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Training Progress: Loss & mAP over Epochs

Wildfires pose escalating threats to human life, ecosystems, and infrastructure. ™| . ... ;* Table 1: Our model was trained on a dataset ot
. . o g 0.0 |- idation Loz s over 53,000 labeled thermal images. As shown In
This project presents a low-cost, autonomous drone system for early wildfire

the graph, both training and validation loss
consistently decreased over six epochs,
demonstrating  effective  learning  without
overfitting. mMAP@O0.5 reached 0.99, and
MAP@0.5:0.95 reached 0.89, indicating high
accuracy and strong generalization across fire
detection scenarios.

detection and rapid response. In contrast to conventional two-drone strategies,
where one drone performs high-altitude surveillance and another conducts a
low-altitude inspection, our solution combines both functions into a single
platform. Equipped with a thermal camera and powered by onboard processing via
the Jetson Orin Nano, the drone uses a YOLOv5-based machine-learning model
trained specifically on low-resolution thermal imagery to detect fire hotspots In
real-time. The proposed approach seeks to minimize response time, reduce

system complexity, and support scalable wildfire monitoring Iin remote or i 2 = Sample outputs from our trained YOLOvS model showing fire

resource-limited regions AP detection across thermal images.
9 : 5 » Red bounding boxes indicate regions identified as fire or heat

b gt 4 anomalies during validation.
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Problem Formulation & Challenges

= Accurately detecting small, early-stage fires with low-resolution thermal 2
imagery (160x120) '

* Managing battery life and power consumption to allow extended aerial

monitoring
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« Synchronizing ML inference with autonomous flight navigation in real-time
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* Ensuring robustness in varied environmental conditions (lighting,
temperature, movement)
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= Perimeter and flight altitude Speedybee F405 Wing

Data Collection Layer :
Thermal Camera are defined pre-flight Hardware: Jetson Orin Nano, FLIR Lepton 3.1R, 65 LiPo Battery - 8,000mAh
el el P gnt. Speedybee F405 Wing Figure 4: VTOL drone diagram
nvibia = Drone follows programmed
Processing Layer O | i '
e path using ArduPilot. Software: ArduPilot, PyTorch, YOLOVS,
Preprocessing (resize, normalize) = Real-time thermal images are MAVL ink

collected in flight.

Detection Layer . :
R Nk ‘YOLOV5 Jetson Orin Nano runs m

D Trained on 53K+ thermal images YOLO-based model to detect

* Incorporate human detection near fire zones to identify possible arson or to support rescue

fire.
Output Layer . operations
Botn':i:g BOLS OFire = |f a hotspot is found, the P
Fire Detection + GPS Logging G system flags it and sends an * Add wind and rain sensors to evaluate flying conditions and relay telematics data to emergency
alert to the user. services, such as EMS helicopters, which rely on weather-aware routing
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