
18-500 Design Project Report: LeakLink 02/27/2026 

 

1 

 

Abstract— LeakLink is a user-controlled robotic system that is used 

for non-destructive inspection of horizontal, metallic, HVAC 

ducts. Instead of manual inspection, cameras, or pressure drop 

tests to inspect functionality of HVAC ducts, our system 

performs active acoustic excitation paired with a machine-

learning model with defect classification to correctly identify 

corrosion, cracks, and leaks in HVAC ducts. LeakLink can 

navigate ducts as small as 120mm wide while navigating 90° 

turns and inspecting up to 60m per deployment. LeakLink’s 

system allows for a 90% or greater defect detection accuracy 

with a 5cm or less localization error, and more than a 25dB 

signal to noise ratio. LeakLink brings a new angle to HVAC 

duct inspection by providing an automated, localized precision 

solution, allowing for safer, and more reliable defect detection 

in ducts.  

 

Index Terms— Acoustic Emission Sensor, Duct Inspection, 

HVAC Robotics, Leak Detection, Machine Learning, Non-

Destructive Testing, Robotic Localization 

I. INTRODUCTION 

Civil engineers and heating, ventilation, and air 

conditioning (HVAC) technicians are responsible for 

maintaining safe and functioning systems in commercial 

buildings, hospitals, laboratories, and industrial facilities. 

Ductwork, especially in buildings like hospitals, should 

routinely be inspected to prevent structural degradation and 

safety hazards. When it comes to HVAC ducts, undetected 

corrosion, cracks, and air leaks can lead to worse damage over 

time, eventually compromising the entire system. Right now, 

the most common method is manual inspection, where 

engineers have to crawl into small spaces with minimal vision. 

There is a growing need for automated inspection methods 

that are safe, minimally invasive, non-damaging, and operable 

in confined spaces. 

Civil engineers and HVAC technicians face significant 

challenges when inspecting pressurized ductwork. Manual 

inspections of disassembled HVAC ducts is time-consuming 

and require the shutdown of surrounding areas. As a result, 

these inspections are usually performed only when the defects 

have reached late stages and have caused irreparable damage. 

An alternative to this procedure is installing cameras within 

the ducts for constant monitoring. However, the cameras are 

unreliable in detecting defects as they rely on visual cues 

which develop in late-stage deformation. In addition, the 

cameras themselves require an amount of maintenance and are 

only accessible when the ducts are disassembled. Another 

alternative inspection method is manually tapping the duct to 

excite the material and listening for the acoustic signature.  

 

This is time-consuming and requires a highly trained ear, 

which many technicians may not have. 

LeakLink overcomes the restrictions that methods like 

pressure drop testing, which can only inform you of the 

presence of a leak without localizing it, and camera-based 

systems by leveraging acoustic excitation and machine 

learning to not only detect but localize and classify various 

early-stage defects. LeakLink can navigate ducts as small as 

120mm wide while navigating 90° turns and inspecting up to 

60m per deployment. LeakLink’s system allows for a 90% or 

greater defect detection accuracy with a 5cm or less 

localization error, and more than a 25dB signal to noise ratio.  

 In this paper, the proposed solution is a remote-controlled 

robot that maneuvers through HVAC duct systems and detects 

corrosion and cracks with their locations using the acoustic 

signature of the ducts. The robot moves through the duct 

controlled by the user, who receives visual data on the robot’s 

location from a mounted camera. The robot stabilizes itself at 

different points within the duct and captures the acoustic 

response with an ultrasonic transceiver sensor. Then, the 

acoustic data is processed onboard to detect and log potential 

defects. By enabling precise, data-driven inspections in areas 

that were previously inaccessible, LeakLink has the potential 

to transform how engineers maintain and safeguard critical 

infrastructure. 

II. USE-CASE REQUIREMENTS 

Our use-case requirements were designed with the goal of 

creating a robotic inspection system that makes defect 

detection in ducts accurate, accessible, and at a lower cost than 

existing automated solutions. The requirements we have 

defined for LeakLink ensure that our inspection robot provides 

reliable technical performance while catering to the existing 

needs of Civil and HVAC Engineers. We divided our use-case 

requirements into five key sections as described below. It is 

important to note that LeakLink should have an overall cost of 

under $600 to manufacture. 

