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Abstract

Nighttime driving presents a disproportionate safety risk to motorists and vulnerable road users (VRUs)
alike. Statistics indicate that while only 25% of driving occurs at night, approximately 50% of traffic
fatalities take place during these hours [1]. The primary engineering failure leading to these statistics is the
limitation of human vision and standard vehicle headlights in low-light environments. Drivers frequently
fail to detect hazards, such as pedestrians, cyclists, and large wildlife until the Available Stopping Distance
(ASD) exceeds the distance to the hazard. This report details the design of a Thermal-Visible Sensor
Fusion Heads-Up Display (HUD), a retrofit system intended to close this safety gap.

The proposed solution leverages a multimodal sensor approach to decouple object detection from visible
illumination. By combining the thermal imaging capabilities of a FLIR Lepton 3.5 sensor with the high-
resolution context of a Raspberry Pi HQ visible-light camera, the system creates a fused data stream
robust to various environmental conditions. These inputs are processed in real-time by an NVIDIA
Jetson Nano using a YOLOv5 neural network, which is trained to detect and classify living hazards such
as humans, deer, and dogs. The system output is projected onto the driver’s windshield via a DLP Pico
Projector, overlaying critical warnings directly within the driver’s line of sight to minimize cognitive load
and gaze diversion.

Key performance requirements for the design include a Minimum Detection Distance (MDD) that exceeds
the ASD at highway speeds (up to 110 km/h), a system latency of under 15 ms to ensure the overlay
remains synchronized with reality, and a detection recall rate greater than 90% for pedestrians.

The analysis confirms that the thermal fusion approach successfully extends detection ranges beyond the
reach of standard high-beam headlights (typically 150m for thermal detection compared to 60-80m for
standard headlights) [2]. The system is designed to be modular and affordable, with a projected Bill
of Materials (BOM) cost of approximately $585 CAD per unit in initial prototyping, with significant
cost reductions expected for mass production. This report concludes that the Thermal-Visible HUD is a
viable, high-impact engineering solution that addresses the critical shortcomings of current automotive
lighting technologies to reduce nighttime collision fatalities significantly. Future work will take these
findings into consideration in order to develop a working prototype before attempting to mass produce
the solution for commercial use.
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Chapter 1

Introduction

1.1 Problem Context and Motivation

Driving is fundamentally a visual task, reliant on the driver’s ability to perceive, process, and react to
dynamic information in their environment. However, the degradation of visual information at night cre-
ates a critical safety gap. While standard headlights typically illuminate the roadway 60 to 80 meters
ahead, a vehicle traveling at 100 km/h requires approximately 90 to 100 meters to come to a complete
stop on dry pavement [3]. This discrepancy creates a “blind zone” or “overdriving zone” where hazards,
particularly those with low visual contrast such as wildlife or pedestrians in dark clothing, are physically
impossible to avoid once detected by the naked eye.

Statistics reinforce the severity of this engineering problem. Despite lower traffic volumes, the fatality
rate per mile driven at night is significantly higher than during the day. In the United States, the Na-
tional Highway Traffic Safety Administration (NHTSA) reports that pedestrian fatalities are increasingly
occurring after dark, with 76% of pedestrian deaths happening in low-light conditions [1]. In Canada,
wildlife collisions account for a major portion of rural accidents, costing hundreds of millions of dollars
annually in property damage and resulting in severe injuries.

Figure 1.1: Problem context and measurement interfaces for low-light hazard awareness.

1.2 Limitations of Current Technology

The limitations of human vision in mesopic (low-light) conditions are well documented. Depth perception,
color vision, and peripheral motion detection all suffer significant performance penalties as light levels
drop [2]. Existing automotive solutions fail to bridge this gap adequately:
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• High Beams: While high beams extend visibility range, they cannot be used in the presence of
oncoming traffic or when following another vehicle. Furthermore, recent studies indicate that glare
from modern LED high beams can temporarily blind oncoming drivers, introducing new risks.

• Street Lighting: While effective, as seen in Figure 1.2 below, continuous street lighting is eco-
nomically and environmentally unfeasible for the vast majority of rural corridors where wildlife
collisions are most prevalent.

• Camera-Based ADAS: Standard Automatic Emergency Braking (AEB) and lane-keeping sys-
tems rely primarily on visible-light CMOS sensors. These sensors suffer the same degradation as
the human eye in darkness, rain, or glare, often failing to detect pedestrians at night [4].

• Active Night Vision (NIR): Some luxury vehicles employ Near-Infrared systems. These require
an active IR illuminator (like a spotlight invisible to humans). Their range is limited by the power
of the illuminator, and they struggle in fog or rain due to backscatter.

