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Abstract
There is a growing need to acquire a larger quantity of mete-
orological data to address climate change. In this paper, we
design an improved Automatic Weather Station (AWS) based
on a prototype from the National Center for Atmospheric
Research (NCAR). We integrate this weather station with
IBIS, a platform for adaptable, multi-sensor data collection
on edge devices. Our solution utilizes a Raspberry Pi 4 to
aggregate sensor data from AWSs over LOng-RAnge (LoRa)
radio frequency. A real-time data visualization platform, us-
ing Grafana, InfluxDB and hosted on the Chameleon testbed,
is presented. We show how the expanded peripherals allow
for the implementation of novel weather forecasting tech-
niques and demonstrate the power-efficiency of our solution
by comparing the power consumption of our choice of micro-
controller to the Raspberry Pi. Lastly, we examine how our
implementation can address challenges in big-data weather
forecasting.
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1 Introduction
Meteorological data has increased exponentially in recent
years [4]. This has led to several attempts to create solutions
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to collect and analyze these large datasets. Based on the lit-
erature [3, 7], one of the solutions is deploying AWSs that
automate data collection from weather sensors. Additionally,
the analysis of larger-size data, including images or videos,
has been shown to enhance weather prediction methods [2].
In this paper, we present an improved version of the Ope-
nIoTwx AWS from NCAR [8]. Our prototype is integrated
with IBIS [1], an observational instrument for data collection
on a large scale. The solution transmits collected sensor data
over LoRa to edge devices. To assess whether we make AWSs
more power-efficient, we consider two configurations, one
using a microcontroller and the other using a Raspberry Pi.

2 Approach
Our implementation differs from OpenIoTwx by including
a camera as an additional peripheral and utilizing LoRa, a
protocol optimized for low-powered IoT devices to transmit
the collected data. A Raspberry Pi 4 is used to aggregate
data from stations within a range of 5 km as well as operate
the camera. The Raspberry Pi is integrated with the IBIS
testbed [1] and uploads aggregated data to our cloud service
over MQTT protocol using Paho-mqtt [9]. Our cloud service,
hosted on the Chameleon testbed [6], uses Mosquitto, an
MQTT broker, to receive data from the Raspberry Pi. Our
design is outlined in Figure 1: Telegraf transfers data from
the MQTT broker to InfluxDB which timestamps and stores
the data. To visualize the data, we rely on Grafana. Plots of
metrics collected from the sensors is described in Figure 2.
Chu et al. [2] use a random forest classifier to predict weather
from images. A novel functionality of our AWS would be
to combine sensor data with images to improve upon this
weather prediction method. The Chameleon node used for
hosting the data visualization and storage services could also
be used to train new classifiers on the collected data and run
inference models.

3 Evaluation
Our initial deployment is done inside a lab where we deploy
two weather stations. One reading actual sensor data and
one simulating data, and a Raspberry Pi IBIS device. The de-
ployment ran for 40 hours with readings captured from the
stations once a minute. The plots in Figure 2 show a contin-
uous stream of the collected data with a near-zero error rate
on transmitted samples. We compare the power-efficiency
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Figure 1. Schematic illustrating the architecture of our weather station. It is integrated with IBIS, an observational instrument
for data collection on a large scale.
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Figure 2.Metrics collected from sensors. Actual sensor read-
ings collected from station 1 are shown in red while simu-
lated sensor readings collected from station 2 are shown in
blue. A total of 19 different metrics are collected in total.

of using a RP2040 microcontroller to a Raspberry Pi 4, when
tasked with collecting and transmitting sensor data. Our
experimental setup uses a INA219 power sensor operated
by an additional Raspberry Pi, to read voltage, current, and
power used by each device during a 30 minute period. We
display the results of the experiment in Figures 3a, 3b, 4a,
and 4b below, which show the Raspberry Pi using 4× the
power of the microcontroller.

4 Conclusions
To address our big-data weather forecasting needs, we must
develop infrastructure to collect meteorological data from
remote locations at scale. In this paper, we introduce our AWS
implementation and outline its improvements over prior
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Figure 3. (a) Load voltage over time and (b) Current draw
over time for the Raspberry Pi and RP2040 micro-controller.
The Raspberry Pi uses significantly more current compared
to the RP2040.
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Figure 4. (a) Power usage over time and (b) Cumulative
power consumption. The figures compare the power usage
of the Raspberry Pi and RP2040 micro-controller, showing
both time-based and cumulative power consumptionmetrics.

work. A demo deployment shows successful visualization of
data collected from our AWSs. We demonstrated the RP2040
microcontroller’s 4× power-efficiency over a Raspberry Pi
for our deployment. Managing large weather datasets is a
challenge in modern weather forecasting [5] which our AWS
can address solve by concentrating data aggregated from a
wide range of locations into a central hub. Access to high-
quality weather datasets enhances the efficacy of today’s
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computation-intensive forecasting models. Future work on
our AWS will involve utilizing capture images to further
improve weather forecasting capabilities.
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