 

A. Operational Environment Requirements 

This project focuses on galvanized steel HVAC duct 

systems because they are the most common systems amongst 

residential, corporate, and industrial buildings and are heavily 

standardized for the convenience of civil engineers and 

architects. Since the robot must operate within a duct system, 

the robot must execute non-destructive inspection and 

navigate a low visibility environment. As such, there are strict 

size and weight requirements based on the smallest standard 

sizes and load capabilities of HVAC ducts. The robot must be 

less than 15 pounds and less than 12 inches in width.  

 

B. Mobility and Traversal Requirements 
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The speed of the robot must be 0.1 to 0.2 m/s based on 

standard speeds of robots with the size requirements stated 

previously. In addition, in order for the robot to collect the 

acoustic signatures of ducts, the motor noise must not interfere 

with the collection process. Therefore, the robot must operate 

at a minimum speed. The speed of the robot must be 0.1 to 0.2 

m/s based on standard speeds of robots with the size 

requirements stated previously. In addition, in order for the 

robot to collect the acoustic signatures of ducts, the motor 

noise must not interfere with the collection process. Therefore, 

the robot must operate at a minimum speed. The robot must be 

able to traverse 60 meters or more during inspection as well as 

make 90° turns in order to follow the duct. HVAC duct 

systems may be longer than 60 meters, however, they have 

access points every 30 to 50 meters. Therefore, in an ideal 

scenario, the user can insert the robot into the duct via one of 

the access points, the robot can inspect the duct section and 

make its way to the next access point, at which the robot can 

be retrieved. Absolute position error should not exceed 5cm 

over a 60-meter inspection segment.  
 

C. Power and Runtime Requirements 

The robot must have a battery life of at least one hour based 

on the speed and inspection range. In addition, the acoustic 

signal processing and machine learning (ML) model 

classification will happen on board the robot, so the robot 

must have enough battery to collect, process, and classify the 

data. Overall, the system should sustain continuous operation 

during the one-hour inspection period without performance 

degradation. The power should support high-frequency 

acoustic sampling and onboard interference. 

 

D. Defect Detection Requirements 

In terms of the classification, the minimum internal surface 

corrosion area that the robot should detect is 75 cm². The 

minimum crack length that the robot should detect is 4 mm. 

These measurements are based on the early-stage detection 

measurements of corrosion and cracks. The robot must be able 

to detect defects in the early stage so that the system can 

prevent irreparable damage. The system must be able to detect 

these defects in the early stage with 90% accuracy. The 

acoustic sampling window should exceed 100ms to account 

for material ring-down time, and the sampling density should 

be at least one tap every 10cm. This accuracy is based on 

current ML models that focus on using acoustic emissions for 

structural health monitoring, although these models have not 

specifically targeted HVAC duct systems. The target 

localization accuracy is 5 cm positional error, which is based 

on the early-stage defect measurements described above as 

well as the current capabilities of using acoustic emissions to 

detect defects.  

III. ARCHITECTURE AND/OR PRINCIPLE OF OPERATION 

As the minimum viable product (MVP) for our project, 

LeakLink should be able to maneuver through HVAC ducts, 

make contact with the duct using a solenoid tapper, capture the 

acoustic signal with an acoustic emission (AE) sensor, and 

classify the structural defect using an onboard machine learning 

model. Throughout the inspection process, LeakLink will 

follow a repeated cycle of moving, stopping in 10cm 

increments, stabilizing, tapping the walls of the duct, recording 

the acoustic signals, then processing the data in the machine 

learning model, eventually outputting the location and type of 

defect inside the duct.  

The processing of the acoustic data will begin by performing 

a bias shift. Then, the data will be sent through a denoising 

process. Then, the result will be the denoised acoustic 

waveform in the time domain. From this waveform, we will 

collect the peak-to peak, RMS, and statistical features such as 

standard deviation and kurtosis. Then, we will use the fast 

Fourier Transform to obtain the frequency domain data. From 

this, we will obtain the angular frequency, mean frequency, 

mean frequency power, and frequency window. The embedded 

control system allows for real-time interaction between 

mobility of the robot, acoustic sensing, and computation. A 

Teensy microcontroller will handle motor control, solenoid 

actuation, and IMU interfacing. A Jetson Orin Nano will be the 

high level controller of the system and will perform high-level 

signal processing and machine learning. Our system integrates 

embedded systems, signal processing, machine learning, and 

system level software. 

