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Abstract 

The paper presents a framework to predict the prestressing force reduction in prestressed re-
inforced concrete (PSC) bridges via machine learning (ML) algorithms. In the field of struc-
tural health monitoring (SHM) of bridges, some difficulties arise in the assessment of specific 
bridge typologies, such as PSC box-girder bridges. In fact, the challenges posed by the inac-
cessibility of internal unbonded tendons and the complexity of measuring the effective pre-
stressing force reduction over time do not allow to design an efficient SHM system. Hence, the 
proposed approach aims to develop a nonlinear modelling strategy, validated on experimental 
tests on a scaled PSC box-girder, for generating a sample data at the base of the ML model. 
For training different ML regression models, the variability of several parameters (i.e., geo-
metrical and mechanical properties) was accounted for to ensure generalizability. Results were 
evaluated by means of statistical metrics and an eXplainability approach. The outcome of the 
proposed surrogate model consists of simulating the prestressing force reduction based on the 
knowledge of few parameters, and the use of the eXplainability approach provided the best 
strategy for designing a sensor-based SHM system.  

Keywords: Existing Bridges, Bridge Assessment, Structural monitoring, Box-Girder Bridges, 
Machine Learning, Prestressing Force. 
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1 INTRODUCTION 
Bridges are key assets along transportation networks and safety evaluations are primary con-

cern for road and railway management companies and public institutions to avoid casualties 
and economic losses. Existing bridge portfolios managed by companies are usually highly pop-
ulated, and the main challenge, as highlighted by Adam et al. [1], consists of identifying the 
assets characterized by poor structural conditions and planning future actions (e.g., demoli-
tion/reconstruction, retrofit interventions or traffic limitations) after performing structure-spe-
cific analysis [2]. The multi-level approach proposed by the Italian government in 2020 [2] was 
designed encompassing different bridges typologies across the national bridge stock such as 
prestressed reinforced concrete (PSC) ones. As highlighted by the data analysis performed by 
Fabre Consortium [3], this construction technology is widely spread over the Italian bridge 
stock (67% over a sample of 400 bridges) comprehending not only T or double-T girder beams, 
but also box-girders. 

PSC box-girder bridges were designed and built to take advantage of high torsional stiffness, 
reduced deck height, and higher span length. Nevertheless, some issues characterize the struc-
tural assessment of this bridge typology: (i) special inspections are required inside the box for 
the prestressing system [4], (ii) the prestressing force reduces over time [5]. Regarding this 
latter, several studies employing different structural health monitoring (SHM) approaches [6-
12] pointed out difficulties in the assessment of effective prestressing force value on existing 
bridges due to materials time-dependent phenomena [13, 14], environmental parameters, and 
the interaction among degradation processes. Promising SHM strategies involve the use of in-
strand fiber Bragg gratings (FBG) [10] and concrete strain sensors [11] although there are some 
limitations. In-strand FBG cannot be used for existing bridges due to their installation in the 
construction phase, while concrete strain sensors are effective in the case of linear strain distri-
bution and where a perfect bond between the prestressing strands and surrounding concrete is 
ensured [12]. In addition, the latter can be placed in each desired section and in variable number. 
Still, PSC box-girder bridges are often characterized by internal unbonded strands, and, in this 
case, it is not possible to establish a direct correlation between the strain of concrete fibers and 
strands. However, recent advancements in Machine Learning (ML) are significantly supporting 
bridge health management through the integration with SHM data. For example, Kim and Park 
[15] proposed an Artificial Neural Network (ANN) trained on experimental datasets to estimate 
the tensile stress on a 50-m real-scale PSC girder with embedded elasto-magnetic sensors. 

