
caused	 by	 the	 mismanagement	 of
waste	 dumping.	 Their

important	 questions
locations,	 given	 that

hazardous 
existence 
regarding 
research

poses 
their 
has

communities
shown 
tend

that	 poorer 
to	 have

disproportionately	 higher	 numbers	 of
hazardous waste sites. This project would aim to 
further investigate the validity of this  
correlation  by  approaching  this problem 
through a multisource approach:

one	 that a	 region’s
withsocioeconomic 

corresponding

combines 
data 

satellite
its 

imagery	 and
trains it on a multisource neural network.

The socioeconomic data was taken from the  
2010  US  Census  and  Superfunds locations  
from  the  National  Priorities List.  Afterward,  
we  would  map  block group  IDs  to  a  
geocoded  block  group dataset  that  contained  
latitudes  and longitudes.  Using  the  
coordinates  we intend to utilize the Google 
Maps API for each block group’s satellite 
imagery. Prior work  focused  on  training  
supervised learning models on pure ly 
s o c i o e c o n o m i c f a c t o r s  s u c h  a s  
demographics,  the number of people with 
college degrees,

and  poverty  rates.  Preliminary  results from 
this work support our hypothesis that areas of 
lower socioeconomic status are  correlated  
with  Superfund  site presence.

In this project, we seek to improve upon 
previous  model  performance  with  the 
addition of satellite imagery, providing a 
hypothetical  geospatial  component  that works  
in  tandem  with  the  original methodology. 
The created dataset would be  subjected  to  
oversampling  and targeted feature extraction 
to account for

Chronic wounds affect ~40 million Americans annually, costing $25 billion in 
Medicare expenditures. Cold atmospheric plasma (CAP) therapy, delivered via 
dielectric barrier discharge (DBD), has demonstrated up to 49% accelerated 
wound closure in randomized trials; yet clinical adoption remains stalled by 
operator-dependent manual delivery, introducing non-uniform dosimetry, 
contamination risk, and safety hazards. 

This project presents a fully custom-built 6-DOF robotic arm developed from 
first principles to autonomously deliver DBD plasma along precise, precomputed 
G-code tool paths over arbitrary wound surfaces. The system integrates six 
closed-loop stepper actuators, PETG 3D-printed structural joints, a custom 
PCB with Teensy 4.1 with TMC5160 motor drivers, EMI-resistant cabling, 
LiDAR surface reconstruction, and an IR thermal-array safety interlock. 

Mechanical validation over a 50 mm linear scan (n=50 positions, 0.5 kg payload) 
demonstrated mean positional error of 0.027 mm (max 0.069 mm), 100% of 
measurements below the 0.1 mm clinical threshold. This platform provides the 
missing autonomous execution and standardization layer for research-grade 
plasma wound therapy. 

Numerical Preprocessing 
In the resampling of the training data, avoiding the undersampling approach—removing 
excess negative cases to match the number of positive cases—would be a priority, because the 
number of positive cases was already small by our standards. So instead, just like in previous work, we 
would have employed the Synthetic Minority  Oversampling Technique  or  SMOTE  analysis.  The  
SMOTE  technique  incorporates  a  resampling method that works by interpolating between “close” 
examples to generate new ones as seen in Figure 1. With oversampling, there would have been 30,442 
rows rather than just 15,971 rows in the training data.

Image Preprocessing 
As for the satellite data, because each row would have been paired with a corresponding row in the 
socioeconomic data, it would have also been imbalanced, so would would have applied SMOTE analysis 
to generate new satellite images that would contain positive cases of Superfund sites. However, 
because of issues like the mean strategy being unable to work with non-numeric data—the image 
arrays would need to be handled with a different oversampling methods, such as image 
augmentation—transforming the images with rotations, flips, and transitions—to deal with the 
imbalanced data. With image augmentation, we would have been able to transform the unbalanced 
15,971 rows of the satellite data into 30,442 balanced rows.

Model Architecture 
The first stage of the network is a convolutional neural network to handle the satellite image data. 
High quality models like ResNet18 could be used for better results. The inputted image data, as 
said before, would have been in sizes of 512x512 and the output dimension was a single 512 vector. 
Then the numerical socioeconomic data was passed separately through a two-layer network with an 
output dimension of 64. To aggregate the outputs of the two models another network would be 
created with an input dimension of 576 (the added sizes) and with two layers would return a vector 
that would classify the combined satellite-socioeconomic data as having a Superfund or not.

The PyTorch architecture would have necessitated the conversion of the satellite and socioeconomic 
NumPY arrays into PyTorch datasets. Then with our batch size of 64 we could start our training loop 
with a cross-entropy loss function for its benefits in classification tasks and with the Adam 
optimizer.