                  

Figure 1. Full model functionality of LeakLink Robot 
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Figure 2. Full system and hardware architecture plan 

Figure 3. Diagram showcasing user interaction with system and learning model pipeline 
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IV. DESIGN REQUIREMENTS 

LeakLink should operate inside HVAC ducts while 

navigating horizontal distances with turns and perform defect 

detection without causing damage to the duct system. Here, 

we translate those requirements into design specifications 

across various subsystems. We have split our design 

requirements into five  main sections as shown below. 

A. Mechanical Specifications and Duct Navigation 

Our robotic system should be able to operate inside ducts 

and be retieved through access points or the entry point. 

Overall, the robot mass should be less than 15 pounds to 

ensure the robot can navigate through the ducts without 

causing structural damage. The robot’s maximum width 

should be under 12 inches to fit in standard ducts, allowing for 

90 degree turns. The robot should also be designed in such a 

way that all of its components don’t cause damage to the 

HVAC ducts.  

B. Mobility, Navigation, and Turn Performance 

Our robotic system should traverse 60m sections of a 

HVAC duct and navigate 90 degree turns while ensuring 

acoustic signal measurements are accurate. The robot must 

maintain a speed within 0.1-0.2 m/s in straight ducts to 

correctly collect data and allow for precision sampling of data. 

While collecting acoustic data, the wheels of the robot and 

speed should be 0 m/s. We will be enforcing a policy where 

the robot stops before collecting acoustic emission data. This 

ensures little noise interference when collecting data. The 

robot should also be able to turn at 90-degree angles with a 

turn success rate exceeding 90% and a final heading error 

within +/- 10 degrees. The robot should also traverse 60-meter 

distances, consistent with standard HVAC duct access points 

distance metrics. The mobility and navigation requirements 

are important because acoustic emission signatures are 

sensitive to outer noise and vibrations so the robot must be as 

still as possible during data collection. 

C. Acoustic Excitation and Timing 

Our robot must reliably make duct contact and record the 

ring-down response to collect reliable audio data to detect and 

classify defects. The robot should generate one acoustic 

excitation every 10cm of travel through the duct to meet the 

required sampling density. The timing jitter must be under 

3ms to allow for consistent window alignment of taps for 

feature extraction. Each tap must record at least 100ms of 

data. All these requirements must be consistent to allow for 

specific recording alignment. The sampling rate of our system 

must be greater than or equal to 200 kHz which accounts for 

the Nyquist frequency, ensuring that we can correctly detect 

frequencies below 100 kHz without aliasing. The signal to 

noise ratio should be greater than 25dB and the amplifier must 

provide sufficient gain to lift AE signals.  

D. Defect Detection and Classification Performance 

LeakLink should detect a corrosion with internal surface 

area of greater than or equal to 75 cm². The system should also 

detect cracks with a minimum length of 4mm. The onboard 

classifier and machine learning model should achieve at least 

90% accuracy, and the system should seek to limit false 

negatives for safety-critical defects. The system should report 

a defective location with no more than 5cm absolute position 

error and it should maintain this during its one hour of 

operation timing. The absolute location error is especially 

important since HVAC technicians operating the robot should 

then be able to successfully find the defect and correct it.  

E. Power and Runtime  

Our robot should operate long enough to cover our 

inspection range of 120m while powering our entire 

mechanical embedded system, acoustic sensing, and machine 

learning model. The full system should operate for at least an 

hour. The power subsystem, because of this requirement, 

should provide power rails for the motors and the solenoid. 

The battery will be a 19V battery. The onboard compute 

platform should support real time feature extraction and 

classification. A 19V battery will allow for sufficient division 

of power across all the parts of our robot while satisfying 

runtime requirements.  

V. DESIGN TRADE STUDIES 

Our design trade studies explore the three main areas in our 

project: Hardware, Signals and Systems, and Software. 

A. Piezoelectric Transducer 

A piezoelectric transducer can function in both transmit and 

receive modes, converting electrical pulses into ultrasonic 

mechanical waves and returning echoes back into electrical 

signals. In an active implementation, the system drives the 

piezo element with a high voltage, then uses a receiver to 

receive the acoustic echo. This approach enables precise 

defect localization and thickness measurement but requires 

careful analog front-end design, impedance matching, and 

protection circuitry to separate transmit and receive paths. In a 

passive acoustic emission configuration, the piezo element 

acts only as a receiver, listening for stress-induced ultrasonic 

emissions generated naturally by crack propagation or 

corrosion. This reduces excitation hardware complexity and 

power consumption but depends heavily on signal 

amplification and noise filtering, since HVAC environments 

can introduce mechanical and airflow noise. We decided that 

we can start by experimenting with the passive approach and 

determine whether the acoustic emissions of healthy ducts and 

ducts with defects have substantial differences using this 

method. If we are unable to obtain differentiable data, then we 

will switch to the active approach. 

