Flexible Multi-Source Data Pipeline

for Precision Irrigation

Carlos Lemonde?

carloslemonde@isa.ulisboa.pt

Supervisor(s): Teresa Afonso do Paco!, Joao Rolim!

1. LEAF - Linking Landscape, Environment, Agriculture and Food Research
Center, Associate Laboratory TERRA, Instituto Superior de Agronomia,
Universidade de Lisboa, Tapada da Ajuda, 1349-017 Lisboa, Portugal

Develop an open-source data pipeline capable of integrating

and processing heterogeneous multi-sensor data into a

common time-series infrastructure, supporting real-time

monitoring, sensor calibration, and the discovery of patterns

across related variables.
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Challenges

under the Research Grant 2024.14195.MIT

Shifting temperature and precipitation patterns
make freshwater availability less predictable,
Increasing the need for data-driven irrigation.

Sensor vendors expose different data formats
and sampling intervals, making coordinated
monitoring and analysis difficult.
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Gateways send sensor data
to cloud platforms, which
expose field measurements
through their APIs.

Plant, soil and environmental
sensors from multiple data
sources, connect to loT nodes.

Processing Unit

Python program based on the
factory-registry design pattern
retrieves, normalizes, and
loads data into a database.

The Factory-Registry Pattern decouples data

source-specific extractors from the core pipeline

abstract class

DataSourceBase

config: dict

DataSourceFactory

registry: dict
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This work contributes to

From Knowledge

(Adapting Precision Irrigation to

Climate Change) project by

complementing

system desighed to control water use in

orchards and vineyards.
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Data Storage E Data Visualization
Normalized data are stored Grafana panels provide
in a shared time-series table interactive dashboards for
in PostgreSQL. monitoring and sensor
anomaly detection.
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support data analysis and
decisions.
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Sensor correction

Temperature

A thermal-drift correction algorithm was applied
using environmental data and machine-learning
methods to compensate for temperature
artifacts on load-cell measurements.
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Data Retrieval Analysis Jobs Data Storage =
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Curated data are stored in a Python program executes jobs Trained models and
PostgreSQL time-series table, for pattern detection and statistical results are stored
enabling efficient querying calibration of custom-built, in dedicated tables of the
and retrieval. low-cost sensors. same database.
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CONCLUSIONS
EXPERIMENTAL APPLICATION
The data pipeline demonstrated flexibility
and modularity, easily integratin :
Y Y J 9 Greenhouse demonstration
different data sources from the
. o Greenhouse experiment at Instituto Superior de
experimental setup and providing Agronomia (Lisbon) using potted olive trees and
valuable insights for the SOFIS system. Integrating heterogeneous >ENsors while
preserving temporal resolution.
Further improvements are needed to
enhance data processing and automation.
[ l [
Funded by: Coordination:

== Portugal
Program

fCt

Fundacao
para a Ciéncia
e a Tecnologia

K

NSTITUTO
SUPERIOR B
AGRONOMIA

——  Thermal drift

i

load-cell signal

Collaboration:

Estimate tree transpiration

Model trained to calibrate sap flow
sensors and directly estimate tree
transpiration from their
measurements, using corrected
load-cell data as a reference.
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