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1. Introduction

Coastal flooding is a recurring hazard for coastal communities and can create significant risks
to public safety, transportation, infrastructure, water and soil conservation, and natural habi-
tats [1-4]. Flooding conditions can change rapidly during severe storms, heavy rainfall, storm
surge, and other coastal weather events. In many cases, the level of risk is strongly affected by
local conditions, such as drainage patterns, low-lying terrain, local precipitation, water accu-
mulation, and the spatial relationship among vulnerable sites. Therefore, effective flood early
warning requires not only regional weather information, but also continuous local monitoring
and timely interpretation of field-level data. Prior studies have shown that coastal flood early-
warning systems can benefit from sensing networks, forecasting models, automated alerting,
and decision-support interfaces [5, 6]. Recent research has also explored deep-learning-based
coastal flood and inundation prediction under climate-adaptation and sparse-observation set-
tings [7, 8].

This project developed a smart and self-sustaining early-warning system for continuous
coastal flood monitoring and prediction. The system integrates distributed sensing nodes, solar
energy harvesting [9—16], low-power embedded processing [17-21], Tiny Machine Learning
(TinyML) [22-27], long-range wireless communication, server-side data storage, web-based
visualization, and flood-risk analysis. The final prototype was designed to support local mon-
itoring of flood-related environmental conditions, node-level flood-risk prediction, and server-
side interpretation of multi-node flood patterns.

The overall system follows a field-to-server design. At the field level, sensing nodes col-
lect local environmental and water-related measurements. Each node uses an MSP430FR5994
microcontroller for low-power sensing, data processing, and local flood-risk inference [28]. A
BQ25570-based energy-harvesting power subsystem supports self-sustaining operation by har-
vesting solar energy, charging local energy storage, and providing a regulated 3.3 V output for
the embedded electronics [29]. An ESP32/LoRa communication module transmits sensor and
node information to a receiver [30-32]. At the server level, the received data are stored, visu-
alized, and analyzed through a dashboard. The dashboard allows users to view sensor trends,
inspect node status, select time windows, run warning analysis, and visualize possible flood-
path direction.

1.1 Background and Motivation

Many existing flood-warning approaches rely on regional weather forecasts [33, 34], satellite-
based observations [35, 36], or sparse monitoring infrastructure. These resources are valuable
for large-scale awareness, but they may not provide enough local detail to identify how flood risk
develops at specific roads, drainage areas, low-lying locations, or other vulnerable sites [34,37].
Flooding may begin locally before it becomes visible at a broader regional scale. As a result,
community leaders and local officials can benefit from additional local sensing systems that
provide more direct information about field conditions [5,37].

A distributed flood-monitoring system can address this need by placing sensing nodes at
selected locations across a monitored area [37,38]. Each node observes local conditions and
reports measurements to a server. When multiple nodes are deployed, the system can provide
both local and spatial information. Local measurements help determine the condition around
each sensor node, while multi-node data can reveal how flood risk changes across the area over



time [5,37].

Another important motivation is long-term sustainability. Field monitoring systems are
difficult to maintain if they require frequent battery replacement, manual data collection, or
constant physical inspection. For coastal and flood-prone areas, maintenance can become even
more difficult before, during, or after severe weather events. To reduce this burden, the system
developed in this project combines low-power embedded hardware with solar energy harvest-
ing and local energy storage. This design supports longer operation in the field and reduces the
need for frequent manual intervention.

The project also addresses the need for intelligent interpretation of sensor data. Raw sensor
readings are useful, but local officials often need clear warning information rather than only
raw measurements. Therefore, this project combines sensing with embedded machine learn-
ing and server-side analysis. The local model provides node-level risk prediction, while the
server combines multi-node information to support broader warning analysis and flood-path
visualization.

1.2 Project Goal and Scope

The goal of'this project is to develop a smart and self-sustaining early-warning system for coastal
flooding using low-power embedded sensing, energy harvesting, wireless communication, and
machine-learning-based risk prediction. The project focuses on building an integrated prototype
that can collect local flood-related measurements, perform node-level risk evaluation, transmit
data wirelessly, store and visualize time-series records, and support server-side flood-warning
analysis.

The scope of the project includes both hardware and software development. On the hard-
ware side, the project developed a sensor-node prototype that integrates environmental and
flood-related sensors, an MSP430 embedded processing unit, an ESP32/LoRa wireless com-
munication unit, and a BQ25570-based solar energy-harvesting power subsystem. On the soft-
ware side, the project developed embedded sensing and inference logic, LoRa-based data trans-
mission, receiver-side data forwarding, server-side data ingestion, database storage, dashboard
visualization, and risk-analysis functions.

The project also includes a practical decision-support component. The dashboard is de-
signed to allow users to view current and historical data, select a time range of interest, conduct
risk-warning analysis, and visualize possible flood-path direction. In addition to the technical
system, this report includes non-technical guidance for local officials on how to use the system,
interpret warning outputs, and maintain the system over time.

1.3 System-Level Objectives

The final system was developed around three main system-level objectives. The first objective
was to establish a self-sustaining local sensing platform for continuous flood-related monitoring.
This includes distributed sensing nodes, environmental and water-level measurements, low-
power embedded operation, and solar energy harvesting with local energy storage. The second
objective was to enable intelligent flood-risk interpretation at both the node level and the server
level. Each node supports local flood-risk prediction using an embedded lightweight machine-
learning model, while the server combines multi-node records to support broader warning anal-
ysis and flood-path visualization. The third objective was to provide a practical decision-
support interface for local use. This includes wireless data transmission, server-side data stor-



age, dashboard-based visualization, time-window selection, warning-analysis execution, and
guidance for long-term operation and maintenance.

These objectives reflect the final implemented structure of the project. The emphasis is not
only on building individual hardware or software components, but also on integrating sensing,
power management, embedded intelligence, wireless communication, server-side analysis, and
user-facing visualization into a complete early-warning prototype.

1.4 Implemented System Overview

The implemented system consists of four connected layers. 1) The field sensing layer in-
cludes the sensors deployed at each monitoring node. The node measures environmental and
flood-related information, including temperature, humidity, light, precipitation, and water level.
These measurements provide the local data foundation for monitoring and prediction. 2) The
embedded intelligence and power-management layer includes the MSP430 microcontroller, the
local prediction model, and the BQ25570-based energy-harvesting subsystem. The MSP430
collects sensor data, maintains recent measurement history, constructs model input features,
and runs local MLP-based flood-risk inference. The power subsystem harvests solar energy,
charges local capacitor and LiPo storage, and provides a stable 3.3 V output for the MSP430,
sensors, and ESP32/LoRa module. 3) The communication layer connects the field node to the
server. The MSP430 sends sensor records to the ESP32 through UART, and the ESP32 trans-
mits the records using LoRa communication. A receiver collects the wireless packets and for-
wards them to the server. 4) The server-side decision-support layer stores the received records,
provides dashboard visualization, and supports global warning analysis. The dashboard allows
users to view sensor trends, inspect node-level status, select time windows, run warning analy-
sis, and visualize possible flood-path direction.

Together, these layers form an end-to-end early-warning prototype that connects local sens-
ing, embedded risk prediction, wireless transmission, server-side analysis, and user-facing vi-
sualization. This structure allows the system to support both technical inspection and practical
decision-making.

1.5 Report Organization

The remainder of this report is organized according to the final system structure. Chapter 2
presents the overall system architecture, including the field-to-server workflow, energy and
power flow, local intelligence, server-side global analysis, dashboard-centered decision-support
workflow, and system design requirements. Chapter 3 describes the hardware prototype, in-
cluding the sensor-node architecture, sensing subsystem, MSP430 embedded processing unit,
ESP32/LoRa communication unit, BQ25570-based energy-harvesting power subsystem, re-
ceiver/gateway hardware, physical assembly, and field-deployment considerations. Chapter 4
describes the embedded software and local flood-risk prediction method, including sensor ac-
quisition, time aggregation, local input features, risk-level definition, MLP-based local predic-
tion, embedded inference, and power-aware operation.

Chapter 5 describes the wireless communication and data transmission design, including
the MSP430-to-ESP32 UART interface, low-level node frame format, LoRa wireless transmis-
sion, wake/sleep coordination, receiver operation, server-side ingestion, data storage format,
and communication reliability. Chapter 6 describes the server, database, and dashboard im-
plementation, including data ingestion, local time-series storage, node and time-window selec-



tion, sensor plotting, node-status monitoring, and the user interface for warning analysis and
flood-path visualization. Chapter 7 presents the global warning analysis and flood-path visu-
alization methods, including multi-node input construction, spatial relationships among nodes,
spatiotemporal prediction, area-level warning summaries, and direction visualization.

Chapter 8 presents prototype testing, evaluation, and deliverables. It includes hardware val-
idation, power-subsystem testing, communication testing, server and dashboard testing, local
prediction evaluation, global analysis evaluation, end-to-end testing, completed deliverables,
technical contributions, limitations, and future work. Chapter ?? provides non-technical guid-
ance and long-term maintenance recommendations for local officials and operators, including
dashboard use, warning interpretation, practical response considerations, routine inspection,
sensor cleaning, calibration, server backup, troubleshooting, and recommended maintenance
schedules.



2. System Architecture

This chapter presents the overall architecture of the smart and self-sustaining coastal flood early-
warning system. The system was designed as an integrated field-to-server platform that con-
nects distributed sensing nodes, local embedded processing, energy harvesting, wireless com-
munication, server-side data storage, dashboard visualization, and flood-warning analysis. The
purpose of this chapter is to explain how the major system components are connected and why
the selected architecture supports continuous monitoring, low-power operation, local flood-risk
prediction, and practical decision support.

The architecture follows a layered design. At the field level, sensing nodes collect local
environmental and water-related measurements. Each node uses an MSP430 microcontroller for
low-power sensing, local data processing, and embedded flood-risk inference. The field node
also includes a solar energy-harvesting power subsystem and an ESP32/LoRa communication
module. At the receiver side, LoRa packets are collected and forwarded to a Raspberry Pi 4B
server. The Raspberry Pi 4B stores the received records, hosts the dashboard, and supports
server-side analysis. The dashboard then allows users to review sensor trends, inspect node
status, select time windows, run warning analysis, and visualize possible flood-path direction.

2.1 Overall System Architecture
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Figure 2.1: System Architecture Early-warning System.

Figure 2.1 shows the conceptual architecture of the complete system. The figure summarizes
the major field-to-server workflow, including solar-powered sensing nodes, MSP430-based lo-
cal sensing and inference, ESP32/LoRa wireless transmission, LoRa receiver/gateway opera-
tion, Raspberry Pi4B server-side storage, dashboard visualization, and global warning analysis.

The architecture is modular so that each major subsystem has a clear role and interface.
The sensing node is responsible for local data collection and power-aware field operation. The



MSP430 firmware manages sensor acquisition, local data processing, embedded inference, and
UART output. The ESP32/LoRa module provides the wireless transmission function. The re-
ceiver and Raspberry Pi 4B server handle packet reception, data parsing, time-series storage,
dashboard hosting, and server-side analysis. This modular structure improves system main-
tainability because individual subsystems can be updated, replaced, or expanded without re-
designing the entire platform. It also supports future expansion to additional sensing nodes or
migration to different server platforms.

2.2 Design Requirements and System Rationale

The architecture was guided by several technical and practical requirements. These require-
ments explain why the system uses distributed sensing, low-power embedded processing, solar
energy harvesting, LoRa communication, local storage, dashboard visualization, and multi-
node warning analysis.

1) Continuous Monitoring. The system must support continuous or periodic monitoring so
that flood-related changes can be observed over time rather than only during manual inspection.
This requirement motivates the use of distributed sensing nodes, time-series data storage, and
dashboard-based historical review. Continuous monitoring also allows the system to support
both real-time awareness and retrospective analysis of past weather or flooding events.

2) Low-Power and Self-Sustaining Operation. The field nodes must support low-power
and self-sustaining operation because frequent battery replacement is not practical for long-
term outdoor deployment. This requirement motivates the use of the MSP430 microcontroller,
sleep/wake operation, solar energy harvesting, local capacitor and LiPo battery storage, and
BQ25570-based regulated power delivery. The goal is to reduce manual maintenance while
allowing the node to continue operating during periods of weak or unavailable solar input.

3) Stable Power Delivery. The embedded electronics require a stable voltage supply for reli-
able sensing, computation, and wireless transmission. The MSP430, sensors, and ESP32/LoRa
module are powered through a stable 3.3 V regulated output from the power-management sub-
system. The local storage stage, including the capacitor and LiPo battery, provides energy
buffering for short-term current demands and longer operation when harvested energy is lim-
ited.

4) Local Embedded Intelligence. The system must provide local embedded intelligence so
that each node can estimate its own flood-risk level using nearby sensor measurements. This
requirement motivates the lightweight local MLP model and its deployment on the MSP430.
Local inference allows each node to provide a direct risk interpretation for its own location
instead of only transmitting raw sensor values.

5) Long-Range Low-Data-Rate Communication. The system must transmit compact sensor
records from outdoor nodes to a receiver. This requirement motivates the ESP32/LoRa commu-
nication design. LoRa is suitable because the system sends small packets at periodic intervals
rather than high-bandwidth data streams. The compact frame format reduces packet airtime and
supports energy-aware operation.

6) Robustness to Intermittent Connectivity. Outdoor wireless links may be affected by dis-
tance, weather, antenna placement, power conditions, and obstruction. Therefore, the system
must tolerate missing or delayed packets. This requirement motivates frame validation, server-
side parsing checks, missing-data handling, node-status monitoring, and dashboard indicators
for inactive nodes.

7) Multi-Node Scalability. The system must support multiple sensing nodes so that local flood-
related measurements can be compared across the monitored area. This requirement motivates



node IDs, node-based data organization, time-window filtering, node-location management,
and server-side multi-node analysis. Scalability is important because flood risk is spatial and
cannot be fully represented by a single sensor node.

8) Practical Visualization and Maintainability. The system must provide practical visual-
ization for both technical users and local officials. This requirement motivates the web-based
dashboard, sensor plots, warning-analysis function, flood-path visualization, and non-technical
guidance. The system must also be maintainable after deployment, which motivates clear docu-
mentation of hardware components, data format, server setup, troubleshooting steps, and long-
term maintenance procedures.

2.3 Major Functional Components

The complete system consists of several functional components that work together to support
the field-to-server early-warning workflow.

1) Distributed Field Sensing Nodes. Each sensing node is deployed at a selected monitoring
location. The node collects local flood-related and environmental measurements, including
temperature, humidity, light, precipitation, and water level. These measurements provide the
local data foundation for monitoring, local prediction, and server-side analysis.

2) Energy-Harvesting and Power-Management Unit. Each node includes a solar-based energy-
harvesting subsystem. A BQ25570-based regulator boosts weak solar input, supports charging
of the capacitor and LiPo battery storage stage around approximately 4.2 V, and provides a
stable 3.3 V regulated output for the embedded electronics. This subsystem supports the self-
sustaining goal of the project.

3) MSP430 Embedded Processing Unit. The MSP430 microcontroller is responsible for sen-
sor data acquisition, local data processing, and embedded flood-risk inference. The local infer-
ence model is implemented directly on the microcontroller so that each node can estimate its
own flood-risk level before transmitting data to the server.