B. Active Ultrasonic Pulse-Echo vs. Solenoid Tapper 

While researching components, we realized that to generate 

acoustic data from the sides of the duct, we could utilize a 

high-voltage ultrasonic pulser. However, this is not a cost 

effective solution for our budget of $600. As a result, we have 

opted for a solenoid tapper. However, with a solenoid-driven 

impact against duct walls, there is a mechanical impulse 

energy (E) that is introduced as shown in (1). 
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E = ½ mv2                                                () 

In (1), m is the mass of the solenoid, and v is the impact 

velocity. When we increase the value of m or v, we improve the 

signal strength, however, it introduces a tradeoff since power 

consumption increases and there is more mechanical wear on a 

duct that may already have a structural defect.  

C. Microphone vs. Acoustic Emission (AE) Sensor 

Microphones will pick up additional noise, so we have opted 

for an AE sensor. Since AE sensors operate in ranges greater 

than 20kHz, the AE sensors will filter a lot of the surrounding 

noise that may be in the duct. Below, in (2), we define signal 

to noise ratio (SNR). Our SNR requirement is that it should be 

greater than 25dB. An AE sensor satisfies our requirements 

whilst ensuring little noise for signal integrity.  

      SNR = 10log10(Psignal ÷ Pnoise)                        () 

D. Microphone vs. Acoustic Emission (AE) Sensor 

At first, the design for the acoustic data collection was to 

use a solenoid tapper to excite the wall of the ducts. In this 

design, a microphone mounted on the robot would collect each 

impulse response. However, these responses would be short 

and extremely vulnerable to being corrupted by noise within 

the ducts. Therefore, we decided to look into academic 

research on collecting acoustic signatures for structural health 

monitoring. From this literature review, we quickly realized 

that all of the studies use acoustic emission (AE) sensors.  

An AE sensor is a transducer, typically using a piezoelectric 

element, that detects high-frequency, inaudible ultrasonic 

waves generated by structural, localized stress changes within 

materials, such as corrosion and crack growth. These sensors 

convert transient mechanical energy into electrical signals, 

serving as a key non-destructive testing tool to monitor 

structural integrity and detect failures before they occur in 

real-time. The acoustic emission data collected by these 

sensors offer more meaningful information on defect 

detection.  

From the response, we would be able to extract more 

features than we would from a single audial impulse. These 

sensors are also less vulnerable to corruption via noise than a 

microphone attempting to record the sound of a tap. Hence, 

we began looking into different AE sensors to use. To begin 

the search for an AE sensor, we referred to the academic 

studies using acoustic signatures for structural health 

monitoring. The sensors used in these studies are extremely 

precise, however, they are also extremely expensive and 

fragile. These sensors would not have been able to be mounted 

on a moving robot to collect data in a duct. Therefore, we had 

to turn to cheaper, more robust AE sensors. We were able to 

find a piezoelectric ultrasonic transducer on Amazon that was 

within our price range and robust.  

E. Software 

The two primary classification architectures we 

considered were a Convolutional Neural Network-based 

model and a Support Vector Machine-based model. CNNs are 

commonly used in acoustic emission analysis because they 

can automatically learn hierarchical feature representations 

directly from raw time-series signals or time–frequency 

representations such as spectrograms. In structural health 

monitoring applications, CNNs have demonstrated strong 

performance in identifying crack growth and corrosion 

progression due to their ability to capture localized temporal 

and spectral patterns. However, CNNs require larger labeled 

datasets to achieve reliable generalization. Given that we will 

be making our own dataset and thus may have dataset size 

constraints, we chose to begin with an SVM-based system. 

SVMs perform well on smaller, structured feature sets and 

allow us to explicitly control feature engineering in both the 

time and frequency domains. Additionally, SVMs are easier to 

tune, faster to train, and more computationally efficient for 

onboard inference. 