Model Training 
In a Python-based Jupyter Notebook, we would incorporate PyTorch’s built-in model evaluation 
tools to measure accuracy, recall, precision, and F1 score. Additionally, after importing each model 
from respective libraries, hyperparameter optimization would be implemented with Grid-SearchCV, 
taking in a model and a space variable that consists of any hyperparameter values we wanted to 
select. Finally, a training loop that would iterate between models and their corresponding spaces 
would be created, implementing Grid-Search to find the best-performing model..

Method 
Data Gathering 
The data to be used in this project would have been from the U.S. Federal Superfund 
Sites dataset on Kaggle and the Census Bureau’s geocoded block group data. The first dataset 
consists solely of socioeconomics; it is a compilation of data from the NPL and the Census Bureau’s 
Planning Database with 345 features ranging from state and county population to demographics and 
college graduation rates [4]. The second lists the latitude and longitude for each block group, 
whose label is derived from individual state, county, and tract codes. After aggregating each of the 
codes into one, we would map each ID to the geocoded information, using it to later harvest 
satellite imagery from the Google Maps API. Images of size 512x512 with a zoom of sixteen would 
be selected to provide optimization of clarity and area size. Finally, we would add each satellite image 
to the original dataset and started data cleaning.

Discussion 
Results  from  the  neural  network  would 
provide insight into geospatial correlation with  
Superfund  Sites.  Adding  geospatial input   
would   likely   improve   model

performance	 and	 prediction	 capabilities
over  the  original,  purely  socioeconomic models 
and create a more comprehensive interpretation  
of  related  features.  Taking

and	 preprocessing	 with	 SMOTE	 and 
augmentation  accordingly,  the  numerical

would	 predict

would	 be	  employed	 	 to	 develop 
multisource	 neural	 networks	 	 that 

the

identifying  the  features
hypothetically 
correlation  by 
that  played  a significant  role  in  each
model’s prediction.

and image data would help in combating the 
imbalanced dataset issue. Overall, the expectation 
is that the new neural network would be more 
adaptive to newer data and as such, more effective 
in its targeting of the issue  of  environmental  
discrimination  in the United States. 

Conclusion 
This  work  investigates  the  correlation 
between the locations of Superfund sites and 
the associated socioeconomic data of the 
regions in which they are located. Data 
would be obtained from the 2010 
U.S. Census and the Google Maps API and 
the NPL. Deep learning techniques

This work can be broadened and applied to 
regions outside of the United States through 
the use of datasets like Canada’s Federal  
Contaminated  Sites  Inventory, bringing  
attention  to  areas  where governments or 
private institutions can intervene to better the 
lives of millions of people. It is intended that 
th is work be used  to  encourage  
accountability  and action from responsible 
parties by raising awareness	 of	
environmental discrimination of those affected 
by toxic Superfund sites.

Correlation Between Socioeconomic 
Features and Superfund Sites 
While   the   scientific   evidence   for 
environmental  discrimination  remains 
inconclusive, much literature has shown signs 
of a correlation existing. Data from

1983 and onwards show that waste sites in the 
United States are disproportionately
closer	 to	 lower-income	 or	 minority
population	 areas	 [2].	 In	 such	 cases, 
scientific evidence	 is
irrefutable—literature has proven that the
presence of these sites leads to higher risks of 
disease and other harmful health effects [3].
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Figure 2: Multisource Neural 
Network Training Flowchart

Aayushya Patel

Project Statement

Background

Engineering Objectives

Selected References
1. Sen CK. Human Wound and Its Burden: Updated 2025 Compendium of 

Estimates. Adv Wound Care (New Rochelle). 2025. 
2. Bekeschus S, et al. Medical gas plasma-stimulated wound healing: Evidence 

and mechanisms. Redox Biol. 2021. 
3. Graves DB. The emerging role of reactive oxygen and nitrogen species in redox 

biology and some implications for plasma applications to medicine and 
biology. J Phys D Appl Phys. 2012 

4. Isbary G, Morfill G, Zimmermann J, Shimizu T, Stolz W. Cold atmospheric 
plasma: a successful treatment of lesions in Hailey-Hailey disease. Arch 
Dermatol. 2011 

5. Lu X, et al. Cold atmospheric plasma jet-generated RONS and their selective 
anticancer effects. Sci Rep. 2016 

6. Patel A, Zaidi SH. Development of a 6-DOF Robotic Platform for Autonomous 
Plasma Wound Treatment. IEEE ISEC. 2026.

DBD plasma accelerates wound closure by up to 49% in randomized trials. The 
reactive oxygen and nitrogen species (RONS) (OH⁻, O⁻, and NO⁻) are the 
biologically active agents. RONS disrupt bacterial cell membranes and stimulate 
cellular proliferation for sterilization and tissue repair. 
 