4) ESP32/L.oRa Communication Unit. The ESP32 communicates with the MSP430 through
UART and transmits node records using LoRa communication. This design separates low-
power sensing and inference from long-range wireless communication. The ESP32/LoRa mod-
ule can be activated primarily when data transmission is needed.

5) LoRa Receiver and Gateway Interface. The LoRa receiver collects wireless packets from
the field nodes. The receiver forwards the received payloads to the server-side software for
parsing, timestamping, storage, visualization, and analysis. The receiver is configured to match
the LoRa parameters used by the field nodes.

6) Raspberry Pi 4B Edge Server. The gateway-side server is implemented using a Raspberry
Pi 4B. The Raspberry Pi 4B receives data forwarded from the LoRa receiver, stores parsed
time-series records, hosts the dashboard, and executes server-side analysis functions. This local
edge-server design allows the monitoring system to operate near the deployment site without
requiring cloud connectivity for basic data collection and visualization.

7) Web-Based Dashboard and Decision-Support Interface. The dashboard provides the user-
facing interface for viewing sensor data, checking node status, selecting time ranges, running
warning analysis, and visualizing flood conditions. The dashboard supports both technical in-
spection and practical decision-making by local officials.
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2.4 End-to-End Data Flow

As shown in Figure 2.1, the complete data workflow begins at the sensing nodes and ends at the
dashboard-based decision-support interface. Each node periodically collects local sensor mea-
surements. These measurements represent the current condition near the node and include envi-
ronmental readings and water-level information. The MSP430 processes the collected readings,
updates local data buffers, and generates a local node record. When sufficient recent history is
available, the MSP430 can also run the local flood-risk prediction model.

After local processing, the MSP430 sends the node record to the ESP32 through UART.
The ESP32 verifies the frame and transmits the payload through LoRa. The LoRa receiver
collects the packet and forwards it to the Raspberry Pi 4B server. The server parses the packet,
reconstructs the sensor values, attaches a server-side entry time, and stores the record in local
time-series storage. The dashboard then retrieves the stored records based on user-selected node
and time-window settings.

The same stored records are also used for analysis. When the user selects a time range and
runs warning analysis, the server retrieves the corresponding multi-node data and passes them
to the analysis module. The output may include node-level warning results, area-level risk
interpretation, and flood-path visualization. In this design, the server-side analysis does not
replace the local embedded model. Instead, it uses local measurements and local risk outputs
as part of a broader multi-node interpretation.

2.5 Energy and Power Flow
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Figure 2.2: Energy-harvesting & Regulated Power-flow Architecture of the Field Sensing Node.
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Figure 2.2 shows the simplified power path of each field sensing node. The power subsystem
is designed to support long-term outdoor operation with reduced manual maintenance. Solar
energy is harvested from the local environment and processed by the BQ25570-based regulator.
When the solar input is weak, the regulator boosts the input to a usable level and supports
charging of the local storage stage. The capacitor provides short-term energy buffering, while
the LiPo battery supports longer operation during periods of weak or unavailable sunlight.

This power-management framework is important because the wireless communication mod-
ule may require higher instantaneous current during transmission, while the MSP430 and sen-
sors are intended to remain in low-power operation for most of the time. By combining energy
harvesting, local storage, voltage regulation, and sleep/wake behavior, the system supports the
self-sustaining requirement of the project.

2.6 Local and Global Intelligence

The project uses a two-level intelligence structure: local embedded inference and server-side
global analysis. At the local level, each node runs an embedded flood-risk prediction model.
This model is designed to be lightweight enough for execution on the MSP430 microcontroller.
The purpose of the local model is to provide fast, node-level risk estimation using recent local
sensor measurements. This is important because flood conditions may develop differently at
different locations, and each node should be able to evaluate its own local condition.

At the server level, the system performs global warning analysis by combining data from
multiple nodes. While local prediction focuses on the condition around one node, global analy-
sis focuses on the monitored area as a whole. The server can compare risk levels across nodes,
examine temporal trends, and use node locations to infer possible flood movement. For exam-
ple, if several nodes show increasing risk in a time sequence, the system can use that sequence
and the spatial arrangement of nodes to estimate a possible flood propagation direction.

This two-level design provides several benefits. Local inference gives each node an imme-
diate risk indicator, while global analysis identifies broader spatial patterns that are not visible
from a single node. The dashboard can then present both node-level risk and area-level inter-
pretation to support practical decision-making.

2.7 Dashboard-Centered Decision-Support Workflow

The dashboard is designed as the main interface between the technical system and the end user.
It provides access to raw monitoring data, processed trends, node status, warning results, and
flood-path visualization. The dashboard supports both real-time monitoring and retrospective
analysis. Real-time monitoring helps users understand current field conditions, while retrospec-
tive analysis allows users to review previous events, inspect abnormal readings, and evaluate
how risk changed over time.

A typical user workflow is as follows. 1) The user opens the dashboard hosted by the
Raspberry Pi 4B server. 2) The user checks whether the sensor nodes are online and reporting
data. 3) The user selects one or more nodes or views the full monitoring area. 4) The user selects
a time range for analysis. 5) The dashboard displays sensor time-series plots for the selected
period. 6) The user runs the flood-risk warning analysis. 7) The server uses the selected data
window to generate local and global risk information. 8) The dashboard displays risk results
and, when applicable, flood-path direction or propagation indicators.

This dashboard-centered workflow is important because it connects technical data collection
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with practical interpretation. It allows users to analyze the same system under both current and
historical time windows, which is useful for monitoring, testing, validation, and event review.

2.8 Server Portability and Deployment Flexibility

Although the prototype server was implemented on a Raspberry Pi 4B, the server-side software
is not limited to this hardware platform. The data-ingestion program, local storage workflow,
dashboard, and analysis scripts can be transferred to a desktop computer, workstation, or other
computing platform with a compatible Ubuntu or Linux environment. This portability is useful
for development, debugging, long-term operation, and future system migration.

2.9 Summary

This chapter presented the overall architecture of the smart and self-sustaining coastal flood
early-warning system. The system integrates distributed sensing nodes, solar energy harvesting,
BQ25570-based power management, MSP430-based local sensing and inference, ESP32/LoRa
communication, LoRa receiver operation, Raspberry Pi 4B server-side data storage, dashboard
visualization, and global warning analysis. The architecture was guided by requirements for
continuous monitoring, low-power operation, stable power delivery, local intelligence, long-
range communication, intermittent-connectivity tolerance, multi-node scalability, practical vi-
sualization, and long-term maintainability. The following chapters describe the hardware pro-
totype, embedded software, wireless communication, server implementation, warning analysis,
testing results, and non-technical guidance in more detail.
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3. Hardware Prototype

This chapter describes the hardware prototype developed for the smart and self-sustaining coastal
flood early-warning system. While Chapter 2 presented the overall system architecture, this
chapter focuses on the physical implementation of the field sensing node, sensor interfaces,
embedded hardware connections, power-management subsystem, communication hardware,
receiver, and Raspberry Pi 4B edge server. The goal of the hardware prototype was to pro-
vide a practical platform for continuous local sensing, low-power embedded processing, solar-
powered operation, and wireless data delivery to the server.

The prototype hardware was designed around a modular structure. The field sensing node
integrates environmental and flood-related sensors, an MSP430FR5994 microcontroller, an
ESP32/LoRa communication module, and a BQ25570-based energy-harvesting power subsys-
tem. The gateway side includes a LoRa receiver and a Raspberry Pi 4B server. The field node
is responsible for data collection and local embedded operation, while the gateway and server
are responsible for receiving, storing, displaying, and analyzing the transmitted data.

3.1 Field Sensing Node Hardware
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Figure 3.1: Field Sensing Node Hardware Interfaces.

The field sensing node is the primary hardware unit deployed at the monitoring location.
It integrates the sensing interfaces, MSP430FR5994 embedded processing unit, ESP32/LoRa
communication module, and BQ25570-based energy-harvesting power subsystem. The node
is designed to collect local environmental and flood-related measurements, process the sensor
data locally, and transmit compact node records to the LoRa receiver.

Figure 3.1 shows the hardware interfaces of the field sensing node. The DHT22 tempera-
ture and humidity sensor is connected to a timer-capable MSP430 input for timer capture-based
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pulse measurement. The LM393-based light and precipitation sensor modules are connected
to MSP430 ADC channels for analog measurement. The water-level sensor is connected to
GPIO interrupt inputs configured for falling-edge detection. The MSP430 communicates with
the ESP32/LoRa module through UART, and the ESP32/L.oRa module provides wireless trans-
mission to the receiver. The BQ25570-based power subsystem receives solar input, manages
the local capacitor and LiPo battery storage stage around 4.2 V, and provides regulated 3.3 V
power to the MSP430, sensors, and ESP32/L.oRa module.

The major hardware components of the field sensing node are summarized as follows. 1)
The MSP430FR5994 serves as the low-power embedded processor for sensing, local data pro-
cessing, inference, timer capture, ADC sampling, GPIO input reading, and UART communica-
tion. 2) The DHT22/AM2302 sensor provides temperature and humidity measurements through
timer-capture-based pulse measurement. 3) The LM393-based light sensor provides an analog
light-related signal to MSP430 ADC12 channel 2. 4) The LM393-based precipitation sensor
provides an analog rain-related signal to MSP430 ADC12 channel 3. 5) Four FS-IR02B optical
water sensors are installed at different height levels to provide discrete water-level detection
through MSP430 Port 3 pins 03, which are read as GPIO high/low states. 6) The ESP32/LoRa
module receives UART records from the MSP430 and transmits LoRa packets to the receiver.
7) The BQ25570-based power subsystem harvests solar energy, manages local capacitor and
LiPo battery storage around the 4.2 V charging/storage stage, and provides a regulated 3.3 V
output to the field-node electronics.

Figure 3.2 shows the sensor modules used in the field sensing node. The node uses a light
sensor module for local light measurement, a precipitation sensor module for rain-related sens-
ing, a DHT22/AM2302 sensor for temperature and humidity measurement, and FS-IR02B op-
tical water sensors for discrete water-level detection. These sensors provide the environmental
and flood-related inputs used by the MSP430 for local data processing and node-level flood-risk
analysis.
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(a) Light sensor module (b) Precipitation sensor module (c) DHT22 temperature and (d) FS-IR02B optical
humidity sensor water sensor

Figure 3.2: Sensor modules used in the field sensing node: light, precipitation, tempera-

ture/humidity, and optical water-level sensing.

This node-level design separates sensing, embedded processing, wireless transmission, and
power management into clear hardware blocks. This separation makes the prototype easier to
assemble, debug, maintain, and extend.
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3.2 Sensors, MSP430, and ESP32 Interface Design

This section describes the hardware interfaces between the sensors, MSP430FR 5994 microcon-
troller, and ESP32/LoRa module. The sensing node uses different MSP430 peripheral interfaces
according to the signal type of each sensor. The DHT22 temperature and humidity sensor uses
a Timer B capture input for pulse-width measurement. The light and precipitation sensors use
ADCI12 channels for analog measurement. The discrete water-level sensing function uses GP1O
input pins that are read as high/low states. The MSP430 communicates with the ESP32 through
UART and uses an additional GPIO control line to support ESP32 sleep/wake coordination.
DHT22 temperature and humidity sensor. The DHT22/AM2302 sensor [39] provides tem-
perature and humidity measurements through a single-wire digital signal. Since the DHT22
encodes data using pulse-width timing, its data line is connected to an MSP430 Timer B cap-
ture input. This hardware connection allows the MSP430 firmware to measure the pulse widths
required for DHT22 decoding. The detailed timing-decoding procedure will be described in
Chapter 4.
Light sensor interface. The light sensor uses an LM393-based sensing board [40], where the
sensing element produces an analog voltage that changes with the light condition. The LM393
circuit can provide threshold-based digital comparison on many modules, but this prototype uses
the analog output path so that the MSP430 can obtain a quantitative light-related measurement.
The analog output of the light sensor board is connected to MSP430 ADC12 channel 2. The
MSP430 converts this signal into a 12-bit ADC value in the range from 0 to 4095, which is later
processed by the embedded software before storage and transmission.
Precipitation sensor interface. The precipitation sensor also uses an LM393-based sensing
board. The rain-sensing surface produces an analog response that changes with water contact
or wetness, and the LM393 circuit can support threshold comparison if a binary rain/no-rain
signal is desired. In this prototype, the analog output is connected to MSP430 ADC12 channel 3
so that the node can record a quantitative precipitation-related measurement instead of only a
binary status. The resulting ADC value is processed by the embedded software and included in
the node record.
Discrete water-level sensing interface. The water-level sensing function is implemented using
four FS-IR02B optical water sensors installed at different height levels. Each FS-IR02B sensor
provides a digital water-contact state. Therefore, the four sensors together provide a discrete
water-level indication rather than a continuous analog water-level measurement. The four sen-
sor outputs are connected to MSP430 Port 3 pins 0-3. In the current firmware, these pins are
configured as GPIO inputs with pull-up resistors, and the MSP430 reads their high/low states
during the sensing cycle. This design provides a simple and low-power way to identify which
discrete water-level thresholds have been reached.
MSP430-to-ESP32 UART interface. The MSP430 sends node records to the ESP32 through
UART. On the MSP430 side, Port 2 pins 5 and 6 are configured for UART operation. The
UART is configured at 9600 baud using the system clock. On the ESP32 side, GPIO 39 is used
as UART RX and GPIO 40 is used as UART TX. This UART link transfers the sensor record
and node-level information from the MSP430 to the ESP32 before LoRa transmission.
ESP32 sleep/wake control. In addition to UART communication, the MSP430 uses Port 3
pin 7 as a control signal connected to the ESP32 wakeup pin, GPIO 4. This signal allows the
low-power MSP430 sensing unit to trigger the ESP32 communication module when wireless
transmission is needed. This design reduces unnecessary ESP32 active time and supports the
energy-aware operation of the field node.

The resulting interface mapping is summarized as follows: 1) DHT22 temperature and hu-

16



midity use an MSP430 Timer B capture input; 2) the LM393-based light sensor uses MSP430
ADCI12 channel 2; 3) the LM393-based precipitation sensor uses MSP430 ADC12 channel 3;
4) the four FS-IR02B optical water sensors use MSP430 Port 3 pins 0-3 as GPIO inputs for
discrete high/low water-level detection; 5) the MSP430 UART uses Port 2 pins 5 and 6 at 9600
baud; 6) the ESP32 UART uses GPIO 39 as RX and GPIO 40 as TX; and 7) MSP430 Port 3
pin 7 is connected to ESP32 GPIO 4 for sleep/wake control.

This interface design keeps the hardware connections aligned with the electrical behavior
of each sensor and communication signal. Chapter 4 explains how the firmware implements
DHT?22 pulse decoding, ADC sampling, discrete water-level state reading, UART frame gen-
eration, and ESP32 wake/sleep coordination.

3.3 Energy-Harvesting Circuit Implementation

The energy-harvesting circuit is one of the key hardware components of the field sensing node.
Its purpose is to support long-term outdoor operation by harvesting solar energy, managing local
energy storage, and providing a stable supply voltage to the embedded electronics. This design
reduces the need for frequent battery replacement and supports the self-sustaining operation
goal of the project.

As shown in Figure 3.1, the power subsystem uses a solar panel, a BQ25570-based power-
management circuit, local capacitor and LiPo battery storage, and a regulated 3.3 V output.
The solar panel provides the input energy source. When the solar input is weak, the BQ25570-
based circuit boosts the input and manages energy transfer between the harvested source, the
local storage stage, and the regulated output path.