In designing the user interface for civil engineers, we 

initially considered developing a real-time spatial mapping 

visualization that would display detected defects along the 

HVAC duct layout. While this approach could provide an 

overview of inspection results, it introduces additional 

complexity in localization accuracy, mapping calibration, and 

visualization infrastructure. Instead, we decided to implement 

a more direct and reliable feedback mechanism: whenever 

corrosion or a crack is detected, the robot will pause and 

perform a distinct tap sequence to notify the civil engineer 

immediately. This auditory alert system provides intuitive, 

real-time confirmation of defect detection without requiring 

continuous screen monitoring. This user interaction will create 

an actionable notification method that aligns with traditional 

manual HVAC engineer inspection practices. 

 

 Below, in table I, is a summary of design tradeoff choices 

made where hardware is concerned. We eventually landed on 

using Jetson Nano for onboard ML processing capabilities. 

TABLE I.  HARDWARE TRADEOFFS 

Component 
Advantages Disadvantages 

Simple 
passive 

AE Sensor 

Simple electronics and low 

power 

Less control over 

how much 

excitation is 
generated 

Microphone 
Easy to implement and 

collect direct audio data  

Generates noisy 

data 

STM32 
Architecture 

Low power 

Simple Real-time Control 

Low Cost 

Limited RAM 
Cannot easily run 

FFT 

Cannot do 
advanced ML on 

board 

Cannot have real 
time logging 

Jetson Nano 

Architecture 

Can run FFT 

Can support ML onboard 
Easier to debug 

Needs higher 

power 
Costs more 
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VI. SYSTEM IMPLEMENTATION 

A. Acoustic Sensing Subsystem 

Acoustic emission (AE) sensors are commonly used as a 

passive structural health monitoring (SHM) approach. These 

sensors detect elastic waves generated by damages in 

structural components, such as corrosion and cracks. In this 

project, a piezoelectric AE sensor is used because it fulfills the 

use-case requirements of non-destructive detection of early-

stage defects and remains within the budget limitations. The 

sensor used in this project detects up to 40 kHz, therefore this 

sensor is paired with a pre-amplifier. 

We will use a preamplifer to increase the amplitude of the 

detected AE signal so that we can correctly digitize the signal 

and have minimal noise. This amplified analog signal will be 

digitized via a USB audio interface and transmitted to the 

Jetson for processing in the machine learning system 

B. Solenoid Tapper Excitation Subsystem 

The solenoid tapper will be driven with a N-channel 

MOSFET and the GPIO trigger from the Teensy MCU. The 

solenoid tapper will be attached to the chassis so that it taps 

against the duct wall, but it will also make sure that the 

tapping is dampened to make sure it does not cause any 

structural damage.  

C. Robot Mobility Subsystem 

The robot will move using a wheeled chassis with a motor 

driver that is controlled by the Teensy MCU which is 

controlled by the Jetson. The Teensy MCU will make sure that 

the motors on the chassis move the robot forward, stop before 

tapping, and will control the motors to make 90 degree turns. 

The motors are attached to a chassis which contains the Jetson 

nano and all other system components. IMU data which 

interfaces with the Jetson will allow the robot to understand 

positional requirements and whether it should make a turn or 

not.  

D. Embedded Subsystem 

The embedded subsystem essentially contains a Teensy 4.0 

MCU and the NVIDIA Jetson Orin Nano. The Teensy MCU is 

what drives the motors, the solenoid actuator, and the IMU 

communication via I2C. The MCU we are using interfaces 

with the Jetson through USB serial communication. On our 

NVIDIA Jetson Orin Nano, we deal with the acoustic signals, 

feature extraction as well as the machine learning, data 

logging, and the overall user interface.  

E. Localization Subsystem 

We will focus on localization, ultimately utilizing a 

RealSense L515 depth camera with LIDAR as well as the 

BNO085 IMU. The IMU will provide the system with key 

orientation and motion feedback and will allow us to ensure 

the robot is detecting correct locations of defects, as well as 

providing the user with real-time footage of where the robot is 

navigating through the duct.  

 

F. Power Subsystem 

The robot will be powered by a 12V (LifePO4) battery 

which allows for enough energy to power the robot for 1 hour. 

We will regulate the power distribution ensuring that 12V are 

given to the motors and solenoid and that 19V are provided for 

the Jetson. We will use 5V and 3.3V rails for the MCU and the 

sensors we use in our system. 

