables A.2 (Jiang
et al. 2015; Jiang, Keller, and Bond 2014; Lu 2019; Wells and
Melchers 2014). The RH and temperature of the field data were
also relatively stable, while the H,S concentration fluctuated
greatly. The input variables were the same as those for predict-
ing surface pH except that the two corrosion stages were added.

Different surface pH in stage Ill and the above-mentioned
environmental variables were collected to explore the micro-
bial community succession caused by the interaction between
concrete and microbial communities (Jiang et al. 2016; Li et al.
2020, 2021, 2022). Attempt to correlate the influence of envir-
onmental factors on corrosion rate with community succession.

2.2. Machine learning model

BPNN updates the entire network by backpropagating the error
of the output layer to the weights of the input layer. Both RBFNN
and BPNN are feed-forward neural networks with similar struc-
ture, consisting of input layer, hidden layer and output layer. Since
RBFNN is a local approximation model and BPNN is a global
approximation model, the training speed is faster than BPNN,
and there is no local minimum problem. BPNN-based ELMNN
also a classic feedback neural network based on BPNN. Since
the ELMNN neural network adds an inheritance layer to store
and utilize the output information of the past time, ELMNN is
a dynamic feedback network. The Gaussian process regression
(GPR) model is a probabilistic model widely used for predictability.
The GPR model includes noise (regression residual) and Gaussian
process prior, and the solution method adopts Bayesian inference.

Based on the above information, this study established back
propagation neural network (BPNN), radial basis function
neural network (RBFNN), Gaussian process regression (GPR),
and Elman neural network (ELMNN) to predict the surface pH
of concrete and corrosion rate. Input variables include max-
imum, minimum and average values of H,S concentration,
temperature and RH, as well as time, specific location and initial
pH value, stage. In order to prevent the model from overfitting,
the data is randomly allocated and the test set and training set
are divided according to the ratio of 7:3. And ensure that the
size of the data set is within the applicable range of the model,
and at the same time add regularization to the model to avoid
the occurrence of model overfitting as much as possible. In
order to make the model have better prediction accuracy, this
study first consulted a large number of literatures to determine



the adjustment range of parameters, and then verified through
multiple experiments that keeping its parameters can deter-
mine that the model has good prediction ability.

2.3. Model validation

In order to comprehensively evaluate the predictive ability of
the model, different indicators are used in this study to
evaluate the predictive performance of the model. Theil
inequality coefficient (TIC), modified index of agreement
(MIA), and Root Mean Square Error (RMSE), R2, mean absolute
error (MAE) were used to evaluate the difference between
experimental data and simulated data. Models with the most
accurate predictions and superior performance for the pre-
dicted values from the collected data typically have TIC
values below 0.3, MIA values between [0,1] (Yousuf, Al-
Bahadly, and Avci 2021), and have the smallest MSE, RMSE,
MAE values, and R? value closest to one.
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2.4. Correlation analysis

The role of analysis cannot be ignored, and the specific vari-
ables collected are not independent of each other. To decipher
the correlation coefficients between environmental variables
and their potential impact on pipeline corrosion. The yellow
solid line indicates that the correlation coefficient between the
input variables is positive, the gray dotted line is the opposite,
and the thickness of the line represents the strength of the
correlation.

3. Results and discussion
3.1. Statistical analysis of concrete corrosion

The average value of environmental factors that demonstrate
the effect on surface pH is shown in Fig. A.1. Even a new
concrete pipeline with a high concentration of H,S, i.e. an
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average concentration between 75 to 750 mg/m?, would
reduce the surface pH of the pipeline to around 4 within
a year and reach the MICC of stage Ill. The average H,
S concentration <10 mg/m3 was only in stage Il of corrosion,
even within 4 years. When the concentration of H,S was lower,
the drop of surface pH was greatly delayed.