The BQ25570-based subsystem has two main paths. The first path is the storage path con-
nected to the capacitor and LiPo battery. This storage stage is maintained around the 4.2 V
charging/storage level and supports both charging and discharging. When sufficient solar en-
ergy is available, the BQ25570-based circuit charges the local storage stage. When solar input
is weak or unavailable, the stored energy can support continued node operation. The capacitor
provides short-term energy buffering, while the LiPo battery provides longer-term energy stor-
age. The second path is the regulated output path. The BQ25570-based circuit provides a stable
3.3 V output that powers the MSP430FR5994, sensing modules, and ESP32/LoRa module. This
regulated output is important because the embedded electronics require a stable supply voltage
for reliable sensing, local processing, UART communication, and wireless transmission.

This design is important because the capacitor and LiPo battery storage stage does not di-
rectly power the embedded electronics without regulation. Instead, the BQ25570-based sub-
system manages the harvested and stored energy and provides the regulated 3.3 V rail used
by the field-node electronics. Combined with low-power MSP430 operation and controlled
ESP32/LoRa wakeup and transmission behavior, the energy-harvesting subsystem supports the
long-term deployment of the field sensing node.

3.4 Gateway and Edge Server Hardware

The gateway-side hardware consists of a Heltec ESP32 V3 LoRa board used as the receiver
and a Raspberry Pi 4B used as the edge server. The Heltec ESP32 V3 receiver collects LoRa
packets transmitted by the field sensing nodes and forwards the received data to the Raspberry
Pi 4B through a USB serial connection. This USB-based connection is convenient for field
operation because the receiver can be easily connected to the Raspberry Pi 4B, or later moved
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to a desktop computer, laptop, or server with a compatible Ubuntu/Linux environment.

In the prototype, the LoRa receiver is configured to match the field-node LoRa transmission
settings. The system operates in the 915 MHz band with 125 kHz bandwidth, spreading factor 7,
coding rate 4/5, and preamble length 8. These settings support low-data-rate transmission of
compact sensor records while maintaining a practical communication range for the prototype
deployment.

The Raspberry Pi 4B runs an Ubuntu/Linux environment and serves as the local edge server.
It receives data from the Heltec ESP32 V3 receiver through USB serial, stores parsed records
locally, and hosts the web-based dashboard service. The dashboard can be opened through
a browser on the same Ubuntu system. The Raspberry Pi 4B also provides the computing
platform for server-side data management and warning-analysis scripts. More detailed server-
side software design is described in Chapter 6.

Figure 3.3 shows the gateway and edge-server hardware setup. The figure highlights the
receiver-side data path from LoRa packets, to the Heltec ESP32 V3 LoRa receiver, to the Rasp-
berry Pi 4B through USB serial, and finally to the browser-based dashboard running on the
Ubuntu/Linux system. It also shows that the USB receiver connection supports migration to
another Ubuntu/Linux desktop, laptop, or server when needed.
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Figure 3.3: Gateway and edge-server hardware setup.

3.5 Prototype Physical Assembly

The hardware prototype includes two physical parts: the outdoor field sensing node and the
gateway/edge-server unit. The field sensing node is designed for outdoor-oriented sensing and
local communication, while the gateway/edge-server unit is designed for LoRa packet reception,
USB serial forwarding, server-side data ingestion, dashboard hosting, and analysis support.

The field sensing node was assembled inside a weatherproof enclosure to protect the MSP430FR5994
microcontroller, ESP32/LoRa module, BQ25570-based power-management circuit, local energy-
storage components, wiring, and internal sensor connections. The enclosure provides physical
protection while still allowing the node to interface with external sensing and power compo-
nents. A solar panel is mounted above the enclosure to support energy harvesting, and the LoRa
antenna is mounted externally to improve wireless communication with the receiver.
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The precipitation sensor is externally mounted so that the rain-sensing surface is exposed to
rainfall. The four FS-IR02B optical water-level sensors are installed at different height levels
along the vertical PVC support structure to provide discrete water-level detection. The DHT22
temperature/humidity sensor and light sensor are placed inside or near the protected sensing
area, where they can measure local environmental conditions while remaining protected from
direct physical damage. The externally mounted precipitation and water-level sensors are sup-
ported using 3D-printed holders and sealed wiring paths to improve robustness under wet con-
ditions.

Several practical considerations are important for the field-node assembly. The solar panel
should be placed where it can receive sufficient sunlight. The LoRa antenna should be posi-
tioned to reduce obstruction and improve communication range. The precipitation sensor should
remain exposed to rainfall while being protected from mechanical damage. The optical water-
level sensors should be mounted at known height levels so that their digital outputs correspond
to meaningful discrete water-level states. The enclosure openings and cable entry points should
be sealed or protected to reduce water ingress. Cables should be strain-relieved to reduce fail-
ure due to wind, handling, or vibration. The node should also be mounted securely while still
allowing maintenance access.

Figure 3.4 shows the assembled field sensing node prototype. The figure documents the
physical integration of the weatherproof enclosure, solar panel, LoRa antenna, externally mounted
precipitation sensor, internal electronics, and discrete water-level sensing structure.

E8P32 /08Ra e —— S0lar Paner ‘
Moduler - )

Ugft Intersity LoRa
P Sercor Anterna
a §

A »
ol
D/IT22

Temperriture /
Humidity Senoor Precipitation |,
Sensor

=PA3BtR6384
Microoitraler

— (= I

F51P038 -
a g Level3
Water-lexra o
Sensars
(4 Levels)

)

Ly ® o Lover (lowis))

(A) Orenrencleeure view (Intemal elecironics) (b) Assenroled protorppe view (evtemal compenents)

Figure 3.4: Assembled field sensing node prototype.

The gateway/edge-server hardware was assembled using a Raspberry Pi 4B and a Heltec
ESP32 V3 LoRa receiver. The Heltec receiver receives LoRa packets from the field sensing
node and forwards the received data to the Raspberry Pi 4B through USB serial. The Raspberry
Pi 4B runs the Ubuntu/Linux server environment for serial data ingestion, packet parsing, CSV
storage, dashboard hosting, and warning-analysis support. The USB-based connection also
makes the gateway flexible, because the receiver can be moved from the Raspberry Pi 4B to
another desktop, laptop, or server if needed.
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Figure 3.5 shows the assembled gateway and edge-server hardware prototype. This fig-
ure complements the gateway hardware diagram presented earlier in this chapter by showing
the actual physical implementation of the LoRa receiver, USB serial connection, antenna, and
Raspberry Pi 4B server platform.
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Figure 3.5: Assembled gateway and edge-server hardware prototype with Raspberry Pi 4B and
Heltec ESP32 V3 LoRa receiver connected through USB serial.

3.6 Summary

This chapter described the hardware prototype of the smart and self-sustaining coastal flood
early-warning system. The field sensing node integrates environmental and flood-related sen-
sors, an MSP430FR5994 microcontroller, an ESP32/LoRa wireless communication module,
and a BQ25570-based solar energy-harvesting power subsystem. The DHT22/AM2302 tem-
perature and humidity sensor is connected to an MSP430 Timer B capture input for pulse-width-
based measurement. The LM393-based light and precipitation sensor modules are connected
to MSP430 ADCI12 channels for analog measurement. Four FS-IR02B optical water sensors
are installed at different height levels and connected to MSP430 Port 3 GPIO inputs for discrete
high/low water-level detection.

The MSP430 communicates with the ESP32/L.oRa module through UART, using MSP430
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Port 2 pins 5 and 6 on the MSP430 side and ESP32 GPIO 39 and GPIO 40 on the ESP32 side.
MSP430 Port 3 pin 7 is connected to ESP32 GPIO 4 to support sleep/wake coordination for
energy-aware wireless communication. The power subsystem harvests solar energy, manages
capacitor and LiPo storage around the 4.2 V charging/storage level, and provides a stable 3.3 V
regulated output for the embedded electronics. The gateway-side hardware includes a Heltec
ESP32 V3 LoRa receiver and a Raspberry Pi 4B edge server connected through USB serial for
packet reception, local data storage, dashboard hosting, and server-side analysis.
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4. Embedded Software and Local Flood-Risk Prediction

This chapter describes the embedded software implemented on the MSP430FR5994 field sens-
ing node. While Chapter 3 described the hardware prototype and sensor interfaces, this chapter
focuses on the firmware workflow that converts raw sensor signals into local flood-risk predic-
tion outputs. The embedded software performs timer-driven sensing, DHT22 temperature and
humidity decoding, ADC sampling for light and precipitation, discrete water-level state reading,
sensor conversion, configurable aggregation-window processing, local MLP-based flood-risk
inference, and ESP32 coordination for wireless transmission.

The local prediction model is executed directly on the MSP430. This design allows the
field node to produce a local risk estimate before transmitting the node record to the receiver.
The local prediction result can then be used by the server and dashboard as part of the broader
flood-warning workflow.

4.1 Embedded Software Overview

The MSP430 firmware is organized around a repeated sensing and processing cycle. After
initialization, the MSP430 configures the clock system, UART interface, ADC module, timer
modules, water-level GPIO inputs, and ESP32 wakeup control pin. The firmware then enters
a low-power operating state and wakes periodically through a timer-driven event. During each
sensing cycle, the MSP430 activates the DHT22 sensor, captures pulse timing for temperature
and humidity decoding, samples the light and precipitation ADC channels, reads the discrete
water-level GPIO states, updates the local prediction module, and prepares a node record for
transmission to the ESP32/L.oRa module.

Figure 4.1 shows the MSP430 embedded software workflow. The workflow is organized
into three functional layers: firmware control, sensing and processing, and inference and com-
munication. The control layer initializes the clocks, timers, ADC, UART, GPIO inputs, and
ESP32 wakeup pin, then places the MSP430 in a low-power waiting state until the next timer-
triggered sensing cycle. The sensing and processing layer acquires one raw sensing packet from
the DHT22 temperature/humidity sensor, light sensor, precipitation sensor, and discrete water-
level inputs, then converts the raw measurements into the training-aligned representation. The
inference and communication layer groups raw packets according to the configurable aggre-
gation count, updates the history buffer, constructs the 16-feature input vector, executes the
embedded MLP, updates the local risk prediction, and coordinates ESP32 wakeup and UART
transmission.

The workflow in Figure 4.1 separates the MSP430 firmware into sensing, local prediction,
and communication-preparation functions. Sensor acquisition produces the raw environmental
and discrete water-level measurements. The local prediction path converts these measurements
into model-aligned features and generates a five-class flood-risk output. The communication-
preparation path attaches the prediction result to the node record and coordinates the ESP32
wakeup signal before UART transmission. The detailed UART frame and LoRa transmission
workflow are described in Chapter 5.
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Figure 4.1: MSP430 embedded software workflow.

4.2 Timer-Driven Sensing Cycle

The sensing node uses a timer-driven execution structure. In the implemented firmware, Timer A
generates periodic timing events. A timer counter is used to determine when the full sensing
cycle should be triggered. Let (7) denote the sensing period. The value of (75) is configurable
in the firmware and determines how frequently the node performs a complete sensing operation.
In the current prototype configuration, (7%) is set to approximately 15 seconds.

The timer-driven structure is important for low-power operation. Instead of keeping the
MSP430 active continuously, the firmware allows the microcontroller to remain in a low-power
state between sensing events. When the timer condition is met, the firmware starts the DHT22
capture procedure and then performs the remaining sensor acquisition tasks. After sensing, local
processing, prediction update, and transmission preparation are complete, the system returns to
the waiting state until the next sensing cycle.

The aggregation interval is also configurable. Let (/V,) denote the number of raw sensing
packets grouped into one aggregated sample. The aggregation duration is therefore

T, = N,T., (4.1)

where (7},) is the aggregation-window duration. In the current prototype, (75 ~ 15) seconds
and (N, = 4), so (T,) is approximately 60 seconds. This setting matches the current model
input configuration. If (7%), (/V,), or the feature windows are changed, the model training con-
figuration should be updated accordingly to ensure the embedded features remain aligned with
the trained model.

The high-level sensing cycle can be summarized as follows. The timer event starts the sens-
ing cycle. The firmware activates the DHT22 sensor and captures timing pulses for temperature
and humidity. After the DHT22 data are reconstructed and verified, the firmware samples the
light and precipitation ADC channels, reads the discrete water-level GPIO inputs, updates the
local prediction helper, and prepares the node record for UART transmission to the ESP32. The
following sections describe these sensor-specific operations.
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4.3 Temperature and Humidity Decoding

The DHT22/AM?2302 sensor provides temperature and humidity data using a single-wire timing-
based digital protocol. The MSP430 must first generate a start signal before the sensor returns
its data. In the implemented firmware, the MSP430 briefly waits to ensure timing stability,
configures the DHT22 data pin as an output, pulls the line low to issue the start pulse, drives
the line high, waits for a short release period, and then switches the pin back to input mode.
The pin is then connected to the Timer B capture function so that the MSP430 can measure the
timing of the incoming DHT22 response pulses.

After the start signal, the DHT22 responds by sending a sequence of pulses. The data frame
contains 40 data bits, which are organized into five bytes: humidity high byte, humidity low
byte, temperature high byte, temperature low byte, and checksum. The firmware uses Timer B
capture to record the timing of falling edges. The difference between consecutive captured timer
values is stored as a pulse-width measurement. A timing threshold is then used to determine
whether each bit corresponds to a binary 0 or binary 1.

The firmware reconstructs the five received bytes from the measured pulse widths. The first
8 bits are assigned to the humidity high byte, the next § bits to the humidity low byte, the next 8
bits to the temperature high byte, the next 8 bits to the temperature low byte, and the final 8 bits
to the checksum byte. The checksum is verified by adding the first four bytes and comparing
the result with the received checksum. If the checksum does not match, the firmware clears the
temperature and humidity bytes to avoid using invalid DHT22 data.

The DHT22 humidity value is reconstructed as

256h, + h
= 20t

0 (4.2)

where hj, and h; are the humidity high and low bytes. The temperature value is reconstructed

as
T 256t + zfl7 4.3)
10
where t;, and {; are the temperature high and low bytes. When the sign bit is set in the tem-
perature field, the firmware removes the sign bit and treats the decoded temperature as nega-
tive. These decoded temperature and humidity values are later used by the local MLP feature-

construction process.

4.4 ADC Sampling for Light and Precipitation

The light and precipitation sensors are sampled through the MSP430 ADC12 module. Both
sensors use LM393-based sensing boards, but the firmware uses the analog output path rather
than the threshold-based digital output path. This allows the node to obtain quantitative 12-bit
measurements instead of only binary status values.

The light sensor analog output is connected to MSP430 ADC12 channel 2. During the
sensing cycle, the firmware selects this ADC channel, starts the conversion, reads the 12-bit
result, and stores the raw light value. The precipitation sensor analog output is connected to
MSP430 ADCI12 channel 3. The firmware then selects the precipitation channel, starts the
conversion, and stores the raw precipitation value.

The ADC output range is

Traw € [0,4095], (4.4)
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where 2, represents a raw 12-bit ADC reading. To match the training dataset representation,
the embedded inference helper converts the raw readings using

L = 4095 — Lypy, (4.5)

and
P =4095 — P, (4.6)

where L is the training-aligned light value, P is the training-aligned precipitation value, L,
is the raw light ADC reading, and P, is the raw precipitation ADC reading. This conversion
keeps the embedded inference input consistent with the data representation used during model
training.