G. Systems 

Typically, AE raw signals oscillate around zero, resulting in 

a zero mean (Beattie, 1978). The signals captured by the AE 

sensor were centered around zero to account for the offset 

likely caused by electrical noise generated by the robot. Then, 

the signal was denoised using the MATLAB built-in denoising 

function built for audio files. The denoised signals were 

processed into features to input to the ML model. The features 

were chosen based on a literature review of papers using AE 

signals for SHM. For instance, the peak-to-peak amplitude is 

the distance between positive and negative peaks of the signal. 

High peak-to-peak can indicate corrosion and a significant 

jump or “peak” in the signal can indicate the presence of a 

crack. In addition to the peak-to-peak amplitude, the chosen 

time domain features include the max peak value and root-

means-square (RMS) energy level. The standard deviation, 

skewness, and kurtosis were selected as statistical analysis 

features.  

Kurtosis of a signal measures the "tailedness" of its 

distribution, helping to identify peaks and transients. This can 

indicate the presence of corrosion by measuring the 

"peakedness" or impulsiveness of vibration signals (May et 

al., 2021). In addition, since small cracks produce impulsive, 

non-periodic impacts, they cause sharp, sporadic spikes in 

vibration data, significantly increasing the kurtosis value even 

when the overall RMS energy level remains low (Quick, 

Denecke, & Schmidt, 2025). The angular frequency, mean 

frequency, and mean frequency power were considered as 

frequency-domain features to be extracted from the FTT-

transformed AE signals. Then, the FFT-transformed AE signal 

was passed through a highpass filter to isolate high-frequency 

signal components, which are indicative of defects. The cutoff 

frequency was chosen as 15 kHz due to the work done in the 

paper written by Quick, Denecke, and Schmidt (2025) as well 

as the pre-amplifier.  

H. Software 

The software subsystem is built around three main goals: 

detecting defects, determining their locations, and clearly 

communicating those results to the civil engineer. To detect 

defects, we frame the problem as a supervised classification 

task. After each controlled tap, the acoustic emission signal is 

recorded and first processed to improve signal quality. This 

includes bias correction to center the waveform around zero 

and denoising techniques to reduce electrical interference and 

environmental disturbances inside the duct. Once the signal is 

cleaned, we extract meaningful features from both the time 

domain and the frequency domain. Time-domain features such 

as RMS energy, peak-to-peak amplitude, skewness, and 

kurtosis help capture the intensity and impulsiveness of the 

response. Frequency-domain features such as mean frequency, 
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spectral power, and selected frequency windows highlight 

subtle changes in material behavior. These features are 

combined into a structured feature vector and passed into a 

multi-class Support Vector Machine classifier trained on 

labeled examples of healthy ducts, corrosion, and cracks from 

our custom-built dataset. Because the model runs onboard the 

robot, it then generates a prediction immediately after each 

tap, enabling near real-time defect identification during 

inspection. 

For localization, the classification output is fused with 

spatial sensor data collected at the same moment the acoustic 

signal is recorded. Using IMU readings and LiDAR 

measurements, the robot continuously estimates its position 

and orientation within the duct system. When a defect is 

detected, the system tags that prediction with the robot’s 

estimated coordinates, creating a direct link between the 

classification result and its physical location. Across multiple 

taps, clusters of defect predictions allow us to approximate the 

size and extent of the affected region rather than treating each 

detection as an isolated event.  

Finally, the user interface is designed to present results in a 

way that is intuitive and actionable. Instead of overwhelming 

the civil engineer with raw waveform plots or technical signal 

metrics, the system translates complex acoustic analysis into 

clear defect labels and associated positions. In addition to on-

screen feedback, we incorporate a tapping-based alert 

mechanism: whenever corrosion or a crack is detected, the 

robot pauses and performs a distinct tap sequence. This 

provides immediate confirmation of a defect without requiring 

constant visual monitoring. By combining automated 

classification, spatial tagging, and straightforward feedback, 

the software subsystem supports a more efficient, data-driven 

inspection process while keeping the user experience simple 

and practical. 

VII. TEST, VERIFICATION AND VALIDATION 

A. Tests for Machine Learning Model Accuracy 

The baseline design specification for the classification 

subsystem is a multi-class Support Vector Machine (SVM) 

trained to distinguish between three classes: no defect, 

corrosion, and crack. To verify that the model satisfies the 

quantitative requirement of at least 85% classification 

performance, we will conduct structured validation using 

supervised evaluation techniques. The collected acoustic 

emission dataset will be divided into training, validation, and 

testing splits, and five-fold cross-validation will be performed 

to assess generalization across different duct segments. 