Figure 1 shows the influence of different concentrations of H,
S on corrosion rates under different stages. The average rate of
stage Il was about 2 mm/yr, and the highest corrosion rate was
about 6 mm/yr. Compared with stage I, the corrosion rate of
stage lll is significantly higher, with an average corrosion rate of
3 mm/yr and a maximum corrosion rate of 7.5 mm/yr (Figure 1a).
When the concentration of H,S was 15 mg/m?, except for the
average concentration of 750 mg/m?, the corrosion rates of
stage Il were higher than other concentrations. The concentra-
tion of H,S was 15 mg/m>, which may be a critical point. The
corrosion rate was maintained at 0-2 mm/yr when the concen-
tration was lower than the critical point. Even if it entered stage
Ill, it maintained a similar corrosion rate. Combined with the
surface pH, it could be seen that the H,S concentration values
were less than or equal to 15 mg/m? when exposed for 40
months, the surface pH value was stable above 4, while the
concentration greater than 15mg/m® caused the surface pH
value to drop rapidly and enter stage Ill. When the concentration
of H,S exceeded the critical point, the corrosion rate of stage Il
would not increase significantly, and the average values would
be below 3 mm/yr, but the corrosion rate of stage Ill would be
greatly accelerated.

The temp.uin Was from 17°C-30°C, and the corrosion rates of
stage Ill were about 0.5-1 mm/yr higher than stage I
(Figure 2a). Furthermore, it was found that in addition to the
temp.uin Of 20°C in stage Ill of corrosion, an increase of temp.yin
during the test period increased the corrosion rate. The results
of the study indicated that the increase in temperature
enhanced the corrosion process (Joseph et al. 2012;
Madraszewski et al. 2022). The temp.uax could intuitively reflect
that it positively correlates with the corrosion rate. When it
reached 37°C, the average corrosion rate was 4 mm/yr.
However, the influence of RH on the corrosion rate in
the second and third stages of corrosion could not be instantly
observed. However, it could be observed that when the RH is
95%, the corrosion rate of stage lll was much higher than that
of stage Il, but this phenomenon was not watched in other RH
values. Corrosion rates in stage Il were 1 mm/yr higher than
stage Il in the crown and tidal regions (Fig. A2).

3.2. Prediction of sewer concrete corrosion

3.2.1. Predictive analysis of surface pH

A previous study demonstrated the superiority of artificial
neural networks for concrete corrosion and demonstrated
that training could significantly improve prediction perfor-
mance (Jiang et al. 2016; Li et al. 2019; Zounemat-Kermani
et al. 2020). Therefore, BPNN, RBFNN, ELMNN, and GPR
models for predicting surface pH and corrosion rate are
established in MATLAB. To more accurately evaluate the
performance of the four models (BPNN, ELMNN, RBFNN,
GPR) in predicting sewer concrete, the parameters pre-
dicted by different models in the validation set were



1222 (&) W.WANG ET AL.

a) [ IStagell b) [ IStagell
48 [stagelll] 8 6L [ stage I1T 8
— ™ ® "
osf sl B
e - .
= - 1
g8, Rl «
g —
23t . Sl )
) = 4
= o i 3
=21 =20
o) o 0 =
S .
S1t {2 81+ 12
St - E
S S |
Qoo . Dol
s do * Jdo
= -1+
0 75 150 225 375 450 750 1610 3110 660.0
3
) H3S,,;, (mg/m°)
-8 [ IStagell| |g
°r C) p d) [stagelIl
age L
’: ~ ® _ o ® M . 17
o) . £
. T *
g 16Z P
g g «
~ 4 . g_‘ [ . 1s
3 W@
£, 14s3t 44
= i " L = "
= :
.;: 2 e 2bx H 43
el z
= i = 12
= g -
o | E] % nE]
o O, L® 11
& * 1o " 1o
0L
3t
" " - 1
373 15'11 gz.s (37'5 ’ 3;'0 SISE 650 7500 65 75 150 215 375 750 975 4350 9450 12420
2S 41 (mg/m e
Ave HS,,,, (mg/m®)

Figure 1. Boxplots of concentrations of H,S for stage Il and stage Il versus corrosion rates.

investigated. Table 1 shows the performance of different
artificial intelligence models to predict corrosion surface
pH and corrosion rate.