The inaccessibility of internal unbonded tendons and the complexity of measuring the effec-
tive prestressing force reduction over time pose challenges for the design of an efficient sensor-
based SHM system. On this basis, this paper presents an ML surrogate model to predict the 
prestressing force reduction in PSC box-girder bridges. The methodology, described in Section 
2, comprise the use of prestressing force initial value (F0) and other mechanical features evalu-
ated at the time of onsite strain-sensors installation (herein indicate as “initial state”) to predict 
the variation of the prestressing force (F1). The proposed ML surrogate model is selected among 
three different ML regression algorithms (i.e., ANN, Random Forrest Regressor, RFR and Sup-
port Vector Regression, SVR) after their training and test phases over sample data generated 
with a nonlinear FE modelling approach. Moreover, the physical description of results through 
an eXplainability approach, named Shapley Additive exPlanation (SHAP) [16] allowed inves-
tigating the proper design of a sensors-based SHM system. The effectiveness of the nonlinear 
FE modelling strategy and of the framework was validated in Section 3 through experimental 
tests on a scaled beam specimen in the ICITECH laboratories of Universitat Politècnica de 
València. ANN was identified as the best ML surrogate model for this task, and the SHAP 
approach was used to determine the key parameters influencing F1. The results provided new 
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insights that could aid in designing optimized sensor-based SHM for critical structural compo-
nents. The main conclusions of the study are presented in Section 4. 

2 ML SURROGATE MODEL FRAMEWORK 
The proposed ML surrogate model, Figure 1, is designed through a model-driven approach 

that considers physical and mathematical methods to establish an input-output relationship. The 
input variables considered to predict the output F1 (from the initial state onwards) are F0 and 
the elastic modulus of concrete (Ec) at the time of onsite strain-sensors installation, and the 
values of strain variations (Δε(i, j)) measured at different fibers of different sections of the girder, 
(superscript (j) and (i) respectively). Interested readers can find more information about the 
framework in [17]. 

Figure 1: Workflow of the proposed ML surrogate model. 

The first step of the proposed framework involves the definition of a nonlinear finite element 
(FE) model of the PSC box-girder bridge once geometry (dimensions of the sections, position 
of the steel rebars and tendons in each section), F0, material properties, and boundary conditions 
are known. The proposed FE modelling strategy, validated towards experimental results as later 
shown (Section 3), includes frame elements and a diffuse plasticity approach with fibers. Alt-
hough representing a balance between accuracy of numerical results and simplicity of the sim-
ulation, this strategy allows reducing the number of parameters used as input variables in the 
ML surrogate model and facilitating data generation for ML model training. Regarding the ty-
pology of plasticity to be implemented in the FE model, a deformation-controlled PMM plas-
ticity is selected, which allows considering the external axial load due to prestressing (P) and 
the bi-directional bending in both main section axes (MM) induced by the prestressing force 
and the external loads. On this basis, fixed an external load (e.g., four-point test of the 

Numerical model

Step 1: FE Model
Structural system

∆𝜀𝜀𝑚𝑜𝑑𝑒𝑙 𝑖 𝑗

“Initial state”
Ec, F0

Step 2: Data generation

Prestressing force

∆𝜀𝜀 𝑖 ,𝑗 = ∆𝜀𝜀𝐹1
𝑖 ,𝑗 − ∆𝜀𝜀𝐹0

𝑖 ,𝑗

F1 Sample data
Input: E c, F0, Δε(i,j)

Output: F 1

Step 3: ML Surrogate model

Statistical metrics: R 2, MSE1, RMSE, MAE, MSE 2

Step 4: Comparison of results and SHAP
Comparison: R 2, MSE, RMSE, MAE

ANN, RFR, SVR
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experimental campaign in Section 3), the strain increment under a generic prestressing force 
value, ∆𝜀𝜀𝐹𝐹𝑘𝑘

(𝑖𝑖,𝑗𝑗), can be computed.
The second step regards data generation for training and testing ML algorithms. Assuming 

a statistical distribution (e.g., uniform) for uncertain input parameters as F0 and Ec, strain incre-
ments Δε(i,j), given a fixed value of Ec, can be computed as:  

∆𝜀𝜀(𝑖𝑖,𝑗𝑗) = ∆𝜀𝜀𝐹𝐹1
(𝑖𝑖,𝑗𝑗) − ∆𝜀𝜀𝐹𝐹0

(𝑖𝑖,𝑗𝑗) (1) 

where F0 is the prestressing force at the “initial state” and F1 is its final value, representing the 
prestressing force reduction. The quantification of Ec and F0 require both destructive and non-
destructive tests, and the maximum reduction rate of F0 (i.e., F1) should be calibrated case-by-
case. 