Performance will be measured using precision, recall, overall 

accuracy, and confusion matrix analysis. The subsystem will 

be considered verified if precision and recall both exceed 

85%. 

To ensure robustness, feature stability testing will also be 

conducted. Controlled white noise will be injected into 

acoustic emission signals at varying signal-to-noise ratios to 

simulate realistic HVAC duct environments. We will evaluate 

classifier performance degradation and confirm that accuracy 

remains above 80% when the signal-to-noise ratio is at least 

25 dB. This verifies that the preprocessing pipeline remains 

reliable under environmental noise. 

Because inference is performed onboard the NVIDIA Jetson 

Orin Nano, real-time performance testing is required. We will 

benchmark total processing latency, including feature 

extraction and model inference time. The complete pipeline 

from solenoid tap to classification output should execute 

within 500 milliseconds to maintain inspection speed 

requirements. Additionally, localization validation will be 

performed by comparing predicted defect positions to ground 

truth measurements. The system will satisfy requirements if 

positional error remains within 10 centimeters and relative 

positional error between sequential detections does not exceed 

10 centimeters. 

B. Tests for HVAC Operability 

During system-level testing we will focus on making sure 

the fully integrated robot can actually operate in real HVAC 

environments. We begin by verifying the physical constraints 

of the system. The assembled robot will be measured to ensure 

it fits within the 12-inch width and height limits and remains 

under 6 pounds, allowing it to safely travel through standard 

ductwork. We will also test turning capability by driving the 

robot through a 90-degree duct elbow while recording 

orientation data from the IMU. The goal is for the robot to 

complete turns within 10 degrees of a true 90-degree rotation 

and achieve at least 85% reliability when performing these 

turns. This ensures it can realistically navigate duct layouts 

without getting misaligned or stuck. 

To validate runtime and inspection coverage, we will 

operate the robot continuously at its designed speed of 0.1 to 

0.2 meters per second using a fully charged 12V LiFePO4 

battery. During this test, we will confirm that the robot can 

travel at least 60 meters and operate for at least one hour 

without shutting down. At the same time, we will log power 

consumption from the motors, microcontroller, and onboard 

processor to verify that our battery capacity calculations were 

accurate. Sampling density is another critical requirement, so 

we will test whether the robot consistently performs one tap 

every 10 centimeters during traversal. Tap timing and position 

data will be recorded to ensure spacing consistency and to 

confirm that tap jitter remains below 2 milliseconds, which is 

important for collecting clean and comparable acoustic 

signals. 

We will also test the robot’s defect detection performance 

using controlled duct samples with artificially induced 

corrosion and cracks. Corrosion regions will meet or exceed 

75 cm², and cracks will be at least 4 millimeters in length. The 

system must achieve at least 85% precision, 85% recall, and 

an 85% Dice score when detecting these defects. Finally, we 

will test safety and recovery mechanisms. By simulating 

microcontroller freezes and communication loss, we can 

verify that the watchdog timer properly resets the system and 

that the robot defaults to a safe extraction protocol by 

reversing toward its entry point. These tests help ensure that 

the robot is not only accurate and efficient, but also reliable 

and safe in real-world operating conditions. 
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VIII. PROJECT MANAGEMENT 

This section describes our project schedule, team member 

responsibilities, bill of materials with budget and risk mitigation 

plans for our LeakLink Inspection Robot. 

A. Schedule 

The project schedule follows a structured, phased 

development process aligned with the updated Gantt chart. 

The first phase focuses on hardware acquisition and assembly, 

including integrating the acoustic emission sensor, solenoid 

tapper, embedded controllers, and power distribution system. 

Once hardware components are assembled, the second phase 

prioritizes embedded controls implementation. This includes 

motor PWM control, IMU-based stabilization logic, solenoid 

triggering, and establishing USB serial communication 

between the microcontroller and onboard computing platform. 

The third phase centers on data collection and model 

development. During this stage, supervised acoustic emission 

data will be collected from healthy and artificially damaged 

duct segments. Signal preprocessing, feature extraction, and 

SVM training will be conducted iteratively to optimize 

classification performance. The final phase consists of full 

system integration and validation. The trained model will be 

deployed onboard, and the complete robot will undergo 

performance, accuracy, and stress testing to ensure all 

quantitative requirements are met. This phased structure 

reduces integration risk by validating each subsystem prior to 

final deployment. 