To visualize the predictive performance of the model in
terms of sewer concrete corrosion, Figure 3(a-d) show the
experimental and predicted surface pH. It may be due to
too much surface pH data, and it was observed that the
extreme learning neural network ELMNN had the disad-
vantages of slow training speed and easy to fall into
local minimum points, and it was difficult to achieve the
global optimum after training. Compared with ELMNN,
BPNN was more sensitive to the prediction of high corro-
sion rates. Compared with the prediction results of ANN
and ELMNN, GPR and RBFNN had better performance in
global prediction. For relatively low corrosion rates, the
prediction accuracy of GPR was significantly higher than
that of the other three models.

According to Table 1, although BPNN and ELMNN had
similar R? on the test set, the prediction accuracy of ELMNN
was higher than that of BPNN in terms of training set and
global prediction. It was observed from the test set R? that
GPR model had the highest prediction accuracy among the

four models, but at the same time, the GPR model was also
the model with the worst generalization. Therefore, the
model required a large amount of data to be domesticated
so that it had good prediction ability. From the prediction
parameters of each test set, RBFNN had the highest accuracy
rate. This paper recommended using the RBFNN model to
predict the surface pH value, so as to judge the current
corrosion state of the pipeline.

3.2.2. Predictive analysis of corrosion rate

Figure 4 shows a visualization of the predictive performance of
the four models on the corrosion rate of sewer concrete. The
four models have good performance in predicting the corro-
sion rate, and it takes work to judge the model’s performance
through visualization directly. Moreover, In addition, when the
corrosion rate is low, the predicted values of the BPNN and
RBFNN models appear negative compared with the GPR and
ELMNN models.

Unlike the performance of the models predicting the pH of
the corrosion surface, all four models showed good predictive
performance on the training set. This showed that the selected
environmental parameters as characteristic variables could
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Figure 2. Boxplots of temperature, RH for stage Il and stage Il versus corrosion rates.

Table 1. Machine learning indicators for predicting concrete.

Model R%_train R?_test RMSE MSE MAE TIC MIA
Surface pH BPNN 0.914 0.893 1.12 1.26 0.82 0.07 0.87
RBFNN 0.912 0.938 0.86 0.74 0.65 0.06 0.90

ELMNN 0.890 0.912 0.98 0.96 0.73 0.07 0.828
GPR 0.994 0.832 1.38 1.906 1.09 0.10 0.81
Corrosion rate BPNN 0.998 0.995 0.32 0.01 0.09 0.01 0.98
RBFNN 0.999 0.927 0.08 0.70 0.53 0.10 0.90

ELMNN 0.977 0.968 0.46 0.21 035 0.05 0.94

GPR 0.998 0.823 1.39 177 1.08 0.17 0.79
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Figure 3. Comparison of the predicted and experimental surface pH by BPNN (a), RBFNN (b), ELMNN (c) and GPR model (d) in the corrosion initiation time data set with

the experimental data.

better predict and analyze the process of MICC. Among them,
the RBFNN model had the best prediction performance in the
test set, R?=0.999, but the generalization performance was
slightly lacking. From the perspective of generalization perfor-
mance, BPNN had the best performance, R2=0.995, RMSE =
0.32, MSE=0.01, MAE =0.09.TIC=0.01, MIA=0.98. To prevent
the model from overfitting, this study added regularization.
Similar to predicting surface pH, GPR model had good predic-
tive performance on the training set, but its predictive ability on
the test set was relatively limited, so a large number of training
sets could help improve the predictive performance of the GPR
model. Therefore, this article recommended using the above
characteristic variables as environmental parameters for analy-
sis, and using the BPNN model for prediction.

