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ABSTRACT

Torrent Control Structures are crucial countermeasures to mitigate potential losses from floods, debris floods, and debris flows. The du-
rability of these structures depends on various factors, such as design, construction materials, and ongoing maintenance as well as the
magnitude of the physical pressures to which they are subjected. Unfortunately, over the past 50 years, a decline in investments allocated
to maintenance, coupled with the natural degradation of these structures, strongly reduced their protective capacity. Thus, in this context,
monitoring through routine inspections, assessing the functional status, and planning maintenance interventions are essential actions. We
propose a procedure consisting of: (i) conducting the standardized first-level inspections for evaluating the performance of structure func-
tionality, (i) applying the Markov Chain Model using the previously collected data for forecasting their service-life, and (iii) simulating the
effects of different maintenance strategies. This study contributes to reinforce the importance of the standardized first level inspections and
demonstrates how we can concretely use the monitoring results to train statistical approaches as the Markov Chain Model. Moreover, the
predictions of the developed model could be useful for planning and programming future maintenance activities (and investments) on the

existing Torrent Control Structures, and for estimating the cost of maintenance for new structures over the time.

INTRODUCTION

The Torrent Control Structures (TCSs) play a key role in the sustainable management of landscape, serving the dual purpose of preservation
and, whenever possible, enhancement of the mountainous environment. These countermeasures are generally designed to control and
regulate sediment production and transport (e.g., Piton et al. 2017). However, their functionality is not “without risk” as they are susceptible
to external processes and events (Marchi et al., 2019). In this context, assessing the deterioration of the functionality (i.e., the residual func-
tionality) and the service-life of these structures is crucial for planning maintenance over the time. The scientific literature proposed several
models (deterministic, stochastic, and artificial intelligence) for predicting the future functionality of a structure. Among these approaches,
Markov Chain Models (MCMs) stand out as a stochastic technique, widely employed in the field of infrastructures (e.g., highways, bridges,
sewer pipes, and water pipes). MCMs leverage the concept of probabilistic cumulative deterioration, predicting changes of condition state
over multiple transition periods (Bogdanoff, 1978). The primary objectives of this study are: (i) to implement a MCM using the assessment of
the residual functionality obtained from the first-level inspections, and (ii) to incorporate different maintenance strategies including routine

maintenance, repair, and reconstruction.

METHODS

Residual functionality index. The residual functionality index (RFD is a qualitative indicator for evaluating the remaining performance of
the structure function (Dell’Agnese et al., 2013). RFI ranges from 1 (unaltered functionality) to 4 (no residual functionality). This assessment
takes place during the first-level inspections of the TCSs, identifying the primary function for which each structure was constructed (stabili-
zation, consolidation, sediment retention, etc.), detecting the ongoing natural processes (sediment deposition, large wood storage, erosion,
and uncontrolled colonization of riparian vegetation), and then analysing the functional performance. Figure 1 shows four TCSs belonging

to the four classes of RFI.
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Figure 1. Torrent Control Structures in different functionality condition: [a] optimal functionality (RFI=1); [b] moderate residual functionality caused by uncontrolled vegetation on the structure

(RFI=2); [c] sufficient residual functionality caused by erosion on the spillway (RFI=3); [d] no residual functionality caused by the body failure (RFI=4).

Markov Chain Model. MCM simulates a stochastic process, i.e., the deterioration of functionality, described by discrete states into discrete
time steps. The discrete states are a succession of random variables X_0,X_1,..,X n,... where each X_n assumes values in a finite set RFI=
{1,2,3,4} called the space of states, whereas the index n represents the discrete time step. In this study, the time step is 10 years that is a
compromise between the completeness of database and the need for multi-year maintenance programming. The Markov property states
that the conditional probability distribution for the system at the next step depends only on the current state of the system, and not also on
the state of the system at previous steps. Thus, if the initial condition vector (X_0) describes the distribution of the structures in the {1,2,3,4}
states of residual functionality at time step O (i.e., present), the future condition vector (X_n) describing the distribution of structures after n

transition periods can be obtained as follows:
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[Equation 1]

Where P is the transition matrix, and p_ij represents the transition probability that the condition of a structure will change from state i to
state j during a time step called the transition period (note that p,=0 and ij_iizl for any i,j€{1,2,3,4}). The transition probabilities can be
calculated through the percentage method (e.g., Jiang and Sinha, 1989; Li et al., 2016).

Maintenance strategies. The transition matrix can be modified to implement maintenance strategies, inserting the percentage of structures
that we can repair (i.e., coming back to RFI=2) or reconstruct (i.e., restoring to RFI=1). In the present study, 6 distinct maintenance strategies

were implemented as follows:

S1: no maintenance from the actual condition X_0(Eq. D).
S2: repair (restoring them to RFI=2) 20% of structures with RFI>=3 each 10 years.
S3: repair 50% of structures with RFI>=3 each 10 years.