Handheld CAP devices are fully operator-dependent. Inconsistent standoff 
distance, speed, and coverage over complex wound geometries produce non-
uniform dosimetry, contamination risk, and safety hazards, making manual 
delivery clinically inviable. 

There is no existing platform that combines  sub-millimeter autonomous 
delivery, real-time wound mapping, and a research-accessible cost, creating the 
gap this project directly addresses. 

• Develop a 6-DOF robotic arm with sub-millimeter end-effector accuracy 
(Fig. 1) 

• Develop a multimodal sensor framework (RealSense D405, MLX90640, 
spectroscopy, IR) for real-time wound mapping and safety monitoring 

• Develop a surface -to-G-code pipeline for autonomous, uniform plasma 
scanning (Fig. 8) 

• Validate RONS generation during operation via emission spectroscopy

MULTIMODAL SENSOR HEAD                          

RealSense D415  
(3D point cloud)

MLX90640  
(Thermal safety) 

HR4C4660  
(RONS 

spectroscopy)

 IR Reflective  
(Tissue Perfusion)

HOST CONTROLLER & SOFTWARE

Point Cloud 
Processing 

(3D point cloud)

Thermal 
Monitoring  

(<40°C) 

RONS Verification  
(RONS spectroscopy)

Standoff Control 
(6-15mm)

Wound 
Boundary 
Detection

G-Code 
Generator 

(Raster Toolpath)

SAFETY ARBITER & MOTION CONTROLLER                    

• Thermal cutoff enforcement 
• Distance limit validation 
• Emergency stop logic

MULTIMODAL SENSOR HEAD                          

• 6x Closed-Loop Motors 
• Magnetic ABZ Encoders  
• PETG 3D-Printed Links 
• Sub-mm Accuracy

 6-DOF ROBOTIC ARM
• 10 kV @ 20-50 kHz 
• Helium Carrier Gas 
• RONS generation 
• Controlled Flow Rate 20 cfm

DBD PLASMA TORCH

WOUND PHANTOM 
(Validation Target)

Conclusions

Results & Validation

Mechanical Performance 
Positional accuracy: 0.027 mm mean (max 0.069 mm, 100% pass 
<1 mm tolerance) (Table 1) 
Validated across 50 mm workspace using precision calipers 

Sensing & Plasma Verification 
RealSense D405: Real-time 3D wound surface mapping achieved 
MLX90640: Thermal safety cutoff validated at 40°C (human 
tissue threshold) 
Spectroscopy: RONS peaks confirmed at 300–500 nm during 
active plasma operation (Fig. 3) 

Autonomous Scanning 
Full pipeline validated: point cloud → G-code → robotic motion 
→ plasma delivery  
Raster-pattern scanning successfully executed on wound phantom 
(Fig. 8)

• A fully functional 6-DOF robotic platform achieving sub-
millimeter accuracy demonstrates the feasibility for a precise, 
autonomous plasma wound delivery system 

• Multi-sensor integration (3D vision, thermal, spectroscopy, 
distance) addresses core limitations of manual delivery: non-
uniformity, unsafe dosing, and lack of reproducibility 

• At $869, this establishes a low-cost research instrument 
pathway toward standardizing plasma-based wound therapies 
in clinical settings

Future Work

Test Expected 
(mm)

Measured 
(mm)

Error 
(mm)

1 0.00 0.017 0.017

10 9.18 9.203 0.019

25 24.49 24.471 0.019

38 37.76 37.687 0.069

50 50.00 49.938 0.062

Table 1: Mechanical validation of the 6‑DOF robotic arm 
over a 50 mm linear scan, showing expected vs. measured 

displacements that were recorded with precision calipers in a 
controlled setup; mean positioning error is 0.027 mm (max 

0.069 mm, 100% pass <1mm).

• Real-time spectroscopy feedback to adjust plasma parameters mid-
scan 

• Depth-aware path replanning for curved/irregular geometries 
• Bacterial sterilization studies on culture plates 
• Automated wound boundary detection from RealSense RGB+depth 
• Safety protocol development for in-vivo wound models

Figure 1: Final six-degree-of-freedom 
3D‑printed robotic arm platform used for 

autonomous plasma wound treatment

Figure 3: Optical emission spectrum of active DBD plasma jet 
(Ocean Optics HR4C4660, 195.7–1134.2 nm), showing characteristic 
discharge peaks consistent with the N₂ second positive system (300–

500 nm) and OH emission bands, indicative of RONS generation. 
Acquired via Ocean Optics HR4C4660 spectrometer 

 (195.7-1134.2 nm range). 