3.3. Correlation analysis of corrosion parameters

The correlation analysis of stage Il and stage Il of sewer
concrete surface pH and corrosion rate is shown in
Figure 5. Explored the mechanism of pipeline deterioration

from spearman correlation analysis. The Spearman correlation
analysis was used to explore the mechanism analysis of
environmental factors on MICC. Temp.yax Was significantly
negatively correlated with pH at stage I, followed by the
concrete location and RHy;, and H,Smin concentration. On
the contrary, the initial pH positively correlated with the pH,
thus delaying the drop in pH. At stage I, the location had
the strongest positive correlation with the corrosion rate
(Mori et al. 1991, 1992), followed by H,S concentration and
RH (Li et al. 2017). Compared with the drop in surface pH,
the influence of temperature on the corrosion rate was rela-
tively limited, but it caused the surface pH to drop rapidly,
thus reaching stage Il of accelerated corrosion rate.
Therefore, the important contributors to stage Il of concrete
deterioration were the initial pH, temperature, concrete loca-
tion, and H,S concentration. At stage lll, the environmental
variable that had the most lavish impact on the surface pH
and corrosion rate was the H,S concentration, and the dete-
rioration rate of the pipeline will gradually slow down as
time goes on (Wells and Melchers 0000, 2016).
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Figure 4. Comparison of the predicted values of the BPNN (a), RBFNN (b), ELMNN (c) and GPR model (d) in the corrosion rate data set with the experimental data.

3.4. Correlation between factors and microbial
community

In this study, representative data of different microbial commu-
nities on the surface of the corrosion layer in the laboratory and
the field were collected from 4 articles, and the effects of three
environmental factors (H,S concentration, RH, temperature) on
the relative abundance of the microbial community were ana-
lyzed using the RDA method, as shown in Figure 6. Microbial
data from stage lll were collected due to scarcity of microbial
colonization data from stage Il. The most common genera such
as Acidophilus, Acidithiobacillus, Mycobacterium on corroded
concrete surfaces were collected.

The temp.min ranges from 13 to 24, and the RHy;i, ranges from
82% to 100%. Acidphilim, Leptospirillum, Acidithiobacillus,
Mycobacteria, Microbacterium, Ferroplasma, and Acidithiobacillus
were all microbial genera that were greatly affected by temp.yin
and RHyin. The temp.yin and RHy;i, increase were conducive to
the proliferation of Acidphilim, Leptospirillum, Acidithiobacillus,
and  Mycobacteria while inhibiting the growth of
Microbacterium, Ferroplasma. Acidithiobacillus was found at
a RHyin of 82% to 100% and temp.uyin of 13°C to 24°C.

According to the analysis, RHyin and temp.uin increase provided
an environment for the growth of Acidithiobacillus. When the
RHwin rose from 96% to 100%, and temp.uin rose from 21 to 24,
the relative abundance of Acidithiobacillus increased significantly
from 25.3 to 99.31. Leptospirillum was only found when the RHyin
was 100 and the temp.yin, was 24°C. Ferroplasma appeared at
a RHmin of 96%-96.4% and temp.vin of 21°C. Microbacterium
accounted for the highest relative abundance when the
temp.yin Was 13 and RHy;i, was 82%, reaching 35.3%.

The concentration of H,S ranged from 0 to 1951 mg/m>. It
was observed that H,S fluctuations had a limited effect on
stage Illl of microbial colonization. The enlargement of H,
S concentration was beneficial to reproducing
Microbacterium, and Acidithiobacillus, while inhibiting
Sulfobacillus, Mycobacteria, and Acidphilim. Microbacterium
was found in the average concentration of 12-1239 mg/m?,
accounting for 21%-35% of the relative abundance, and it
was observed that the H,S concentration had a limited effect
on the colonization of Microbacterium. Acidithiobacillus was
found to be dominant in the microbial community at H,
S concentrations of 12-37.5mg/m?> and sparse at low and
high concentrations.
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Fluctuations in temperature and RH affected microbial colo-
nization compared to temp.yin and RHu;in. The increase of the
temp.may inhibited the growth of Ralstonia, Ferroplasma, but
promoted the reproduction of Acidphilim, Leptospirillum,
Acidithiobacillus, Alicyclobacillus. The RHyayx increase provided
conditions for Alicyclobacillus to thrive, while Ralstonia did the
opposite. When the temp.max and RHyax were 21°C and 100%,
respectively, the proportion of Ralstonia reached up to 49.1%.