The dataset generated in the second step is required to train ML algorithms candidate as ML 
surrogate model. In this study, the ML algorithms selected are ANN, RFR, and SVR. ANN was 
selected for its capacity to generalise problems, despite the necessity of tuning a substantial 
number of hyperparameters. RFR was chosen for its resilience against overfitting and its simple 
hyperparameter tuning. SVR, representing a compromise between the two previous algorithms, 
exhibits both robustness against overfitting and challenges in hyperparameter tuning. Each ML 
algorithm is trained and tested splitting the database in 80/20 and the predictive accuracy can 
be assessed through the definition of some statistical metrics: coefficient of determination (R2), 
Mean Squared Error (MSE1), Root Mean Squared Error (RMSE), Mean Signed Error (MSE2) 
and Mean Absolute Error (MAE). In this case, the chosen statistical metric for selecting the ML 
surrogate model is the MSE2, because in this application it is important to distinguish between 
positive and negative errors. Since a smaller value of F1 is conservative and thus reflects a 
positive value of error by the ML model, ML surrogate model characterized by positive MSE2 
in both training and test phase is preferred. On the other hand, the RMSE is the best way to 
compare the accuracy of ML models, because it is in the same unit as the output itself. 

In the end, to improve understanding of black-box models as the ML surrogate model, eX-
plainability metrics such as SHAP can provide insights into predictions. SHAP evaluates the 
influence of features based on all the features in the dataset using combinatorial calculus. The 
importance of each feature is determined by its average SHAP value and its relationship with 
the target variable. 

3 RESULTS OF THE APPLICATION TO A SCALED PSC BOX BRIDGE 
In this section the results of the application to a scaled PSC box bridges are presented and 

discussed. The framework described in Section 2 was applied following the steps summarized 
in Figure 2. 

The considered specimen was a scaled PSC box-girder bridge tested in the ICITECH labor-
atory of the Universitat Politècnica de València. The specimen (Figure 3) is a 6 m box-girder 
supported by hinged and hinged-roller supports. Geometrically, both beam ends are solid for a 
length of 0.40 m, while the end part in the middle is lightened by expanded polystyrene (i.e., 
hollow section, Figure 3). The prestressing system is characterized by three steel bars with 20 
mm of diameter (B500C), housing in three polyvinyl chloride tubes and anchored through bolts 
with steel plates interposed to the end faces of the beam after stringing operations. The final 
value of prestressing force F0 applied to the specimen was to 330 kN, which resulted in 110 kN 
of stringing force and a stress equal to 350 MPa on each bar. The specimen was equipped by: 
(i) ten linear variable displacement transducers (LVDTs) to measure the vertical displacements, 
(ii) twenty-one embedded strain gauges to monitor concrete deformations, three at both ends of 
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Figure 2 - Framework application on an experimental case. 

Figure 3 – PSC box-girder under loading protocol of Phase 1 “undamaged” (green dots represent distribution of 
LVDTs, while cyan squares the box-beam sections monitored through strain-sensors). 

Compressive strength [MPa]  Tensile strength [MPa] Elastic modulus Ec [MPa] 
34.99 2.35 39464 
31.34 3.01 36741 
32.12 2.93 32412 

Table 1: Results of mechanical tests on concrete cylinders after 45 days. 

the prestressing steel bars (i.e., six sensors) and five at bottom part of middle span, quarter span 
and hinged support sections (i.e., fifteen sensors). In addition, FBG sensors were placed for the 
entire length of the bridge, in the same vertical position of strain sensors and in the upper face 
to provide strain increments on top fibers. Mechanical properties of concrete, summarized in 
Table 1, were evaluated before the experimental campaign through cylindrical specimens at 45 
days after casting. 

Calibrated nonlinear model of the 
bridge

LVDTs 
measures

Four-point 
bending test

F1 prediction

F1 simulation

Four-point 
bending test

Ec F0 F1

Strain measures

Sample data generation

ML surrogate model

ML surrogate model 
eXplainability SHM strategy
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Figure 4 – Comparison between numerical (a) and experimental (b) vertical displacement values for 140 kN 
steps on Phase 1 “undamaged”. All the values are expressed in millimeters; therefore, all vertical deformed 

shapes are on a 1000:1 scale with respect to beam length. 