4.5 Discrete Water-Level State Reading

The water-level sensing function is implemented using four FS-IR02B optical water sensors
installed at different height levels. Each sensor provides a digital high/low state. Together, the
four sensors provide a discrete water-level representation. This is different from a continuous
analog water-level measurement. The firmware reads the four water-level signals from MSP430
Port 3 pins 0-3.

In the current implementation, these pins are configured as GPIO inputs with pull-up re-
sistors. During each sensing cycle, the firmware reads the four-bit Port 3 state and masks the
relevant bits. The resulting water-level code is stored as a compact discrete state:

w = bo + 2b1 + 4b2 + 8b3, (47)

where by, b1, by, b3 € {0, 1} are the digital states of the four FS-IR02B sensors. In the imple-
mented risk representation, the valid water-level codes are

w € {15,14,12,8,0}. (4.8)

These codes correspond to increasing water-level conditions as more sensor levels are reached.
A lower code indicates that more of the discrete water-level sensors have changed state, which
corresponds to a higher detected water level.

The firmware sanitizes the water-level code before using it in the prediction pipeline. The
sanitized value 1s mapped to a local water-risk class as

0, w =15, 1,
T =4qw=14, 2, w=12, 3, (4.9)
w=38,4, w=0.
The normalized water-risk input is then
Tw
on = —. 4.10
P = (4.10)

This normalized value is included in the local MLP input features.
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4.6 Embedded MLP-Based Local Flood-Risk Prediction

The local flood-risk prediction model is implemented as a lightweight multilayer perceptron
on the MSP430. The embedded inference helper receives the decoded DHT22 values, training-
aligned light and precipitation values, and discrete water-level code. It then performs aggregation-
window processing, constructs the 16-input feature vector, and runs the MLP inference function.
Model training and deployment. The MLP is trained offline using training data constructed
with the same sensor representation used by the embedded firmware. The training pipeline uses
converted temperature, humidity, light, precipitation, and water-risk values, together with recent
history-window statistics, to learn a five-class flood-risk classifier. After training, the learned
weights and biases are exported into a C header file and compiled into the MSP430 firmware.
Therefore, the MSP430 performs inference only; it does not train or update the neural-network
parameters in the field. This design keeps the embedded computation lightweight while allow-
ing the model to be retrained offline when additional field data becomes available.
Aggregation-window processing. The embedded inference helper groups multiple raw sensing
packets into one aggregated sample before feature construction. Let NV, denote the number of
raw sensing packets used in one aggregation window. The aggregated value for a sensor variable
xis

1 o
T, = E;xk, 4.11)

where N, is configurable. In the current prototype, N, = 4. With the current sensing period,
this produces an approximately 60-second aggregated sample. This averaging is applied to
temperature, humidity, light, and precipitation. For the discrete water-level code, the firmware
keeps the minimum code observed within the aggregation window:

w, = min(wy, wa, ..., Wy, ). (4.12)

This rule is used because a lower water-level code corresponds to a higher detected water level.
History buffer. The local inference helper maintains a circular history buffer of aggregated
samples. Let N, denote the number of aggregated samples stored in the history buffer. The
current deployed configuration uses NV, = 60, but this is a configurable model-design parameter
rather than a fixed hardware limitation. The history buffer is used to compute current values,
short-term averages, longer-window averages, maximum precipitation values, maximum water-
risk values, and precipitation change information. If the aggregation interval or history length is
changed, the model training configuration should be updated consistently so that the embedded
features remain aligned with the trained model.

Feature construction. The local model uses a 16-dimensional feature vector. To avoid a long
one-line expression, the feature vector is written as the concatenation of a current-condition
vector and a history-statistics vector:

X = [x % CUI X * hist] € R, (4.13)
The current-condition vector is

Xcur = [Tn Hn Ln Pn Tw,n]T

, (4.14)

where T,,, H,,, L, P,, and r,, , are the normalized current temperature, humidity, light, precip-
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itation, and water-risk values. The history-statistics vector is

E Wis
B Weo
P
Lo
Xhist = ]—:IW15 . (415)
TW15

L Wis
max

Tow,Wis
max

Tw,Weo

_Pn - Pn7W15_

Here, W5, W5, and Wy, denote feature windows measured in numbers of aggregated samples.
In the current deployed model, these windows are set to 5, 15, and 60 aggregated samples,
respectively. When the aggregation interval is approximately 60 seconds, these windows cor-
respond approximately to 5, 15, and 60 minutes. If a different aggregation interval is selected,
the physical duration represented by each window changes accordingly, and the model should
be retrained or reconfigured to match the new setting. The main normalization operations are

T —20
T, = , 4.16
oF (4.16)
H

H, = —, 4.17
100 ( )

L P
Ly,=——, P, =—, (4.18)

4095 4095
and
oy = 2 (4.19)
w,n 4 . .

The firmware also clips values to reasonable ranges to reduce the effect of abnormal sensor
readings before model inference.

MLP architecture. The embedded MLP uses a 16-input, two-hidden-layer, five-output struc-
ture. The architecture is

16 =16 —+ 8 = 5. (4.20)

The two hidden layers use ReLLU activation. The output layer produces five logits corresponding
to RiskO0, Riskl1, Risk2, Risk3, and Risk4. Figure 4.2 shows the local MLP architecture.
The MLP computation is

a; = ReLU(xW1 + bl), (421)
Ay = RCLU(31W2 + bg), (422)

and
7 — 32W3 + b3, (423)

where x is the 16-feature input vector, a; and a, are hidden-layer activations, and z is the five-
dimensional output logit vector. The predicted risk class is selected as

y =arg max 2. (4.24)
ce{0,1,2,3,4}
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Figure 4.2: Embedded MLP architecture for local flood-risk prediction.

Feature saliency analysis. A saliency analysis can be used to interpret the local MLP behav-
ior. The saliency map estimates the relative influence of each input feature on the model output.
This provides a useful diagnostic view because it indicates whether the embedded model is re-
lying on physically meaningful inputs, such as precipitation history, water-level state, humidity,
temperature, and temporal changes in precipitation.

Figure 4.3 shows the saliency analysis of the local MLP input features for Node 1. The
result shows that current water risk is the most influential feature by a clear margin, with
a normalized saliency value much larger than all other inputs. This indicates that the local
MLP strongly relies on the current discrete water-level condition when producing the flood-
risk prediction. The second most important feature is maximum water risk over the recent
15-minute window, which suggests that recent water-level persistence or short-term water-
level history also contributes to the prediction. The next group of influential features includes
average precipitation over the longer window, current temperature, average humidity,
and average temperature, showing that the model also uses environmental context rather than
relying only on the instantaneous water-level state.

The lower-ranked features include current precipitation, light intensity, short-window pre-
cipitation averages, and short-window precipitation maxima. This does not mean that these fea-
tures are unimportant in all conditions; rather, for this saliency analysis, their average influence
over the selected valid samples is smaller than the water-risk and longer-window environmen-
tal features. Overall, the saliency map is consistent with the intended model behavior: direct
water-level evidence dominates the local warning decision, while recent water-level history and
environmental trends provide additional contextual information for flood-risk prediction.
Prediction output. The local model outputs one of five risk classes, from RiskO to Risk4. In
the embedded implementation, the class IDs are represented by integer values from 0 to 4. A
special value of 255 is used to indicate that prediction is not ready. When a new valid prediction
is produced, the firmware updates the stored prediction field. If a new prediction has not yet

28



Current water risk

Max water risk, last 15 min
Avg precipitation, last 60 min
Current temperature

Avg humidity, last 15 min
Avg temperature, last 15 min
Current humidity

Max precipitation, last 60 min

Precipitation slope, 15 min

DNN input feature

Max water risk, last 60 min
Current precipitation

Avg light intensity, last 15 min
Avg precipitation, last 5 min

Current light intensity

Avg precipitation, last 15 min

Max precipitation, last 15 min

0.00 0.05 0.10 0.15 0.20 0.25 0.30 0.35
Normalized saliency

Figure 4.3: Saliency map of the local MLP input features.

been produced, the firmware keeps the previous valid prediction or keeps the not-ready state
during startup. The detailed UART frame format used to transmit this node record is described
in Chapter 5.

4.7 Power-Aware Operation and ESP32 Coordination

The ESP32/LoRa module consumes more power during wireless communication than the MSP430
consumes during sensing and local processing. Therefore, the firmware coordinates the ESP32
through a dedicated wakeup control line. The MSP430 uses Port 3 pin 7 as the control out-
put connected to ESP32 GPIO 4. Before sending a node record, the MSP430 sets the wakeup
control line high, waits briefly, and then sends the record through UART. After transmission,
the MSP430 clears the control line so that the ESP32 can return to its low-power state. This
approach allows the MSP430 to remain the primary low-power controller of the field node.
The MSP430 performs sensing, aggregation-window processing, and local inference, while the
ESP32 is primarily activated for wireless communication. This separation is consistent with
the self-sustaining hardware design, where the BQ25570-based energy-harvesting subsystem
provides the regulated 3.3 V output and the firmware reduces unnecessary active time of the
higher-power communication module.

4.8 Embedded Software Pseudocode

Algorithm 1 summarizes the MSP430-side embedded workflow. The detailed ESP32 LoRa
transmission and receiver-side parsing are described in Chapter 5. This pseudocode shows the
relationship among sensing, local processing, prediction, and communication preparation. The
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Algorithm 1 MSP430 embedded sensing and local prediction workflow

Inputs: Sensing period T, aggregation count N, history length N, and configured node ID
Inputs: Trained MLP weights {Wy, by, Wy, by, W3 b3}
Outputs: Node record containing decoded sensor values, discrete water-level state, prediction
class, node ID, and frame markers
1: Initialize clocks, UART, ADC12, Timer A, Timer B capture, water-level GPIO inputs, and
ESP32 wakeup control pin
2: Initialize prediction field as 255 to indicate not ready
3: Enter low-power waiting state

4: while system is active do

5: if Timer A indicates the next sensing cycle then
6 Generate DHT22 start pulse and release the data line
7: Enable Timer B capture for DHT22 pulse timing
8 end if
9 if 40 DHT22 timing pulses have been captured then
10: Decode humidity bytes, temperature bytes, and checksum byte
11: if checksum fails then
12: Clear DHT22 data bytes
13: end if
14: Sample light sensor using ADC12 channel 2
15: Sample precipitation sensor using ADC12 channel 3
16: Read Port 3 pins 0-3 for discrete water-level state
17: Convert DHT22 bytes to temperature and humidity
18: Convert raw light and precipitation values using the 4095 offset
19: Sanitize the water-level code
20: Accumulate the raw packet into the aggregation buffer
21: if N, raw packets have been accumulated then
22: Create one aggregated sample
23: Update the circular history buffer of length N},
24: Construct the 16-feature input vector x
25: Run the DNN inference
26: Update prediction class if a new prediction is valid
27: end if
28: Set record head marker, tail marker, node ID, and prediction field
29: Raise ESP32 wakeup control signal
30: Send node record to ESP32 through UART
31: Clear ESP32 wakeup control signal
32: Return to low-power waiting state
33: end if 30

34: end while




MSP430 firmware not only collects raw values. It also prepares model-aligned input features
and produces a local flood-risk prediction before the node record is transmitted.

4.9 Summary

This chapter described the embedded software and local flood-risk prediction implementation
on the MSP430FR5994 sensing node. The firmware uses a timer-driven sensing cycle to peri-
odically acquire temperature, humidity, light, precipitation, and discrete water-level measure-
ments. The DHT22/AM2302 sensor is decoded using a start pulse, release delay, Timer B cap-
ture, pulse-width reconstruction, and checksum verification. The light and precipitation sensors
are sampled using ADC12 channels, and the four FS-IR02B optical water sensors are read as
GPIO high/low states.

The firmware converts raw sensor readings into the training-aligned representation and uses
configurable aggregation-window processing. The current prototype uses a configurable sens-
ing period and aggregation count, with 7 ~ 15 seconds and N, = 4 as an example setting
that produces an approximately 60-second aggregated sample. The firmware then maintains
a history buffer of aggregated samples, constructs a 16-feature input vector, and executes a
lightweight 16—-16-8-5 MLP for five-class local flood-risk prediction. The MLP is trained of-
fline, exported as embedded C weights, and executed on the MSP430 for inference only. The
predicted class is stored in the node record and transmitted to the ESP32/LoRa module un-
der MSP430-controlled wake/sleep coordination. The next chapter describes the UART frame,
ESP32/LoRa communication, receiver operation, and server-side data transmission workflow.
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5. Wireless Communication and Data Transmission

This chapter describes the wireless communication and data-transmission workflow of the coastal
flood early-warning prototype. While Chapter 4 described the MSP430-side sensing, process-
ing, and local prediction workflow, this chapter focuses on how the node record is transferred
from the MSP430 to the ESP32/LoRa module, transmitted through the LoRa wireless link, re-
ceived by the gateway-side Heltec ESP32 V3 LoRa board, and forwarded to the Raspberry Pi
4B edge server through USB serial.

The communication design follows a simple and modular path. The MSP430 prepares a
compact node record after each valid sensing cycle. The record is transferred to the ESP32
through UART. The ESP32 then sends the record through LoRa. On the receiver side, another
Heltec ESP32 V3 LoRa board receives the packet and forwards the received data through USB
serial to the Raspberry Pi 4B. This design separates local sensing and prediction from wireless
communication and server-side data management.

5.1 Communication Workflow Overview

1) Field Sensing Node 2) LoRa Wireless Link 3) Gateway / Server Side
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UART
9600 baud :
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Figure 5.1: Wireless communication and data transmission workflow.

The workflow in Figure 5.1 is intentionally different from the overall system architecture
in Chapter 2. The purpose here is not to show all system functions, but to focus on the commu-
nication chain that moves one node record from the embedded sensing node to the edge server.
The end-to-end communication workflow starts from the field sensing node. The MSP430 col-
lects sensor values, updates the local MLP prediction, and stores the current result in a compact
node record. Before UART transmission, the MSP430 raises the ESP32 wakeup control signal.
The ESP32 receives the UART record, transmits it through the LoRa radio, and then returns to
a lower-power state after the communication event.
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On the gateway side, the Heltec ESP32 V3 LoRa receiver listens for incoming LoRa pack-
ets using the same radio settings as the transmitter. After a packet is received, the receiver
forwards the data to the Raspberry Pi 4B through USB serial. The Raspberry Pi 4B runs the
Ubuntu/Linux-based server environment and receives the serial data stream for parsing, local
storage, dashboard display, and warning analysis.

Figure 5.1 shows the wireless communication and data-transmission workflow. The figure
emphasizes the data path from the MSP430 node record, to the ESP32/L.oRa transmitter, to the
LoRa receiver, and finally to the Raspberry Pi 4B server through USB serial.

5.2 UART Transfer and Payload Structure

The MSP430-to-ESP32 data transfer uses UART. In the current prototype, the MSP430 UART
is configured at 9600 baud. The UART connection carries a compact binary node record rather
than a long text string. This reduces communication overhead and allows the ESP32 to forward
the received record through LoRa with a small packet size.