S4: repair 10% of structures with RFI>=3 and reconstruct (restoring them to RFI=1) 10% of structure with RFI=4 each 10 years.
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S5: repair 25% of structures with RFI>=3 and reconstruct 25% of structure with RFI>=3 each 10 years.

S6: reconstruct 25% of structure with RFI>=3 each 10 years.

STUDY AREA
The study focuses on four watercourses in Lombardy (North Italy): Pioverna torrent, Oglio river, Staffora torrent, and Upper Adda river
(Figure 2). Along the 234 km of the watercourses, we collected the results of the first-levels inspections on 409 TCSs. For each structure, the

inspectors estimated the residual functionality, more times during their service-life.
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Figure 2. Location of study cases and inspected Torrent Control Structures.

RESULTS AND DISCUSSION

Residual functionality index. In the study area, 44.65% of the structure showed an intact performance (RFI=1), 22.45% a moderate perfor-
mance (RFI=2), 14.00% a sufficient performance (RFI=3), and 18.90% a complete loss of functionality. Obviously, the most recent structures
belong to the class RFI<2 (83% of 10 years old structures; Figure 3). Remarkable loss of functionality was evident both in the structures built
during 2001-2010 (20% with RFI=4), and 1991-2000 (26% with RFI=4). An intriguing trend was revealed within the dataset: most “survived”
structures built during 1971-1980 and 1981-1990 were in good condition (79% and 72% with RFI<2 respectively).

Residual Functionality Index [1-4] [l 1+ 2 [l 3 [} 4
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Figure 3. Residual Functionality Index in function of structure age.

Markov Chain Model. The percentage method compares the transition probabilities with the frequency of structure density distributed across
RFI classes over discrete time intervals (each 10 years). Minimizing the differences, the transition probabilities were: p,,=0.816, p,,=0.538,
and p,,=0.334, with a root mean square error of 0.129. This passage set the transition probability matrix. To estimate the deterioration of
functionality and as consequence the service-life of a TCSs, MCM predicted, assuming XO=[1 0 0 0], that: () approximately after 35 years,
the 50% of the structures reduced their functionality, partially (25% with RFI=2) or almost completely (15% and 10 with RFI=3 and RFI=4);
(i) approximately after 40 years, 31% of structures felled in RFI>=3; and (iii) the structures in poor conditions progressively increased with

time: 42% after 50 years, 52% after 60 years, 61% after 70 years, and so forth. Figure 4 shows the deterioration of functionality over the time.
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Figure 4. Prediction of the TCSs Residual Functionality Index over time for new structures.

Maintenance strategies. The implementation of the maintenance strategies inside the transition matrix allowed to predict the percentage of
structures belonging to RFI classes over time. Eq. 1 was applied considering the actual distribution of structures in RFI classes as X, i.e

[0.4465 0.2245 0.1400 0.1890]. Figure 5 shows the prediction of the TCSs RFI over time in function of different maintenance strategies. The
application of MCM revealed how without any maintenance activities (S1), slightly fewer than 30% of structures maintained RFI<=2 after
50 years. Strategies S2 and S4 exhibited an enhanced performance, maintaining around 50% after 50 years. Increasing the percentage of
repaired structures to 50% (S3), the probability of sustained performance climbed to 60%. However, it is only through the comprehensive

reconstruction of a substantial portion of non-functional structures (S5 and S6) that the consistent probability of good performance exceeded

70% after 30 years.
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Figure 5. Deterioration prediction of the Residual Functionality Index over 50 years adopting 6 different maintenance strategy from the surveyed condition: (S1) no maintenance; (S2) repair
(restoring them to RFI=2) 20% of structures with RFI=3 each 10 years; (S3) repair 50% of structures with RFI>3 each 10 years, (S4) repair 10% of structures with RFI>3 and reconstruct
(restoring them to RFI=1) 10% of structure with RFI=4 each 10 years, (S5) repair 25% of structures with RFI>3 and reconstruct 25% of structure with RFI=3 each 10 years, and (S6) reconstruct
25% of structure with RFI=3 each 10 years.
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CONCLUSIONS

Monitoring and planning the maintenance of TCSs is a key activity for mitigating the susceptibility to floods and debris flows. In this per-
spective, MCM emerges as a robust approach for delineating the deterioration of functionality and predicting the service-life of standard
structures in the same study area. MCM provides valuable insights into the potential trajectories of structure deterioration, serving as an inter-
esting tool for informed decision-making and resource allocation in watercourse management. Furthermore, MCM facilitates the simulation
of the deterioration process for new and existing structures under different maintenance strategies. The outcomes assist in identifying the
most suitable approach, striking a balance between investments and residual risk. Ultimately, this study represents a significant milestone in
the development of decision-making support tools. It underscores the necessity of forecasting investments for the monitoring and maintain-
ing both existing and new structures, considering their potential service-life, complementing conventional design procedures on regulatory

compliance and hydraulic-static requisites.
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