The experimental program was designed to assess the impact of prestressing loss on box 
beam deformations. The laboratory tests were divided into four different phases named pro-
gressively from Phase 1 “undamaged” to Phase 4 “high-damaged” (the other two, Phas2 and 
Phase 3, are named “low-damaged” and “moderate-damaged”, respectively). During Phase 1, 
the beam was tested in its initial state, that is with F0 equal to 330 kN. At the end of each phase, 
steel bars were removed one at a time until Phase 4 in which the specimen was no longer pre-
stressed. At each stage, the external load was applied through a Four-point bending test (Figure 
3) and the values of vertical displacements and Δε(i,j) were recorded. Different loading values
were reached: (i) 140 kN at the end of the first three phases (i.e., 1, 2, and 3), and (ii) 210 kN 
to failure in Phase 4. The loading protocol in the first three phases of the test was designed to 
ensure quasi-elastic behavior of the specimen. Furthermore, to avoid a significant effect of one 
test on the subsequent one, the damage was incremental, and specimen did not exhibit cracks. 

LVDTs measurements were used to calibrate the numerical output of the FE model of the 
specimen simulated through the SAP2000 structural software [18]. According to the modelling 
strategy introduced in Section 2, plastic hinges were placed at the same sections monitored by 
strain-gauges and those sections were divided into X direction and Y direction for a total of235 
and 207 fibers, for solid and hollow-section respectively. The results of the “trial-and-error” 
calibration (Figure 4) by changing only the Ec (final value of Ec equal to 38150 MPa) justifies 
the use of this simplified nonlinear numerical model for the next steps. Indeed, the negligible 
difference of numerical and experimental vertical displacements in Phase 1 (“undamaged”) and 
Phase 2 (“low-damaged”), is on average by 1.2% and 0.7%, respectively, for a load step of 140 
kN (Figure 4). The obtained value of Ec is in good agreement with the average of the three 
concrete cylindric specimens after 45 days, which is 36200 MPa, with a 5% difference. 

Given the calibrated nonlinear numerical FE model, 5000 numerical models were generated 
by varying Ec between 30 and 40 GPa and simulating progressive prestressing losses F1 through 
the reduction of the tendons area for many values of F0. For each numerical model, input (F0, 
Ec, Δε(i,j)) and output (F1) parameters of the ML algorithms were stored and later the dataset 
was split into training and test data. The values of statistical metrics described in Section 2, 
obtained after hyperparameter tuning of ML algorithms, are reported in Table 2 for both training 
and test set. The optimal values obtained from each ML model justify the choice about the 
candidates as ML surrogate model. Nevertheless, ANN is the only ML surrogate model to meet 
the requirements about MSE2 (0.00061/0.00064) outperforming SVR and RFR when consider-
ing RMSE (ANN: 0.0019/0.0021, RFR: 0.0938/0.03301, SVR: 0.0255/0.0257). 
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Set Metric ANN RFR SVR 
Training R2 0.9999 0.9999 0.9945 

MAE 0.0016 0.0058 0.0216 
MSE1 4.12E-06 0.0088 6.5E-04 
RMSE 0.0019 0.0938 0.0255 
MSE2 6.13E-04 1.53E-03 -1.42E-03 

Test R2 0.9999 0.9999 0.9845 
MAE 0.0017 0.0229 0.0213 
MSE1 4.57E-06 0.1090 6.5E-04 
RMSE 0.0021 0.3301 0.0257 
MSE2 6.44E-04 -4.58E-03 -1.00E-03 

Table 1: Results of mechanical tests on concrete cylinders after 45 days. 

ML Surrogate model F1 calculated [kN] F1 experimental [kN] Difference [%] 
ANN 219.43 220 0.3% 
RFR 219.13 220 0.4% 
SVR 209.78 220 4.6% 

Table 2: ML surrogate models F1 calculated values on Phase 2 “low-damaged” measurements. 

After defining the three ML models, their predictive capacity (Table 2) was assessed against 
the experimental tests that occurred in Phase 2, “low-damaged”, which was characterized by 
the removal of one bar over three, with a F0 equal to 330 kN and a F1 equal to 220 kN. Once 
again, the ML surrogate model made by ANN confirmed the best accuracy, having a percentage 
difference in terms of F1 of 0.3%. 