The current MSP430 payload is based on a packed sensor-data structure. The packed format
avoids padding bytes between fields and makes the transmitted record compact. The payload
contains a start marker, DHT22 raw bytes, light and precipitation ADC values, discrete water-
level state, local prediction result, node ID, and an end marker. The field order is:

Head | hh | hl | th | t1 | hum | temp | rain | light | water | prediction |
node_id | Tail

The Head field is set to 'A', and the Tail field is set to 'Z'. These two markers provide a
simple boundary check for the receiver and parser. The fields hh, h1, th, and t1 are the DHT22
humidity and temperature bytes. The fields rain and light are the raw ADC readings from
the precipitation and light sensors. The water field stores the four-bit discrete water-level state
read from the FS-IR02B optical water sensors. The prediction field stores the local MLP
output, where values 0—4 correspond to Risk0—Risk4 and 255 indicates that the prediction is
not ready. The node_id field identifies the sensing node. field identifies the sensing node.

The current payload still includes one-byte hum and temp fields as part of the sensor-data
structure. The main DHT22 temperature and humidity information, however, is reconstructed
from the raw DHT22 byte fields hh, hl, th, and t1. Keeping the binary structure fixed helps
maintain compatibility between the MSP430 firmware, ESP32 forwarding code, and server-side
parser. This payload structure is different from a server-side CSV record. The MSP430 does
not send a text field such as DATA at the beginning of the UART payload. Instead, the UART
payload is a compact binary record bounded by 'A' and 'Z"'. After the receiver and server parse
the incoming record, the server can convert the decoded values into structured storage fields for
CSV files, plots, and dashboard display.

5.3 Transmitter Operations

The ESP32/LoRa module serves as the wireless transmitter for the field sensing node. Since the
ESP32 consumes more power during wireless operation than the MSP430 does during sensing
and local inference, the MSP430 controls when the ESP32 should be active for communication.
The MSP430 uses the wakeup control line to trigger the ESP32 before sending the UART record.

The transmitter operation follows a short communication sequence. 1) After the MSP430
finishes sensing and updates the prediction field, it sets the start and end markers of the node
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record. 2) The MSP430 raises the ESP32 wakeup control signal. 3) After a short delay, the
MSP430 sends the packed sensor record through UART. 4) The ESP32 receives the UART
record and transmits it using the LoRa radio. 5) The MSP430 clears the wakeup control signal
so the ESP32 can return to its lower-power state.

The LoRa transmitter uses the 915 MHz band in the prototype. The radio configuration
uses 125 kHz bandwidth, spreading factor 7, coding rate 4/5, and preamble length 8. These
settings are suitable for compact sensor records and provide a practical balance between data
rate, communication range, and packet airtime for the prototype deployment.

The transmitter design keeps the MSP430 as the primary low-power controller. The MSP430
performs sensing, local aggregation, MLP inference, prediction update, and UART payload
preparation. The ESP32 is mainly responsible for receiving the UART record and perform-
ing the wireless LoRa transmission. This division reduces unnecessary ESP32 active time and
supports the self-sustaining goal of the energy-harvesting field node.

5.4 Receiver Data Forwarding and Parsing

The gateway-side receiver is implemented using another Heltec ESP32 V3 LoRa board. The
receiver is configured with the same LoRa parameters as the transmitter so that it can receive
packets from the field sensing nodes. After receiving a LoRa packet, the receiver forwards the
received data to the Raspberry Pi 4B through a USB serial connection.

The USB serial connection is important for practical deployment and maintenance. It allows
the receiver board to be connected directly to the Raspberry Pi 4B during normal operation. It
also makes the receiver portable, because the same receiver can be moved to a desktop computer,
laptop, or other Ubuntu/Linux server for debugging, migration, or higher-capacity operation.
This design reduces dependence on a fixed gateway hardware configuration.

On the server side, the incoming serial stream is parsed into structured node records. The
parser checks the start and end markers, extracts the node ID, decodes the DHT22 byte fields,
reads the ADC-based light and precipitation values, reads the discrete water-level state, and
obtains the local prediction field. After parsing, the server can store the decoded information
and make it available to the dashboard and warning-analysis functions. The server-side storage,
dashboard, and analysis implementation are described in Chapter 6.

The receiver and parser together form the bridge between the wireless field node and the
edge-server software. The receiver handles the radio-to-USB forwarding function, while the
server converts the forwarded binary record into usable data fields for monitoring and analysis.

5.5 Communication Reliability

Communication reliability depends on both radio configuration and packet parsing. For the
LoRa link, the transmitter and receiver must use matching radio settings, including frequency,
bandwidth, spreading factor, coding rate, and preamble length. In the prototype, both sides use
the 915 MHz band with 125 kHz bandwidth, spreading factor 7, coding rate 4/5, and preamble
length 8. Antenna placement is also important. The field-node antenna and receiver antenna
should be positioned to reduce obstruction and improve the probability of successful packet
reception.

The compact payload structure also supports communication reliability. A smaller packet
reduces airtime and lowers the communication burden on the ESP32/LoRa module. The start
and end markers provide a simple way to identify valid records and reject incomplete or mis-
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aligned data. The node ID allows the receiver and server to distinguish data from different field
nodes when the system is extended to multiple sensing nodes.

The current design provides a practical reliability foundation for the prototype. Future ex-
tensions can further improve robustness by adding packet sequence numbers, timestamps, ex-
plicit checksums, acknowledgments, or retransmission policies. These additions would allow
the server to detect missing packets, identify stale readings, and provide stronger end-to-end
validation. For the current prototype, the compact packet format, matching LoRa parameters,
USB serial forwarding, and marker-based parsing provide a simple and effective communica-
tion mechanism.

5.6 Summary

This chapter described the wireless communication and data-transmission workflow of the flood
early-warning prototype. The MSP430 prepares a packed binary node record containing DHT22
byte fields, light and precipitation ADC readings, discrete water-level state, local prediction
output, node ID, and start/end markers. The MSP430 wakes the ESP32/L.oRa module, sends
the record through UART, and then releases the wakeup signal. The ESP32 transmits the record
through LoRa using the prototype radio configuration. On the gateway side, a Heltec ESP32 V3
LoRa receiver receives the packet and forwards it to the Raspberry Pi 4B through USB serial.
The server parses the incoming record and prepares the decoded data for storage, dashboard
display, and warning analysis. The next chapter describes the Raspberry Pi 4B server, data
storage, and dashboard implementation.
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6. Server, Database, and Dashboard Implementation

This chapter describes the Raspberry Pi 4B edge-server implementation, local data storage, and
web-based dashboard used in the coastal flood early-warning prototype. Chapter 5 described
how the node record is transmitted from the MSP430 to the ESP32/LoRa transmitter, received
by the Heltec ESP32 V3 LoRa receiver, and forwarded to the server through USB serial. This
chapter focuses on what happens after the data arrive at the server: serial data ingestion, packet
parsing, local storage, dashboard visualization, data export, and server portability.

The server is implemented on a Raspberry Pi 4B running an Ubuntu/Linux environment.
This choice provides a practical edge-computing platform that can receive data from the LoRa
gateway, store decoded records locally, host the web-based dashboard, and support additional
analysis functions. The same software design can also be migrated to another Ubuntu/Linux
desktop, laptop, or server when more computing capacity or easier maintenance is needed.

6.1 Server Implementation Overview
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Figure 6.1: Server-side data ingestion and storage workflow.

The server-side implementation provides the bridge between the wireless sensing network
and the user-facing monitoring interface. After the Heltec ESP32 V3 LoRa receiver obtains
packets from the field sensing nodes, the receiver forwards the data to the Raspberry Pi 4B
through a USB serial connection. The Raspberry Pi 4B runs an Ubuntu/Linux-based server
environment that continuously reads the incoming serial stream, validates packet boundaries,
decodes node records, stores structured data in CSV files, and provides the data source for the
dashboard.

The server workflow is organized around the data path shown in Figure 6.1. 1) The serial
data-ingestion function monitors the USB serial port connected to the LoRa receiver and buffers
incoming bytes. 2) The packet-parsing and decoding function identifies valid records using the
head and tail markers, extracts the node ID and sensor fields, converts raw packet values into
structured measurements, and attaches a timestamp. 3) The local storage function appends the
decoded records to CSV files under the server data folder. These CSV files provide persis-
tent local storage for monitoring and can also support later MSP DNN training, global DNN
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training, and risk-inference analysis. 4) The dashboard server loads the latest or selected time-
window data from the CSV storage and presents maps, current sensor values, sensor-history
plots, water-level status, and local risk prediction results. 5) The data-export function allows
users to download CSV records for reporting, backup, offline analysis, or future model updates.

Figure 6.1 focuses on the server side of the system. Unlike the communication workflow in
Chapter 5, which emphasizes UART, LoRa transmission, and receiver forwarding, this figure
emphasizes what the Raspberry Pi 4B server does after data arrive through USB serial. The
main server output is clean, decoded, and structured CSV data that can be used by the dash-
board and by later analysis modules. The global warning analysis and flood-path visualization
built on these stored data are described in Chapter 7. This server-side workflow is intentionally
separated from the embedded and wireless communication layers. The field node is responsible
for sensing and local prediction. The ESP32/LoRa boards are responsible for wireless packet
transmission and reception. The Raspberry Pi 4B server is responsible for data ingestion, vali-
dation, parsing, CSV storage, dashboard access, data export, and preparation of structured data
for higher-level analysis.

6.2 Serial Data Ingestion and Parsing

The server receives data through the USB serial connection from the LoRa receiver. The
receiver-side ESP32 forwards the incoming LoRa packet to the server, and the server-side pro-
cess continuously monitors the corresponding serial port. Each incoming record is checked
before being accepted as valid data. The start and end markers described in Chapter 5 provide
a simple way to identify complete node records and reject incomplete or misaligned packets.

After a valid record is identified, the parser extracts the node ID, DHT22 humidity and
temperature bytes, light and precipitation ADC readings, discrete water-level state, and local
prediction field. The server-side parser converts these low-level packet fields into structured
values that can be stored and displayed. For example, the DHT22 bytes are converted into
temperature and humidity values, the ADC-based light and precipitation readings are converted
into the same representation used by the dashboard, and the water-level code is converted into
a human-readable water-level state.

The parsing step is important because the communication payload is compact and embedded-
oriented, while the dashboard requires human-readable and analysis-ready values. The server
therefore acts as the conversion point between the compact node record and the structured mon-
itoring data used by the rest of the system.

6.3 Local Data Storage

The server stores decoded node records locally so that the dashboard can display both current
conditions and historical sensing trends. Each stored record includes a timestamp, node ID,
temperature, humidity, light intensity, precipitation, water-level state, and local prediction result
when available. These records form the local data layer used by the dashboard plots, data export
function, local model evaluation, and later global warning-analysis workflow.

The prototype data-collection workflow produced approximately 17 months of CSV-based
sensing records. Although the actual sensing rate of the field node is higher than one sample per
minute, the stored dataset is organized at a one-minute resolution. Raw readings collected within
each minute are averaged to produce one representative sample per minute. This aggregation
reduces short-term fluctuation, keeps the dataset size manageable, and provides a consistent
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time base for visualization, model training, and warning-analysis workflows.

A file-based CSV storage approach is used in the prototype. This approach is simple, trans-
parent, and easy to back up. It also supports field operation because records can be inspected
directly without requiring a complex database server. As new records arrive, the server appends
the decoded values to the local CSV storage. The resulting files can be used by the dashboard for
time-window visualization and can also be exported for offline inspection, model evaluation,
dataset preparation, or report generation.

This storage design separates the communication payload from the analysis-ready dataset.
The MSP430 and ESP32/LoRa modules use compact records for efficient transmission, while
the server converts the received data into structured CSV records that are easier to read, visu-
alize, and reuse. This design makes the dataset portable and supports later updates to the local
MLP model, server-side global model, and flood-risk analysis workflow.

6.4 Dashboard Interface

The dashboard is implemented as a web-based interface running on the Ubuntu/Linux server
environment. It provides a user-facing view of the data stored by the Raspberry Pi 4B server
and allows users to inspect node location, current sensing values, historical trends, water-level
status, local risk prediction, and exported data records. The dashboard can be opened through a
browser on the server system, which makes it convenient for prototype testing, local inspection,
and field-side operation without directly viewing raw serial messages or CSV files.

Figure 6.2 shows the web-based flood monitoring dashboard. The left sidebar provides
configuration and data-management functions, including node latitude and longitude settings,
temperature display unit selection, CSV source-unit selection, and data export. The main panel
displays an interactive map showing the selected node location, followed by the plot-control
area where the user can select the time range to visualize. Below the time-window selector, the
dashboard presents a current-status summary, including temperature, humidity, light intensity,
precipitation, water-level state, and local risk prediction. The lower part of the interface shows
the selected sensor plot over time, allowing users to inspect recent sensor trends.

The dashboard is intended to support both technical inspection and practical monitoring.
For technical users, it provides a quick way to confirm whether serial ingestion, parsing, stor-
age, plotting, and prediction display are working correctly. For non-technical users, it provides
a simplified monitoring interface that combines map-based node location, current sensor read-
ings, water-level status, and local risk output in one view. This design reduces the need for
users to interact directly with low-level packet data or server-side storage files.

6.5 Map, Sensor Plots, and Risk Display

The dashboard combines spatial, numerical, and temporal information in one interface. The map
component displays the selected sensing node location using the stored latitude and longitude
values. This helps users associate the incoming measurements with a physical location. The
map also supports interactive inspection, such as zooming and panning, so users can view the
node position in relation to nearby roads, terrain, or drainage-related features.

The current-status summary provides a compact numerical view of the latest received data.
In the shown interface, the dashboard reports sensor temperature, sensor humidity, light inten-
sity, precipitation, water level, and local prediction risk level. This summary allows users to
quickly understand the current node condition without reading the full data table or opening the
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Figure 6.2: Web-based flood monitoring dashboard with annotated interface functions.

CSV file. The water-level display provides a human-readable state, while the prediction field
shows the embedded local MLP output as a risk class such as Risk0—Risk4 or not ready.

The plot component allows users to review sensor trends over a selected time window. The
time-range selector controls the amount of recent data shown in the plots, such as the last hour
or another selected interval. This is important because flood risk is not determined only by one
isolated reading. Recent changes in precipitation, water level, humidity, temperature, and other
environmental variables provide useful context. By combining the selected time range with
sensor-history plots, the dashboard helps users identify changes, stable periods, sudden jumps,
or abnormal values in the incoming data.

The data export function allows users to download stored CSV records for backup, report-
ing, offline inspection, or future model development. This function is useful because the same
server-side CSV data support both daily monitoring and later technical analysis. The dashboard
therefore serves as the main access point between the field sensing system and the user, while
the underlying server continues to maintain structured local data storage for analysis and model
updates.

6.6 Data Export and Server Portability

The dashboard includes a data export function so that users can download stored records for
offline analysis, reporting, debugging, or model retraining. Exported data are useful for vali-
dating sensor behavior, checking communication reliability, comparing local predictions with
observed conditions, and preparing datasets for future model updates.

The server design is portable because the LoRa receiver connects through USB serial and
the software runs in an Ubuntu/Linux environment. In the prototype, the Raspberry Pi 4B acts
as the edge server. However, the same receiver and server software can be moved to a desktop,
laptop, or higher-capacity server with a compatible Ubuntu/Linux environment. This portability
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is useful for maintenance, debugging, and future expansion. For example, a Raspberry Pi 4B
can support local field operation, while a desktop or server can be used later for larger-scale
data processing or longer-term hosting.

The portability also reduces long-term deployment risk. If the Raspberry Pi 4B fails or
more computing resources are needed, the receiver can be connected to another Ubuntu/Linux
system and the server workflow can continue with limited changes. This design supports the
maintainability goal of the early-warning system.

