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1. Introduction

The European Commission has set ambitious targets for the transportation sector. By

the year 2030, it aims to achieve a 30% modal shift away from road freight transport

towards more environmentally friendly and socially responsible modes of transportation

such as rail and inland waterways (Ambra et al., 2019). The commission has set an even

more substantial goal of achieving a 50% shift by the year 2050 (Ambra et al., 2019). In

the complex web of the European supply chain and logistics industry, inland waterways

emerged as a pivotal player due to many factors, including cost-e�ectiveness, ecological

bene�ts and a reputation for reliability (Zwicklhuber and Kaufmann, 2023).

The CRISTAL project, o�cially known as The Climate Resilient and Environmentally

Sustainable Transport Infrastructure, with a Focus on Inland Waterways (CRISTAL

project team (2022)), is a research initiative funded by the European Commission and

developed in collaboration with European union partners. The project aims to encour-

age freight transport on inland waterways. The Fraunhofer Institute for Material �ow

and Logistics (Fraunhofer IML) and other EU partners actively shape the project's tra-

jectory as part of the consortium. This thesis is the data driven study of inland water

navigation within the CRISTAL project. It focuses on river depth forecasting using

machine learning algorithms through feature engineering of hydrological data, followed

by predictive analysis of navigational risk.

Within the CRISTAL project, the River Po in northern Italy o�ers signi�cant opportu-

nities to support the supply chain and inland logistics corridor (CRISTAL project team,

2022). The potential navigable stretch of the Po River comprises shallow areas that,

under speci�c hydro-metric conditions, pose navigation risks. This navigable segment is

divided into branches with potential shallow points, also called critical points, that can

disrupt overall navigability. To facilitate e�ective navigation planning whilst consider-

ing logistical challenges, having a prediction model that provides timely and forecasted

information on river depth levels in each branch is necessary. Such a model ensures

accurate planning and holds promising potential for future advancements in the logistics

sector.

Over the previous three decades, the Agenzia Interregionale del �ume Po Authority

(AIPo) (Interregional Agency of the Po River, 2011), also a partner in the CRISTAL

project, has identi�ed critical shallow points along each branch of the navigable section

of the Po River. Continuous monitoring of hydrological information at these locations

involves measuring upstream water levels, river depths and river discharge �ow rates.

1



This thesis focuses on three shallow points, namely Piacenza, Monte P.Te Revere and Ca-

vanella, each from a di�erent branch by examining historical data from the last 10 years.

Additionally, daily records of climate data from Copernicus climate services (Hersbach

et al., 2023) are sourced to identify the impact of climate attributes like total precipita-

tion, temperature and snow depth on shallow points.

The main objective of this thesis is to provide a proof of concept to establish the use of

inland navigation in River Po, a task highly dependent on monitoring water depth levels

at crucial river points. Various ship classes, determined by their draft lengths, rely on

speci�c water level thresholds (Kirilenko and Epifantsev, 2023). Utilising forecasted wa-

ter depth levels allows for calculating the likelihood of future navigation, optimising ship

scheduling and re�ning routing strategies. This process minimises delays and improves

the overall e�ciency of corridor management.

This thesis focuses on advanced feature engineering, incorporating cross-correlation of

hydrological and climate attributes to assess their impact on shallow points. Various ma-

chine learning models, including Long Short Term Memory (LSTM), Gated Recurrent

Unit (GRU), Long and Short term Time series Network (LSTNet) and Vector Auto Re-

gression (VAR) methods, are considered to forecast daily river depth levels over 14 days

and hourly water levels for the next 24 hours. The study explicitly addresses navigability

concerns for di�erent types of ships by generating future estimates of water depth levels

at critical points. Furthermore, the probability of navigation risk for each ship class is

calculated using the best-performing model based on forecasted water depth levels. This

study presents a probabilistic approach to developing a proactive warning system that

can provide timely alerts. Such a system can signi�cantly improve navigational planning

and safety in water transportation, bene�ting logistics and related stakeholders.

1.1. Problem Statement

According to the CRISTAL project's analysis, the Po River in north Italy is a vital wa-

terway with a crucial navigable section for e�cient transport that connects the Mediter-

ranean Sea with the inland of Italy. The AIPo authority has divided the navigable

section into nine branches, namely Piacenza, Polesine Parmense, Casalmaggiore, Riva

di Suzzara, Revere, Felonica, Santa Maria Maddalena, Papozze and Volta Grimana (In-

terregional Agency of the Po River, 2011). There are 157 shallow points (see �gure 1)

spread across the navigable branches. In 2022, Po River faced the heaviest drought sit-

uation in the past two centuries (see �gure 2) that is part of a long-term trend of more
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