Acidphilim, Leptospirillum, Acidithiobacillus, Ferroplasma
were microbial genera mainly affected by surface pH.
Acidithiobacillus has been widely found at surface pH 1.6-4.
Previous studies also found that when the surface pH < 1, the
proportion of Acidithiobacillus lowered continuously when the
surface pH declined (Pagaling, Yang, and Yan 2014; Song et al.
2019). Acidphilim was found in the surface pH range of 3-4, and
was found in 3-10 in previous studies (Wu et al. 2020).
Ferroplasma, relative abundance on the concrete surface,
increased significantly when pH <2 and dominated when the
surface pH < 1.35. Leptospirillum was widely found on pipe
surfaces when the surface pH is > 1.6.

3.5. Mechanism of concrete corrosion

The presence of H,S, oxygen and water in the sewer air pro-
vides nutrients for microbial corrosion, resulting in microbial

corrosion of concrete on the tidal and crown of the sewer pipes,
as shown in Figure 7. The average H,S concentration <15 mg/
m?, which is only in stage Il of corrosion, even within 4 years.
When the concentration of H,S exceeded the critical point, the
corrosion rate of stage

Il would not increase significantly, and the average values
would be below 3 mm/yr, but the corrosion rate of stage lll
would be greatly accelerated. Furthermore, H,S concentration
>75 mg/m? will reach stage Ill of corrosion within one year. In
stage lll, the environmental variable that has the most lavish
impact on the surface pH and corrosion rate is the H,
S concentration, and the deterioration rate of the pipeline
would gradually slow down as time goes on.

The effected of environmental variables and surface pH on
microbial community succession were analyzed. When the
RHwin rose from 96% to 100%, and the temperature increased
from 21°C to 24°C, the relative abundance of acid
Acidithiobacillus grew significantly from 25.3 to 99.31. Also,
when the surface pH < 1, the proportion of Acidithiobacillus
lowered continuously when the surface pH declined. The envir-
onment and surface pH have similar effects on Microbacterium,
and Thiobacillus, all of which adapt to high concentrations of H,
S and grow as the surface pH drops. And observed that the
colonization growth conditions of Acidphilim, Leptospirillum,
Acidithiobacillus are similar.
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4. Conclusions

This study used data, machine learning, and microbial analysis
to decipher the impact of environmental factors and surface pH
on corrosion rates in stages Il and lll. The corrosion rate of stage
Il depended on the concrete’s location, and the concrete’s
corrosion rate in the tidal region is much higher than that in
the crown region. In stage ll, the concentration of H,S has
a greater effect on the aggravation of corrosion. The corrosion
rate of stage |l depended on the concrete’s location, and the
concrete’s corrosion rate in the tidal region was much higher
than that in the crown region. At stage ll, the concentration of
H,S had a greater effect on the aggravation of corrosion. Due to
the scarcity of microbial data on colonization at stage |l, this
paper collected the microbial data of concrete in stage lll for
analysis. Although previous models can predict laboratory data
well, they are only sometimes accurate enough for field corro-
sion prediction. The input variables are minimum, maximum
and average H,S concentration, RH, temperature, initial pH,
MICC stage and specific location to better predict and analyze
corrosion rate (R? >0.999).

Although concrete composition plays an important role in
the resistance to MICC, the relevant description is limited due
to most of the experimental concrete samples tested. More
concrete components use chemical methods to evaluate the
corrosion resistance in the study of MICC resistance, so the
next step of research should focus on exploring the impact of
concrete-related parameters on MICC. And with the develop-
ment of research in recent years, the detection of pipe sur-
face temperature and relative humidity may be more helpful
for the analysis of pipe wall corrosion (Thiyagarajan et al.
2018, 2020). The underground subsurface pH condition is
a crucial evaluation index for monitoring sewer corrosion,
so the detection of underground subsurface pH is equally
important.
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