6.7 Summary

This chapter described the Raspberry Pi 4B edge-server, local storage, and dashboard imple-
mentation. The server receives forwarded LoRa packets through USB serial, parses valid node
records, converts compact payload fields into structured sensing values, and stores the decoded
data locally. The dashboard provides a web-based interface for viewing node location, current
sensor values, time-window-based plots, water-level state, local risk prediction, and data ex-
port. The server implementation is portable because the LoRa receiver uses USB serial and
the software can run on a Raspberry Pi 4B or another Ubuntu/Linux desktop, laptop, or server.
The next chapter describes how the stored data and local node predictions are used for global
warning analysis and flood-path visualization.
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7. Global Warning Analysis and Flood-Path Visualization

This chapter describes the server-side global warning analysis and flood-path visualization
framework. The local MSP430 model described in Chapter 4 produces node-level flood-risk
predictions from measurements collected at one sensing node. The global analysis described
in this chapter operates at the server level and uses multi-node information to estimate broader
flood-risk patterns across the monitored area. Therefore, the global model does not replace the
local model. Instead, it uses local risk outputs, sensor measurements, water-level states, and
node locations as inputs for spatiotemporal warning analysis.

The purpose of the global analysis is to move from single-node risk prediction to network-
level situational awareness. A local node can indicate whether its own location is at risk, but
flooding is spatial and temporal. When multiple nodes are available, the server can compare
how risk levels evolve across nearby locations and visualize possible flood progression. This
chapter explains how multi-node data are prepared, how local risk outputs are used as global
model inputs, how the spatiotemporal DNN performs warning analysis, and how the resulting
predictions are visualized as node-level risk and flood-path information.

7.1 Global Analysis Overview

The global warning analysis is implemented on the server side using the structured data pro-
duced by the ingestion, parsing, and storage workflow described in Chapter 6. The server stores
decoded node records in CSV files. These records include environmental measurements, dis-
crete water-level states, node IDs, timestamps, and local risk predictions. For global analysis,
the stored records are aligned across nodes and converted into a multi-node temporal sequence.

The global analysis has three main functions. 1) It organizes stored sensor records from
multiple nodes into time-aligned sequences. 2) It combines local node-level risk outputs with
sensor-derived features and spatial node relationships. 3) It predicts future risk levels across the
node network and visualizes possible flood-risk propagation. This design allows the dashboard
to provide more than a list of individual node readings. It supports a higher-level view of how
flood risk may develop across the monitored region.

The global analysis workflow is shown in Figure 7.1. The workflow begins with server-
side CSV storage, where decoded node records are stored with timestamps, node IDs, sensor
measurements, water-level states, local risk levels, and risk-probability values. These records
are first processed by the data-alignment stage, which aligns timestamps across multiple nodes,
resamples the records to a fixed interval when needed, handles missing values, and applies
normalization or scaling. The aligned records are then converted into a multi-node input tensor
X € RT*N*F ‘where T is the input time-window length, N is the number of sensing nodes,
and F' is the number of features per node.

In parallel, the node-location information is used to construct the spatial graph. The graph
represents the relationship among sensing nodes through an adjacency matrix A € RY*V
where connected or nearby nodes are assigned adjacency values or weights. The global warning
model then uses both the temporal feature tensor X and the spatial adjacency matrix A as inputs
for server-side inference. The model outputs future node-level risk predictions Y € RE*NxC,
where H is the prediction horizon and C' is the number of risk classes. These prediction results
are finally sent to the dashboard to support warning display, risk-map visualization, warning
tables, and flood-path visualization.
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Figure 7.1: Global warning analysis workflow

This workflow highlights the analysis stage that occurs after the server has already received,
parsed, and stored the node records. At this stage, the stored CSV data are no longer treated only
as monitoring records. They are reorganized into time-aligned multi-node sequences and com-
bined with node-location information so that the global model can analyze spatial and temporal
risk patterns across the sensing network.

7.2 Multi-Node Data Preparation and Local Risk Inputs

The global model requires time-aligned data from multiple sensing nodes. Each node record
contains measurements collected at a local sensing node, including temperature, humidity, light,
precipitation, discrete water-level state, and local risk prediction. Since records may arrive at
slightly different times, the server-side preparation step aligns data by timestamp and organizes
the values into a consistent multi-node sequence.

Let (N) denote the number of sensing nodes, (T) denote the temporal input-window length,
and (F) denote the number of features per node. The global model input can be represented as

X € RTX*NxF (7.1)

where each time step contains feature vectors for all nodes. For training and batch inference,

the input can be extended to
]RB XTXNXF

Xp € (7.2)

Y

where (B) is the batch size.

The feature vector for each node includes both sensor-derived measurements and local risk
information. In the current design, the global input features include temperature, humidity,
light, precipitation, water-level state, the local predicted risk level, and local risk-probability
outputs. The local risk outputs are important because they summarize the node-level embedded
inference result and allow the global model to build on the local intelligence already produced
by the sensing nodes. The local model summarizes recent sensing behavior at each node, while
the global model compares these local outputs across space and time.

The server-side data preparation can be summarized as

X * t7,l = [T * t? ia Ht,ia Lt,’h Pt,’h Wt,i7 Rt,wpgg)apl(f,lz)?pgi)apl(fi)7p£i)j| ) (73)
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where x * ¢, is the feature vector for node ¢ at time step ¢, T, H, L, P, and W represent
temperature, humidity, light, precipitation, and water-level state, R * ¢, is the local predicted
risk level, and pg? to pgi) are the five local risk-probability values. If a deployment does not use
probability outputs, the same framework can still use the local predicted risk class and sensor
features as the global model input.

The multi-node preparation step also uses node locations. Each sensing node has a known
latitude and longitude. These coordinates are used to define the spatial relationship among nodes
and to support map-based visualization. For graph-based global modeling, the node locations

are converted into an adjacency structure:
A € RVV, (7.4)

where (A) represents spatial connections among nodes. The adjacency structure can be based
on geographic proximity, predefined neighbor relationships, or a distance-weighted graph. A
normalized graph matrix can be written as

A=D:(A+I)D 2, (7.5)

where I is the identity matrix and D is the degree matrix of A + I. This normalized graph rep-
resentation allows the model to combine information from each node and its spatial neighbors.
This preparation process converts raw stored data into model-ready input. The original CSV
records remain useful for inspection, dashboard plotting, export, and future model retraining,
while the processed multi-node sequences are used for global inference. If additional nodes are
deployed later, the same data-preparation logic can be extended by updating the node list, node
locations, and adjacency structure.

7.3 Spatiotemporal Global Model and Warning Analysis

The global prediction model is designed to learn both spatial and temporal relationships. Spatial
relationships describe how risk at one node is related to risk at nearby nodes. Temporal rela-
tionships describe how recent sensor and risk patterns evolve over time. To capture both types
of information, the implemented global model follows a spatiotemporal deep-learning structure
that combines graph-based spatial processing, temporal sequence modeling, and a prediction
head.

The current model structure can be summarized as follows. 1) The input is a multi-node
temporal feature sequence. 2) Graph convolution layers process the node features according to
the spatial adjacency structure. 3) A temporal modeling layer, such as a GRU, captures how the
spatially processed node representations change over the input window. 4) A fully connected
prediction head outputs future risk estimates for each node. This design allows the server to
produce network-level predictions rather than only displaying current node readings.

Figure 7.2 shows the global DNN model structure. The figure emphasizes that the input is
not a single-node record, but a multi-node sequence containing sensor features and local risk
outputs. The graph convolution layers model spatial relationships among nodes, the temporal
layer models recent trends, and the prediction head generates future node-level risk outputs.

For a given time step (t), the graph convolution operation can be expressed as

HY = & (thwgl) , (7.6)

H? —, (XH,E”WQQ) , (1.7)
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Figure 7.2: Spatiotemporal global DNN structure.

where X, € RV*¥ is the node-feature matrix at time step t, A is the normalized adjacency
matrix, W,; and Wy, are trainable graph-convolution weights, o(-) is a nonlinear activation
function, and Hgl) and H,§2) are spatially processed node representations.

The temporal model receives the sequence of spatially processed node representations and
updates a hidden state across the input window. For node (i), this can be written as

s,; = GRU (HE?}, st,u> , (7.8)
where Hg) is the graph-processed representation of node ¢ at time ¢, and s, ; is the temporal
hidden state. After the final input time step, the prediction head maps the hidden state to future

risk logits:
Zy; = MLPy (STﬂ') s h = 1, ey H, (79)

where H is the prediction horizon and z;,; € R® contains class logits for node 7 at future
step h. In this project, C' = 5 corresponds to RiskO—Risk4.
The overall global prediction function can therefore be represented as

Y = fo(X,A), (7.10)

where fy(-) is the trained global DNN, X is the time-aligned multi-node input sequence, A is
the spatial adjacency matrix, and Y is the predicted future risk output. If the model predicts H
future steps and C' risk classes, the output can be represented as

Y € REXNXC, (7.11)

Each node therefore receives a future risk prediction for each prediction step.
The model is trained using time-aligned historical sequences and future node-risk labels. A
common training objective is multi-class cross-entropy over the prediction horizon and nodes:

L= _ﬁ Z Z Z log (pb,h,i,yb,h,i) ) (7.12)

B H
b=1 h=1 i=1
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where py 1.y, ., 18 the predicted probability assigned to the correct risk class y; 1 ; for batch
sample b, future step h, and node ¢. After training, the learned global model is executed on the
server for warning analysis.

The dashboard-based warning analysis uses this global model as a server-side function.
When the user selects a time window and triggers warning analysis, the server extracts the
corresponding stored data, constructs the multi-node input sequence, runs the global model,
and returns predicted risk levels. This allows the dashboard to support both current monitoring
and retrospective analysis. For example, an older time window can be selected to replay the
system behavior and inspect what the model would predict from that window.

The global model should be interpreted as a data-driven warning-analysis component, not
as a full hydraulic simulation. It learns patterns from the available sensor and risk data and
produces risk-level predictions over the node network. The predicted outputs should therefore
be used as decision-support information together with local observations, official weather and
flood information, and operator judgment.

7.4 Flood-Path Visualization
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Figure 7.3: Flood-path visualization showing predicted node-level risk and possible risk-

propagation direction across the sensor network.

Flood-path visualization translates the global model output into an interpretable spatial display.
The goal is to help users understand not only which nodes are predicted to have higher risk,
but also how risk may progress across the node network. The visualization uses node locations,
predicted node risks, and spatial relationships among nodes to display risk patterns on a map or
graph.

Figure 7.3 shows the flood-path visualization concept. Nodes are displayed using their ge-
ographic positions, and their colors or markers represent predicted risk levels. A path or direc-
tional indicator can be drawn between nodes to show possible risk propagation. In this context,
the path should be interpreted as a risk-propagation visualization based on model prediction
and node adjacency, not as a physically exact water-flow channel. This distinction is important
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because the visualization summarizes predicted risk movement across discrete sensor locations
rather than solving a detailed hydrodynamic flow model.

The visualization can include several elements. 1) Node markers show the locations of the
deployed sensing nodes. 2) Node color or size indicates the predicted flood-risk level. 3) High-
risk nodes can be highlighted to draw user attention. 4) Directional arrows or connecting lines
can show possible risk propagation across adjacent or strongly related nodes. 5) The selected
time window and prediction horizon can be displayed so users understand which data were used
and what future interval is being predicted.

The weighted connections in the visualization should be understood carefully. A weighted
line does not necessarily mean a physical pipe, drainage path, or exact water channel. Instead, it
represents a spatial or model-derived relationship between nodes. Depending on the implemen-
tation, the weight can reflect geographic distance, adjacency, predicted risk transition strength,
or another risk-propagation score. For the final system, the line should connect actual node
locations so that users can clearly see how the predicted path relates to the sensor network. The
flood-path visualization supports practical interpretation of global warning results. Local offi-
cials or operators can quickly identify which node areas show higher predicted risk and whether
the risk appears isolated or part of a broader spatial pattern. The visualization is most useful
when combined with the dashboard time-series plots and current sensor readings, because the
map shows spatial context while the plots show how conditions are changing over time.

7.5 Summary

This chapter described the global warning analysis and flood-path visualization framework.
The server uses structured CSV records, node locations, local risk outputs, and sensor-derived
features to construct multi-node temporal input sequences. The global model uses graph-based
spatial modeling and temporal sequence modeling to predict future node-level risks. The dash-
board warning-analysis function applies this model to selected data windows and returns pre-
dicted risks for visualization. The flood-path visualization then displays node-level risk patterns
and possible risk-propagation direction across the sensor network. Together, these functions ex-
tend the system from local embedded risk prediction to network-level flood-warning support.
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8. Prototype Validation and Deliverables

This chapter summarizes the prototype validation and project deliverables of the smart and self-
sustaining coastal flood early-warning system. The purpose of this chapter is not to present a
full large-scale field evaluation, but to document the validation activities that were completed
for the available prototype. These activities include hardware power observation, data-transfer
testing, LoRa communication-range testing, server/dashboard workflow validation, local MLP
model evaluation, and global model development.

The validation scope reflects the current prototype stage. The field sensing node hardware,
power subsystem, communication path, Raspberry Pi 4B server, CSV storage, and dashboard
were tested as an integrated prototype. The local MLP model was evaluated using the prepared
dataset and integrated into the MSP430 firmware for embedded inference. The global DNN
model was developed and integrated into the server-side warning-analysis workflow, but full
physical multi-node field validation was limited by the number of available deployed nodes.
Therefore, this chapter clearly separates validated prototype functions from items that remain
future work.

8.1 Validation Scope

The prototype validation was organized into two main categories: hardware validation and
software/data-workflow validation. Hardware validation focused on the physical sensing node,
energy-harvesting power behavior, and LoRa communication range. Software and data-workflow
validation focused on data transfer, server parsing, CSV storage, dashboard display, local MLP
evaluation, and global model integration.

This scope is appropriate for the current project stage. The completed tests demonstrate
that the prototype can collect sensor data, sustain operation under the tested power conditions,
transfer node records through the LoRa communication path, store data on the server, display
the results on the dashboard, and execute local and global risk-analysis workflows. However,
the validation does not claim to be a full long-term outdoor deployment study or a complete
physical multi-node flood-event evaluation. Those items are identified as future work.

8.2 Hardware Validation

The hardware validation focused on whether the assembled field sensing node could support
sustainable operation, provide reasonable sensor readings, tolerate outdoor wet conditions, and
maintain LoRa communication over practical distances. The validation was performed at the
prototype level using direct observation, comparison with commercial sensors, wet-exposure
checks, and urban-range communication tests.

* Power sustainability. The node voltage was checked sporadically every few days during
prototype operation. The capacitor voltage generally ranged from approximately 3.8 V
to 4.1 V, depending on weather conditions and solar intensity. No average long-term
voltage drop was observed under the tested workload. This indicates that the solar panel,
BQ25570-based power-management circuit, local energy storage, and regulated stable
3.3 V supply can support the current prototype operation.
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* Temperature and humidity sensing. The DHT22/AM2302 temperature and humidity
readings were compared with commercial sensor readings. The observed difference was
less than 5%, which is acceptable for the prototype-level environmental monitoring func-
tion used in this project.

* Weatherproof enclosure. The weatherproof box was intentionally tested using hose
spraying and was also exposed to heavy rain events. No functional issue was observed
after these wet-exposure conditions. This result supports the suitability of the enclosure
design for protecting the main electronics during outdoor-oriented operation.