Figure 7: Custom DBD 
atmospheric plasma jet (10 kV, He 

carrier gas) generating a therapeutic 
ionized plasma plume for robotic 

end-effector deployment.

Figure 8: Custom toolpath rasterizer generating a 
scan treatment path (blue) over non-planar geometry.  

1,443 points computed across a 160 × 120 mm 
surface.

Methods and Methodology 
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Figure 5: Custom PCB schematic 
integrating robotic control and sensing

Electronics Controller Architecture
A custom PCB was designed from scratch to integrate the six motor drivers 
(TMC5160T Pro V1.0), microcontroller for low level signal generation (Teensy 4.1), 
sensor integration, safety logic, and power safety control. The PCB schematic was first 
designed in EasyEDA Std, wires were then routed in their in-built PCB routing feature. 
PCB’s were fabricated and assembled through JLCPCB with 4 layers. A silk screen was 
designed for part designation and orientation.

Figure 6: Final routed PCB layout used 
for robot operation. Deigned in EasyEDA

Data

Exploded View

Joint d (mm) a (mm) Theta offset

1 – Base 110.50 23.42 0
2 - Shoulder 0 180.00 -90 deg
3 – Elbow 0 43.50 +180 deg
4– Wrist 1 176.35 0 0
5 – Wrist 2 0 0 0
6 – Wrist 3 62.80 45.25 +180 deg

 Table 2: Denavit–Hartenberg Parameters of the 6-DoF Robotic 

Tensile 
Strength

Tensile 
Modulus

Flexural 
Strength

Dielectric 
Strength

PETG ~50 MPa 
(XY)

~1,470 
MPa ~54 MPa 16 kV/mm

Figure 4: Von Mises stress 
distribution of the PETG EMI 

enclosure under static load 
(Fusion 360 FEA, Study 1), 
well within PETG's tensile 

strength. Stress concentration 
localized at the central 

mounting.

Table 2. Mechanical and dielectric properties of FDM-printed 
PETG used in robotic arm EMI control enclosure fabrication. 

PETG was chosen to be used in the robotic arm EMI 
control enclosures because of its very high resistivity 
(surface resistivity of 10 seventh of the square) and 
dielectric strength (16 kilovolt/millimeter) that enables 
passive isolation of EMI between the motor driver and 
control PCB (passive EMI). The design of parts was such 
that print orientation is optimized such that the stress 
loads are normal to the layer lines and the structural 
integrity is governed by continuous material, not inter-
layer adhesion. PETG was the most suitable material due 
to its high layer bonding, chemical resistance and low 
cost which are essential in quicker, iterative enclosure 
prototyping without sacrificing the electromagnetic 
performance.

Figure 2: Early 2D prototype, operated with 
unshielded DBD plasma jet with open electrodes. 
Machine locked due to false microswitch triggers. 

Material Choice/FEA

Criteria Target Result

End-effector Accuracy < 0.10 mm
0.027 mm mean, 0.069 mm max 

(50 mm scan, n=50, 0.5 kg 
payload)

Wound/Safety Sensing RealSense + IR + spectroscopy 
integrated

All sensors operational; IR 
interlock enforces safe temp 

window

Surface‑to‑G‑code Autonomous toolpaths over 
arbitrary surfaces

Pipeline generates and executes 
G‑code on reconstructed plane

RONS validation Autonomous toolpaths over 
arbitrary surfaces

Spectra show expected RONS 
peaks

The system integrates a 6-DOF robotic arm (Fig. 1) with custom closed-loop motor control 
(Fig. 6) and a DBD plasma torch end-effector (Fig. 7). Four sensors, RealSense D405 (3D 
mapping), MLX90640 (thermal safety), HR4C4660 (RONS verification, Fig. 4), and IR 
reflective (distance control), provide real-time feedback to a safety arbiter that enforces 
thermal (<40°C) and distance (6–15 mm) limits before issuing motion commands. 
The RealSense camera generates 3D point clouds of wound surfaces, which are processed to 
detect boundaries and generate G-code raster toolpaths (Fig. 8) 

System DoF Autonomous Cost

Handheld DBD N/A No ~$500
Commercial 

Robotic Plasma 6 Partial > $20,000

Our Work Autonomous toolpaths 
over arbitrary surfaces Yes ~$1000, Research Scale

Mechanical accuracy was validated over a 
50 mm workspace using precision calipers 
(Table 1). The full autonomous pipeline 
was tested on a novel parameter-
customizable 3D-printed silicone wound 
phantom developed using two-part 
silicone elastomers. 

Mentor: Sohail H. Zaidi
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