Finally, the SHAP eXplainability approach was applied to the proposed ML surrogate model 
to assess the influence of each considered input (i.e., F0, Ec, Δε(i,j)) parameter on the simulated 
prestressing loss, F1. Figure 5 reports the summary plot and some of the dependence plots. The 
summary plot ranks input features in ordinate on the base of their influence on the results, and 
reports in abscissa the value of the impact of each feature on the predictive capacity of the 
model. The yellow colour of the dots indicates an increasing output value for the observed input 
value of the feature, while the violet colour denotes the decreasing of the output value. As ex-
pected, the most influential input feature is F0. The second and the third influent parameters are 
the strain measures at the bottom fiber of the L/2 section, Δε(L/2, bottom), and bottom fiber of L/4 
section, Δε(L/4, bottom). The colour of dots changes from yellow to violet when F0 increases, from 
which it can be deduced that F1 increases as F0 increases. On the contrary, an increment in Δε(L/2,

bottom) and Δε(L/4, bottom) corresponds to an F1 decrease. Further conclusions can be drawn by look-
ing at the dependence plots of the variables, where a positive trend in the graphs (e.g., F0) 
implies that as the input value increases, the output value, F1, increases and vice versa. Moreo-
ver, in the dependence plots, the input variable that may have an interaction effect with the 
plotted feature is represented in the colormap. For F0 values above 0.5, a reduction in Δε(L/4, 

bottom) increases the SHAP value of F0, while for F0 values below 0.5, an increase in Δε(L/4, bottom) 
value decreases the SHAP value of F0. Conversely, for input feature values Δε(L/2, bottom) and 
Δε(L/4, bottom) above 0.5, a decrement in Ec reduces the SHAP value of the input feature. For the 
same features, while their values are below 0.5, an increment in Ec increases the SHAP value. 
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Figure 5 – SHAP summary plot and dependence plot for F1 output feature. 

 
The mathematical relationship proposed by the ANN is easy to capture, as higher values of Ec 
correspond to smaller strain increments, and therefore a lower prestressing force reduction. 

 

4 CONCLUSIONS 
The paper presented a framework to predict the prestressing force reduction in prestressed 

rein-forced concrete (PSC) bridges via Machine Learning (ML)-based surrogate model. The 
goal was to monitor the effective prestressing force reduction over time, and the design of an 
effective structural health monitoring (SHM) system. To these scopes, the proposed framework 
is based on the results obtained by experimental tests on a scaled PSC box-girder bridge, made 
in the ICITECH laboratory of the Universitat Politècnica de València. The instrumented scaled 
box-girder specimen was tested under a Four-point bending test on different phases, from un-
damaged (i.e., Phase 1) to progressively damaged (i.e., Phases 2, 3, 4) and from the experi-
mental recorded values, a simple but effective nonlinear Finite Element (FE) model was 
developed and validated. The defined modelling approach, accounting for the variability for 
geometrical and mechanical properties (i.e., the elastic modulus of concrete (Ec) and prestress-
ing force at the “initial state”, F0), was used to populate a sample dataset by defining 5000 FE 
models. These data were used to train and test three ML algorithms (Artificial Neural Network, 
ANN, Random Forrest Regressor, and Support Vector Regression) to establish a relation be-
tween the prestressing losses (i.e., F1) and the input variables (i.e., Ec, F0, and the strain varia-
tion in different sections, Δε(i, j)). Using appropriate evaluation metrics, the prediction provided 
by ANN was the most accurate, revealing the best algorithm to define the ML surrogate model. 
In addition, the ML surrogate model was investigated through an eXplainability approach 
achieving the following results: (i) a proper definition of F0 is required in the “initial state”, (ii) 
the value of Ec presents a low impact on the overall results, even though its role is fundamental 
in the definition of Δε(i, j, and (iii) an effective sensors-based SHM system for this typology of 
bridge and for this specific application, can be achieved by placing strain gauges at the bottom 
fibers of L/2 and L/4 sections (L is the length of the beam). 

Dependence Plot
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