* Externally mounted precipitation and water-level sensors. The LM393-based pre-
cipitation sensor and the FS-IR02B optical water-level sensors were externally mounted
using 3D-printed casing structures and a PVC pipe. The sensor wiring was sealed for
water-exposure conditions. During the rainy season, the precipitation and optical water-
level sensing components functioned properly, indicating that the external mounting and
sealing approach was effective for the prototype.

* Integrated field-node operation. The MSP430, ESP32/LoRa module, environmental
sensors, optical water-level sensors, energy-harvesting subsystem, antenna, enclosure,
and external sensing structures were tested together as an integrated field sensing node.
The prototype operated as a complete hardware platform for sensing, local processing,
and wireless transmission.

* LoRa communication range. The LoRa communication range was tested in complex
urban environments at Texas A&M University-Corpus Christi and The University of
Texas at San Antonio. During these tests, the receiver was placed inside a building,
which created a more challenging non-line-of-sight communication condition. Even un-
der these non-ideal campus and urban conditions, the communication distance exceeded
1 km. This supports the feasibility of the selected LoRa configuration for campus-scale or
neighborhood-scale monitoring, although the final range depends on antenna placement,
building obstruction, terrain, vegetation, and receiver location.

8.3 Software and Data-Workflow Validation

The software and data-workflow validation focused on whether the sensing records generated by
the MSP430 could be reliably transferred, stored, displayed, and used for risk prediction. Unlike
isolated unit testing of each software module, the validation emphasized the complete data path
from the embedded node to the server-side CSV records. This approach is appropriate because
UART transfer, LoRa transmission, receiver forwarding, packet parsing, and CSV storage are
closely connected in the prototype workflow.

* UART and LoRa data-transfer workflow. The MSP430-to-ESP32 UART baud rate
was configured consistently between the embedded controller and the ESP32/LoRa mod-
ule. The node power and voltage levels were also stable during operation, reducing the
likelihood of communication errors caused by unstable supply conditions. During data
collection, selected MSP430-side local records were compared with the corresponding
records stored in the server-side CSV files after UART transfer, LoRa transmission, re-
ceiver forwarding, and server parsing. No mismatch was observed in these selective
checks. This result supports that the UART transfer, LoRa link, receiver forwarding, and
CSV storage path operated correctly for the tested data-collection workflow.
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* Configurable transmission setting. The current transmission interval was selected to
support dataset construction and continuous record collection. This interval is not a fixed
system limitation. For deployment-time inference, the transmission interval can be ad-
justed according to warning latency, harvested energy availability, communication reli-
ability, and server storage requirements. A shorter interval provides more frequent up-
dates, while a longer interval reduces communication energy and stored data volume.

* Server parsing and CSV storage. The server-side software received the forwarded
data stream from the LoRa receiver, parsed the incoming records, decoded the sensor
fields, attached timing information, and stored the resulting values in CSV format. The
stored CSV records provide the common data layer for dashboard visualization, export,
long-term dataset construction, local-model improvement, global-model development,
and later risk-analysis workflows.

* Long-term dataset collection. The server-side workflow was used to build a long-term
sensing dataset over approximately 17 months. Although the actual sensing rate of the
prototype was higher than one sample per minute, the raw sensing records were aggre-
gated into one-minute samples to provide a consistent time-series dataset. Each one-
minute sample represents the averaged sensor behavior within that minute, which reduces
short-term noise and makes the data easier to use for dashboard visualization, local MLP
training, and later global model development. The resulting dataset contains tempera-
ture, humidity, light intensity, precipitation, water-level state, and local prediction fields
stored in CSV format.

* Dashboard workflow. The dashboard was validated as the user-facing view of the stored
server data. It loaded the CSV records and displayed node location, current sensor values,
selected time-window plots, water-level state, local risk output, and data export options.
Since the dashboard figures have already been described in Chapter 6, the purpose here
is not to repeat the interface description, but to confirm that the dashboard was connected
to the server-side data workflow and could display the stored records for monitoring.

* Local MLP evaluation and embedded deployment. The local MLP model was evalu-
ated using the prepared dataset before embedded deployment. The model uses a compact
16-16—8-5 architecture for five-class flood-risk prediction. After training and valida-
tion, the learned weights were exported into embedded C format and integrated into the
MSP430 firmware. This confirms that the local risk inference component can be executed
on the low-power sensing node rather than only on the server.

Figure 8.1 shows the validation confusion matrix for the local MLP flood-risk classifier.
The rows represent the true labels and the columns represent the predicted labels. The
result shows strong diagonal dominance, indicating that most validation samples were
classified into the correct risk classes. The overall validation accuracy is 98.82% over
139,951 samples. The class-level recalls are 0.992 for Risk0, 0.933 for Risk1, 0.947 for
Risk2, 0.949 for Risk3, and 0.993 for Risk4. These results indicate that the local MLP
can distinguish the five risk levels in the prepared validation dataset, although additional
real storm and flooding data are still needed for broader field validation.

* Global model development and integration. The global DNN model was developed to
support server-side multi-node warning analysis. It uses prepared multi-node data, local
risk outputs, sensor features, and spatial node relationships to predict future node-level
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Figure 8.1: Validation confusion matrix of the local MLP flood-risk classifier.

risks. Because the available physical prototype did not include a full set of deployed field
nodes, the global model was not fully validated through a real multi-node outdoor de-
ployment. The current work demonstrates the software feasibility of the global warning-
analysis workflow, while full physical multi-node validation remains future work.

8.4 Project Deliverables

The project completed the major technical deliverables required for the smart and self-sustaining
coastal flood early-warning prototype. These deliverables cover the sensing-node hardware,
energy-harvesting subsystem, long-range wireless communication, Raspberry Pi 4B gateway
server, embedded firmware, server-side dashboard, local MLP inference, global warning-analysis
workflow, and flood-path visualization. Administrative reporting and project closeout docu-
ments are not listed in this section because they belong to the project-management record rather
than the technical implementation summary. Together, these deliverables demonstrate a com-
plete prototype workflow from field sensing to server-side warning support. The field node
collects environmental and water-level data, performs local risk inference, and transfers node
records through LoRa. The LoRa receiver and Raspberry Pi 4B gateway/server receive, parse,
store, and visualize the data. The dashboard provides local monitoring, data export, global
warning analysis, and flood-path visualization. The completed prototype therefore satisfies the
technical scope of sensing-module design, embedded TinyML inference, long-range wireless
communication, server-side software, and Al-assisted flood-warning analysis.
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Table 8.1: Summary of completed technical deliverables.

Deliverable

Completed outcome

Status

Selected sensing features

Field sensing node

Energy-harvesting subsys-

tem

LoRa gateway and receiver

Embedded sensing soft-

ware

Local TinyML model

Model-rationale visualiza-
tion
Server and dashboard soft-

ware

Global warning model

Flood-path visualization

Technical documentation

Temperature, humidity, precipitation, water level, and light inten-
sity were integrated for flood-risk prediction.

MSP430FR5994 node, sensors, ESP32/LoRa module, antenna,
enclosure, and external sensing structures were assembled.

Solar panel, BQ25570 power stage, local storage, and regulated
3.3 V supply were integrated.

Heltec ESP32 V3 LoRa receiver and Raspberry Pi 4B gate-
way/server were prepared for receiving field-node data.

MSP430 firmware was completed for sensing, sensor decoding,
aggregation, local inference, and ESP32 wakeup control.

A compact 16-16—-8-5 MLP was trained, evaluated, exported, and
integrated into the MSP430 firmware.

Saliency analysis was generated to show the importance of local
MLP input features.

Serial ingestion, packet parsing, CSV storage, dashboard visual-
ization, risk display, and data export were completed.

Server-side global DNN workflow was developed for multi-node
spatiotemporal warning analysis.

Dashboard-based global forecast and flood-path visualization
functions were implemented.

Hardware, firmware, communication, server, dashboard, model

workflow, validation, and maintenance guidance were docu-

mented.
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8.5 Limitations and Future Improvements

The prototype demonstrates the feasibility of an integrated flood early-warning system, but
several limitations remain. These limitations are important to state clearly because the current
work is a prototype-level implementation rather than a full long-term operational deployment.
Scale of physical deployment. The current system validates the sensing-node hardware, LoRa
communication path, Raspberry Pi 4B gateway/server, dashboard, local MLP inference, and
global warning-analysis workflow. However, the physical deployment did not include a full
set of many field nodes operating simultaneously over a large flood-prone area. Therefore, the
global model was developed and integrated using the prepared multi-node data workflow, but
it still requires future validation with multiple physical nodes deployed at different locations,
elevations, and drainage conditions.

Availability of real high-risk flood data. The collected dataset contains approximately 17 months
of one-minute-resolution sensing records, which is valuable for system development and model
training. However, real high-risk flooding events are naturally less frequent than normal low-
risk conditions. This creates data imbalance and limits the amount of real high-risk evidence
available for training and validating both local and global prediction models. Future work
should continue data collection during additional rainy seasons and storm events, with par-
ticular attention to obtaining more Risk1-Risk4 samples.

Long-term outdoor robustness. The enclosure was tested using hose spraying and heavy rain
exposure, and no functional issue was observed during the tested conditions. The externally
mounted precipitation and water-level sensors also functioned properly during the rainy season
with 3D-printed holders, PVC mounting, and sealed wiring. Nevertheless, longer-term deploy-
ment is needed to evaluate enclosure sealing, cable strain relief, connector corrosion, sensor
aging, solar-panel contamination, battery health, and seasonal variation in solar-energy avail-
ability.

Transmission interval optimization. The current transmission setting was selected to support
dataset construction and continuous data collection. For operational deployment, the trans-
mission interval should be optimized based on warning latency, harvested energy availability,
network reliability, and storage requirements. Adaptive transmission policies could also be ex-
plored, where the node sends data more frequently during rain or rising-water conditions and
reduces communication frequency during stable low-risk periods.

Global model field validation. The server-side global DNN and flood-path visualization were
implemented to support multi-node spatiotemporal warning analysis. However, because the
current physical deployment was constrained by available hardware nodes, the global model
has not yet been fully validated using simultaneous real measurements from many deployed
nodes during flooding events. Future work should perform multi-node field tests and compare
predicted risk propagation with observed flood progression.

User-centered evaluation. The dashboard provides map display, current sensor values, time-
window plots, local risk prediction, data export, global warning analysis, and flood-path visual-
ization. Future work should evaluate the interface with local officials, emergency managers, or
field operators to determine whether the risk labels, plots, map markers, and warning messages
are easy to interpret and useful for decision support. This feedback can guide improvements to
the non-technical workflow and maintenance procedures described in Chapter 9.
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8.6 Summary

This chapter summarized the prototype validation and completed technical deliverables. Hard-
ware validation showed that the field sensing node could operate under the tested workload with
stable power behavior. The capacitor voltage was checked sporadically every few days and gen-
erally ranged from 3.8 V to 4.1 V depending on weather and solar intensity, with no average
long-term voltage drop observed. Sensor validation showed that the temperature and humid-
ity readings were within 5% of commercial sensor readings. The weatherproof enclosure was
tested through hose spraying and heavy rain exposure, and no functional issue was observed.
The externally mounted precipitation and optical water-level sensors, supported by 3D-printed
casing, PVC mounting, and sealed wiring, functioned properly during rainy conditions. LoRa
range testing at TAMUCC and UTSA further showed communication distances exceeding 1 km
in complex urban environments, even with the receiver placed inside a building.

Software and data-workflow validation confirmed the end-to-end data path from MSP430
sensing records to server-side CSV storage and dashboard display. During data collection, se-
lected MSP430-side local records were compared with the corresponding records stored in the
server CSV files after UART transfer, LoRa transmission, receiver forwarding, and server pars-
ing, and no mismatch was observed. The prototype also produced approximately 17 months of
CSV-based sensing records organized at one-minute resolution by averaging higher-rate raw
readings within each minute. The local MLP model was evaluated using the prepared dataset
and deployed for MSP430-side inference, with the validation confusion matrix showing strong
five-class classification performance. The global DNN model and flood-path visualization
workflow were developed and integrated into the server-side framework, while full physical
multi-node validation remains future work due to hardware-node constraints. The next chapter
provides non-technical guidance and long-term maintenance recommendations for local offi-
cials and system operators.
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9. Non-Technical Guidance and Long-Term Maintenance

This chapter provides non-technical guidance for local officials, emergency managers, field
operators, and maintenance staff who may use or maintain the coastal flood early-warning sys-
tem. The goal is to explain how the system should be interpreted, how it can support decision
making, and what maintenance practices are needed to keep it reliable over time.

The system should be treated as a decision-support tool. It provides local sensing infor-
mation, water-level status, recent sensor trends, local flood-risk prediction, and server-side
warning-analysis outputs. However, it does not replace official weather services, emergency
management procedures, field inspection, or public safety decisions. Its main purpose is to im-
prove awareness of changing local conditions and help users identify when closer inspection or
additional response actions may be needed.

9.1 Purpose of the Early-Warning System

The early-warning system monitors environmental and water-related conditions near flood-
prone areas. The field sensing node collects temperature, humidity, light intensity, precipi-
tation, and water-level information. These data are transmitted wirelessly to the gateway and
server, where they are stored, displayed, and analyzed.

The system is designed to provide early awareness before flooding becomes severe. Instead
of relying only on visible flooding or delayed reports, users can observe changes in rainfall,
water level, and predicted risk through the dashboard. The local prediction output provides a
node-level risk estimate, while the global warning-analysis function provides a broader view of
possible risk patterns across multiple sensing locations.

The system is most useful when used together with other information sources, such as lo-
cal weather forecasts, field reports, drainage conditions, known flood-prone areas, and official
emergency guidance. When the dashboard shows increasing risk, users should treat it as a signal
to check conditions more carefully, not as the only basis for a public safety decision.

9.2 Interpreting Dashboard Information

The dashboard is the main user interface of the system. It allows users to view the sensing
node location, current sensor values, recent sensor trends, water-level status, local risk predic-
tion, global forecast output, flood-path visualization, and data export function without directly
inspecting raw CSV files or communication messages.

The map shows where the sensing node is located, so users can connect the displayed read-
ings to a physical monitoring site. The current-value area shows the latest temperature, humid-
ity, light intensity, precipitation, and water-level readings. These values provide a quick check
of the current local condition. The time-window plots show how sensor readings have changed
over a selected period, which is important because flood risk is often related to trends rather
than one isolated reading.

The water-level display provides direct local evidence from the optical water sensors. The
local risk prediction shows the embedded model output for the monitored node. The global
forecast and flood-path visualization, when available, provide additional server-side warning
information based on multi-node data. These outputs should be interpreted as decision-support
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information. A displayed path or direction indicates a predicted risk-propagation pattern across
sensor locations, not an exact hydraulic water-flow route.

The data export function allows stored records to be downloaded for backup, reporting,
model updates, or later analysis. This is useful after rain or flood-related events because the
exported data can support review and future improvement of the system.

9.3 Understanding Risk Levels and Warning Outputs

The system uses five risk levels, from RiskO to Risk4. Risk0 represents normal or low-risk
conditions. Riskl indicates slightly elevated concern. Risk2 indicates moderate concern and
should lead users to review recent rainfall and water-level trends more carefully. Risk3 indicates
high concern and should prompt site inspection or notification of responsible personnel. Risk4
indicates very high concern and should be treated as a strong warning indicator that requires
immediate verification and response according to local procedures.