B. Team Member Responsibilities 

Our team responsibilities are structured around each 

member's strengths, allowing us to move efficiently while 

building a highly integrated and forward-looking system. 

Adithi will lead hardware integration, ensuring all physical 

components are properly connected, validated, and ready for 

system-level operation. Adithi will also lead embedded 

systems development alongside Mahati, focusing on motor 

control logic, IMU integration, solenoid driver 

implementation, and ensuring that all real-time control 

constraints are satisfied to guarantee precise and reliable 

movement, stabilization, and tapping actions within the 

confined duct environment. Rayann will lead acoustic signal 

processing, extracting meaningful time and frequency-domain 

features from raw audio data captured during inspection. 

Mahati will also lead the machine learning subsystem 

alongside Rayann, developing the preprocessing pipeline, 

training and optimizing the SVM classifier, deploying the 

trained model onto the embedded platform, and designing 

experimental validation procedures to measure system 

performance. 

C. Bill of Materials and Budget 

Our table of bill of materials as well as the budget can be 

found at the end of this document in Figure 4. 

D. TechSpark Use Plan 

TechSpark facilities will support mechanical fabrication and 

hardware prototyping. The facility will be used for precision 

cutting to simulate cracks, milling partial wall notches, 3D 

printing sensor mounts and chassis brackets, soldering 

electrical connections, and performing mechanical 

adjustments during integration. 

B. Risk Mitigation Plans 

Several risks have been identified and addressed 

proactively. If classification accuracy falls below 85%, 

mitigation strategies include expanding the dataset, tuning 

SVM hyperparameters, or evaluating alternative models such 

as Random Forest classifiers or lightweight neural networks. 

Environmental noise interference will be mitigated through 

improved signal shielding, refined denoising filters, and 

maintaining a minimum signal-to-noise ratio threshold of 25 

dB. If battery capacity proves insufficient, power optimization 

techniques or higher-capacity battery solutions will be 

considered. 

Mechanical risks, such as the robot becoming lodged inside 

a duct, are mitigated through watchdog timers and a 

programmed reverse-extraction protocol. Sensor fragility is 

addressed through protective mounting and vibration isolation. 

Special attention is given to minimizing false negatives, as 

undetected defects pose greater long-term infrastructure risk 

than false positives. The system is therefore tuned 

conservatively to favor detection sensitivity while maintaining 

acceptable precision. 

IX. RELATED WORK 

Structural Health Monitoring and AE sensing has been 

widely studied in civil and mechanical engineering 

applications. There are several studies from Oxford University 

as well as NASA which utilize AE sensors to detect cracks in 

structures such as bridges and pipes. In the context of HVAC 

systems, most approaches do rely on manual inspection or 

cameras so till date, there has not been a lot of robotic systems 

that utilize AE sensors. However, there have been robotic 

systems that utilize cameras for defect detection. LeakLink is 

different because it is a robot designed specifically for HVAC 

applications while using AE sensors and real time machine 

learning, something, as far as our research leads us to believe, 

that has not been done before.  

X. SUMMARY 

LeakLink is ultimately a user-controlled inspection robot 

designed for defect detections, specifically corrosions and 

cracks in galvanized metallic HVAC duct systems. The system 

integrates acoustic emission sensing, onboard signal 

processing, and machine learning and classification methods, 

as well as robotic localization to provide an alternate defect 

detection mechanism when compared to original methods. The 

primary impact is to civil and HVAC engineers as it will lower 

the risk involved with inspection, and provide a cost-effective, 

time-efficient, and reliable solution to enhance infrastructure 

safety. Some challenges we will face is ensuring a sufficient 

SNR in HVAC environments and achieving realistic and 

reliable localization, however with our embedded system 

design, LeakLink will prove to be a scalable solution for 

modern HVAC structural health monitoring. 
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GLOSSARY OF ACRONYMS 

AE – Acoustic Emission 

FFT – Fast Fourier Transform 

HVAC – Heating, Ventilation, and Air Conditioning 

I2C – Inter-Integrated Circuit 

IMU – Inertial Measurement Unit  

LiDAR – Light Detection and Ranging 

MCU – Microcontroller Unit 

ML – Machine Learning 

PWM – Pulse Width Modulation 

SNR – Signal to Noise Ratio 
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Figure 4. Bill of Materials 

Figure 5. ML Model Diagram 
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Figure 6. Gantt Chart for Project Timeline 