These risk levels should not be interpreted as absolute guarantees. A low-risk output does
not guarantee that flooding cannot occur, and a high-risk output does not automatically mean
that flooding has already occurred. Instead, the risk level should be used as a warning indicator
that helps users decide when additional inspection, monitoring, or response is needed.

The global forecast should also be interpreted carefully. If no node exceeds the selected
high-risk threshold, the dashboard may show candidate high-risk node markers without drawing
a confirmed flood path. This behavior is intentional because the system should not visually
overstate a flood path when the model output does not support a strong warning.

9.4 Recommended Operational Workflow

During normal conditions, users should check the dashboard periodically to confirm that recent
data are being updated and that sensor readings appear reasonable. During rainfall or potential
flooding conditions, users should check the dashboard more frequently and pay close attention
to precipitation, water-level status, local risk prediction, and global forecast outputs.

A simple operational workflow is recommended:

1. Confirm that the dashboard is receiving recent data and that the node location is correct.
2. Review current precipitation, water-level status, and recent sensor trends.

3. Check the local risk level and, when available, the global forecast output.

4. If Risk2 or higher persists, consider field inspection or internal notification.

5. If Risk3 or Risk4 appears, compare the system output with official weather information
and follow local emergency procedures.

6. After important rain or flood-related events, export and back up the relevant data.

This workflow can be adjusted based on each local agency’s operating procedures, staffing,
flood-risk tolerance, and emergency response responsibilities.
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9.5 Routine Maintenance

Routine maintenance is needed because the system includes outdoor hardware, exposed sensors,
solar power components, wireless communication equipment, and server-side software. The
most important maintenance goal is to keep the sensing node powered, the sensors exposed and
clean, the communication path active, and the server data storage functioning.

The solar panel should be checked regularly and after storms. Dust, leaves, bird droppings,
or debris should be removed, and the panel should not be blocked by vegetation or nearby
objects. The enclosure should also be inspected after heavy rain to check for water intrusion,
loose covers, damaged seals, or physical damage. Cable entry points should remain sealed, and
cables should be strain-relieved to reduce damage from wind, handling, or vibration.

The precipitation sensor and optical water-level sensors should be inspected regularly be-
cause they are externally exposed. The precipitation sensor surface should be kept clean and
open to rainfall. The optical water-level sensors should remain aligned at their intended height
levels, and their surfaces should be cleaned if dirt or debris accumulates. The PVC support and
3D-printed holders should remain fixed and undamaged.

The LoRa antenna should be checked to make sure it is connected, upright, and not blocked.
The gateway and Raspberry Pi 4B server should be checked to confirm that the LoRa receiver is
connected, the server is running, data are being stored, and the dashboard can be opened. CSV
records should be backed up regularly, especially after important storm events.

A practical maintenance schedule is to check the dashboard and server weekly, inspect the
field node and sensors monthly, and perform additional checks after heavy rain, flooding, strong
wind, or physical disturbance near the node.

9.6 Troubleshooting Common Issues

If no recent data appear on the dashboard, users should first check the most likely causes: node
power, LoRa receiver connection, Raspberry Pi power, and server status. If the field node has
low voltage, the solar panel, power wiring, and local storage should be inspected. If the receiver
is disconnected or the server has stopped, the USB connection and server application should be
restarted by trained personnel.

If a sensor value looks abnormal, the sensor should be inspected before assuming the model
is wrong. A dirty precipitation sensor, blocked optical water-level sensor, loose cable, or water-
exposed connector can cause incorrect readings. The exposed sensor surfaces should be cleaned,
and cable connections should be checked.

If the dashboard opens but plots are empty, the issue may be related to missing CSV data, a
stopped parser, or a selected time window that contains no records. Users should check whether
recent CSV records exist and try a different time range. If the local risk output shows “not
ready,” the model may not yet have enough recent history to make a valid prediction. In that
case, users should wait for more samples and confirm that data are being stored.

If the global forecast does not draw a flood path, this may simply mean that no node ex-
ceeds the selected high-risk threshold. The dashboard may still show candidate high-risk node
markers or low-confidence trends. This should be interpreted as a low-risk or uncertain forecast
condition rather than an automatic system failure.

When routine checks do not solve the problem, technical staff should review the firmware,
receiver code, server logs, CSV files, and model configuration. Routine operators should not
modify embedded firmware or model files unless they have been trained to do so.
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9.7 Software Updates and Model Retraining

Normal system operators do not need to modify the MSP430 firmware, ESP32 code, server
code, or machine-learning models during routine monitoring. Software updates and model re-
training should be performed by trained technical staff.

As more rainy-season and storm-event data are collected, the local MLP and global DNN
models should be periodically reviewed and retrained. The CSV records stored on the server
provide the main data source for future model updates. After retraining, the local model can be
exported and programmed into the MSP430 firmware, while the global model can be updated
on the Raspberry Pi 4B or another Ubuntu/Linux server.

Model updates should be tested offline before being deployed to the field system. The
technical team should keep backup copies of previous firmware, model files, server code, and
CSV datasets so that the system can be restored if a new update causes unexpected behavior.
Detailed software-update steps, such as updating MSP430 firmware using Code Composer Stu-
dio, updating ESP32 code, running server scripts, retraining models in VS Code, or migrating
the server to another Raspberry Pi, should be maintained in a separate technical appendix or
implementation note.

9.8 Long-Term Deployment Recommendations

For long-term deployment, node locations should be selected based on local flood history,
drainage patterns, low-lying areas, maintenance access, and communication coverage. A single
node provides useful local information, but multiple nodes are preferred because they allow the
system to compare conditions across space and support global warning analysis.

The receiver should be placed where it has good communication visibility to the field nodes.
A higher or less obstructed receiver location can improve reliability. If the receiver must be
placed inside a building, site-specific range testing should be performed because walls and
other obstructions can reduce signal strength.

Data management should also be planned for long-term operation. CSV records should be
backed up regularly, and important storm-event data should be saved for future review. Af-
ter major rainfall or flood-related events, operators should compare dashboard readings, model
outputs, field observations, and official reports. These reviews can help determine whether
sensor placement, risk thresholds, maintenance procedures, or model behavior should be ad-
justed. Over time, the system can become more useful as more data are collected, more nodes
are deployed, and the models are updated with additional real-world observations.

9.9 Summary

This chapter provided non-technical guidance for using and maintaining the coastal flood early-
warning system. The system is intended to support early awareness by showing local sensor
readings, water-level status, risk predictions, recent trends, global warning outputs, and flood-
path visualization. The risk levels should be treated as decision-support indicators rather than
absolute guarantees.

Routine use should focus on checking whether recent data are available, reviewing precipi-
tation and water-level trends, interpreting local and global risk outputs carefully, and following
local procedures when risk increases. Long-term maintenance should include checking the solar
panel, enclosure, exposed sensors, antenna, node voltage, gateway/server operation, dashboard
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display, and CSV backups. Future improvements should include additional node deployment,
continued data collection, periodic model retraining, and comparison with field observations
and official flood information.
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10. Outreach, Education, and Workforce Development

In addition to the technical development of the coastal flood early-warning prototype, the project
supported student training, education integration, and future extension activities. These out-
comes are important because the project combines embedded systems, wireless sensing, energy
harvesting, edge artificial intelligence, server-side data processing, and decision-support visu-
alization. The project therefore provided a practical training platform for students and created
materials that can be reused in related courses and outreach activities.

A total of five graduate students and three undergraduate students were supported by the
project at different stages. Student activities included hardware assembly, sensor integration,
embedded firmware development, LoRa communication testing, data collection, server-side
software development, dashboard implementation, dataset preparation, local machine-learning
model development, and global warning-analysis exploration. Through these activities, stu-
dents gained hands-on experience with field sensing systems, low-power embedded platforms,
wireless communication, data-driven modeling, and flood-monitoring applications.

The project outcomes were also integrated into the PI’s teaching activities. Concepts and im-
plementation examples from the project were incorporated into courses such as Embedded Sys-
tem Design and Al Hardware and Programming. In the embedded-systems context, the project
provided examples of microcontroller-based sensing, ADC sampling, GP10-based water-level
reading, UART communication, low-power operation, and wireless data transfer. In the Al-
hardware and programming context, the project provided examples of TinyML deployment,
sensor-feature construction, model evaluation, embedded inference, edge-server processing,
and the relationship between local and global prediction models.

The project also provides a foundation for future outreach and extension activities. The
assembled sensing node, LoRa gateway, Raspberry Pi server, dashboard, and flood-path visu-
alization can be used as a demonstration platform for explaining how smart sensing and edge
intelligence can support flood awareness. For non-technical audiences, the dashboard and main-
tenance guidance can help explain how local sensor readings, water-level changes, and risk
predictions are used for decision support. For technical audiences, the hardware and software
workflow can demonstrate the full pipeline from field sensing to embedded inference, wireless
communication, server-side storage, and warning visualization.

Overall, the project contributed not only a working prototype, but also an educational and
workforce-development platform. The student training and course integration activities help
broaden the impact of the project and support future development of embedded Al and smart
environmental monitoring systems.
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A. Technical Operation and Software Update Notes

This appendix provides technical notes for maintaining and updating the prototype software. It
is intended for trained technical staff, students, or future project maintainers. Routine operators
do not need to follow these steps during normal system monitoring. Before changing firmware,
server code, or model files, the current working version should always be backed up.

A.1 Software Components

The prototype software includes four main components. The MSP430 firmware runs on the
MSP430FR5994 sensing node and controls sensor acquisition, water-level reading, aggregation-
window processing, local MLP inference, and ESP32 wakeup coordination. The ESP32 trans-
mitter code runs on the LoRa board attached to the field sensing node and sends the MSP430
node record through LoRa. The ESP32 receiver code runs on the Heltec ESP32 V3 LoRa
receiver at the gateway and forwards received packets to the Raspberry Pi 4B through USB se-
rial. The Raspberry Pi server code reads the USB serial stream, parses packets, stores decoded
records in CSV format, hosts the dashboard, and supports warning-analysis functions.

These components are connected through a common data format. If the node payload format
is changed in the MSP430 firmware or ESP32 transmitter code, the receiver and server parser
must also be checked so that the stored CSV records remain correct.

A.2 Updating the MSP430 Firmware

The MSP430 firmware is updated using Code Composer Studio (CCS). Before making changes,
the current firmware project should be backed up, including source files, header files, model-
weight files, and configuration files.

In CCS, the technical staff should open the MSP430FR5994 project, confirm the target
device, check the sensor pin configuration, and verify that the UART, ESP32 wakeup pin, and
local MLP weight files match the current hardware. If the local MLP model has been retrained,
the old embedded weight files should be replaced with the new verified files. The project should
then be rebuilt and programmed to the MSP430 board.

After programming, a short validation should be performed before returning the node to
normal operation. The node should read the sensors, create a valid node record, wake the ESP32,
and transmit the record. Selected MSP430-side records should be compared with the final CSV
records stored on the server to confirm that the sensing and communication path still works
correctly.

A.3 Updating ESP32 LoRa Code Using Arduino IDE

The ESP32 transmitter and receiver programs are updated using Arduino IDE. The appropri-
ate ESP32 board support package and Heltec ESP32 board settings should be installed before
programming. The correct board, serial port, LoRa frequency, UART baud rate, bandwidth,
spreading factor, coding rate, and preamble settings should be checked before uploading new
code.
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For the transmitter, the Arduino IDE sketch should receive the MSP430 UART record and
transmit it through LoRa without changing the expected payload format. For the receiver, the
Arduino IDE sketch should receive LoRa packets and forward them to the Raspberry Pi 4B
through USB serial. After uploading either sketch, the technical staff should send several test
records and confirm that the server stores the expected values in the CSV file. The transmitter
and receiver settings must remain compatible. If the LoRa parameters or payload format are
changed on one side, the other side and the server parser must also be updated.

A.4 Running the Raspberry Pi Server

The Raspberry Pi4B acts as the gateway and edge server. The Heltec ESP32 V3 LoRa receiver
is connected to the Raspberry Pi through USB. The server reads this USB serial stream and
updates the CSV storage and dashboard. To start the server, open a terminal in the project
folder and run:

./run.sh

If the script does not have execution permission, run:

chmod +x run.sh

./run.sh

After the server starts, the dashboard should be opened in a browser to confirm that recent
data are available. If no new records appear, the technical staff should check the USB serial
port, receiver connection, server log, parser status, and recent CSV files.

A.5 CSV Data Backup and Dataset Management

The CSV files are important because they support dashboard visualization, data export, lo-
cal MLP retraining, global model development, and report generation. The server data folder
should be backed up regularly, especially after important rain or flood-related events.

The prototype dataset is organized at one-minute resolution. Although the field node can
sense at a higher rate, raw readings within each minute are averaged to create one representative
sample. If the sensing period, aggregation interval, or history length is changed later, the model-
training configuration and embedded inference configuration should be updated consistently.

A.6 Retraining the Local MLP Model

The local MLP model can be retrained when additional rainy-season or storm-event data are
collected. Retraining should be performed offline, for example in the Python/VS Code training
environment, before any new model is deployed to the MSP430.

The new CSV data should first be checked for correct columns, time resolution, sensor
representation, water-level format, and risk labels. The model should then be trained using the
same feature-construction logic used by the MSP430 inference code. After training, the model
should be evaluated using validation accuracy, confusion matrix, and per-class recall. This is
important because flood-risk data can be imbalanced, and high overall accuracy alone may not
guarantee good detection of higher-risk classes.
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After the model is verified, the weights can be exported into embedded C files and integrated
into the MSP430 firmware project. The updated firmware should be tested with known records
before field use.

A.7 Updating the Global DNN Model

The global DNN model runs on the server and does not need to be programmed into the MSP430.
It can be updated on the Raspberry Pi4B or another Ubuntu/Linux computer. The update should
use the prepared multi-node dataset, node coordinates, local risk outputs, sensor features, and
adjacency structure described in Chapter 7.

Before replacing the deployed global model, the new model should be tested offline. The
dashboard global forecast function should then be checked to confirm that predicted node risks,
high-risk markers, and flood-path visualization still appear correctly. Because the current physi-
cal system has limited real multi-node deployment, global-model outputs should remain decision-
support information until more physical multi-node field validation is completed.

A.8 Server Migration

The server can be moved to another Raspberry Pi or Ubuntu/Linux computer if the original
Raspberry Pi fails or if more computing capacity is needed. The full project folder should be
copied, including server code, data files, dashboard files, model files, and configuration files.
The required software environment should then be recreated on the new machine.

After migration, the Heltec ESP32 V3 receiver should be connected through USB, and the
USB serial device name should be checked. The run script can then be used to start the server.
A successful migration should be confirmed by opening the dashboard, loading stored data,
receiving a new test packet, and verifying that a new CSV record is created.

A.9 Version Control and Backup

Each working version of the firmware, ESP32 sketches, server code, local MLP model, global
DNN model, and CSV dataset should be backed up with a clear date or version name. A simple
version log should record what changed, why it changed, and how the new version was tested.
A new model or firmware version should not overwrite a known working version until it has
passed a short end-to-end test.

A practical final check after any update is to confirm that the node can sense, transmit, store,
and display a new record on the dashboard. This end-to-end check helps ensure that firmware
changes, ESP32 updates, server changes, and model updates have not broken the complete data
path.
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