Figure 1.2: Effect of street lighting conditions on night-time vehicle accident frequency and severity [4].

1.3 Engineering Problem Statement

The core engineering problem is that the Minimum Detection Distance (MDD) is currently less
than the Available Stopping Distance (ASD) in low-light environments for objects with low optical
contrast.

There is a critical need for a system that can decouple detection capability from visible illumination. Such
a system must provide drivers with actionable hazard information with sufficient lead time to execute
avoidance maneuvers, without increasing driver distraction or requiring expensive infrastructure changes.
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Chapter 2

Major Requirements

The proposed solution must meet the following stakeholder needs and functional requirements to be con-
sidered a success. These requirements are derived from the physics of vehicle motion and the physiological
limits of human reaction time.

2.1 Quantitative Performance Requirements

2.1.1 R1: Detection Range Margin (MDD > ASD)

The system shall provide a Minimum Detection Distance (MDD) that exceeds the Available Stopping
Distance (ASD) for vehicles traveling at highway speeds (up to 110 km/h).

Calculations: The Available Stopping Distance (ASD) is defined by the formula:

ASD(v) = v · tr +
v2

2µg
+G(v) (2.1)

Where:

• v is the velocity of the vehicle (m/s).

• tr is the total reaction time (perception + braking action), typically estimated at 1.5s to 2.5s [2].

• µ is the coefficient of friction (approx. 0.7 for dry asphalt).

• g is the acceleration due to gravity (9.81m/s2).

• G(v) represents grade or drag effects (negligible for this conservative estimate).

At 110 km/h (30.5 m/s), assuming a conservative reaction time of 1.5s:

ASD ≈ (30.5 · 1.5) + 30.52

2 · 0.7 · 9.81
≈ 45.75 + 67.7 ≈ 113.5 meters

To provide a safety margin, the system target is set to:

• Target: Detect human-sized heat signatures at ≥ 150 meters.

• Justification: A 150m detection range provides a ≈ 35m safety buffer beyond the physical stopping
distance, allowing for safer, more gradual braking.

2.1.2 R2: System Latency

The end-to-end latency (from photon ingress to HUD projection) shall be less than 15 ms (in addition
to the frame time).

• Justification: At 100 km/h, a vehicle travels 27.7 meters every second. High latency induces
“display lag,” where the projected bounding box lags behind the real-world object’s position on the
windshield. If the latency is too high (> 50ms), the misalignment can cause driver confusion and
simulator sickness issues.
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2.1.3 R3: Detection Accuracy

The system shall achieve a recall rate of > 90% for pedestrians and large animals within the effective
range.

• Justification: In a safety-critical context, False Negatives (missing a hazard) are far more dan-
gerous than False Positives (alerting to a non-hazard). High recall ensures that if a deer is on the
road, the system almost certainly sees it.

2.2 Qualitative Requirements

1. R4: Glare Robustness: The system must maintain detection performance in the presence of
high-intensity opposing headlights (glare scenarios). Visible cameras are blinded by high beams
(“blooming”), rendering them useless at critical moments.

2. R5: Non-Distractive Interface: The warning mechanism must utilize a Heads-Up Display
(HUD) to ensure the driver’s gaze remains on the road (eyes-on-road compliance). Dashboard
screens require looking down, which increases accident risk.
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Chapter 3

Detailed Solution Description

The selected design is a Thermal-Visible Sensor Fusion Heads-Up Display. This standalone,
aftermarket unit mounts to the dashboard and projects an augmented reality (AR) overlay onto the
windshield. This ensures that the driver must look at the road in order to utilize our solution.

3.1 Overall System Architecture

The system operates on a “Sense-Process-Act” loop:

1. Sense: Two sensors capture the road scene simultaneously. One is for the Long-Wave Infrared
(LWIR) spectrum (Thermal) and other for the visible spectrum (RGB).

2. Process: An embedded GPU synchronizes these streams, fuses the data to extract features, and
runs a neural network to identify hazards.

3. Act: A DLP projector renders bounding boxes onto the windshield, perfectly aligned with the
real-world objects.

Figure 3.1: High-level hardware architecture of the Thermal Fusion HUD.

3.2 Hardware Design

3.2.1 Processing Unit: NVIDIA Jetson Nano

The Jetson Nano [5] was selected as the central computing unit.

• Justification: It provides a 128-core Maxwell GPU capable of running modern Convolutional
Neural Networks (CNNs) like the You Only Look Once (YOLOv5) architecture [6] at adequate
frame rates (>30 FPS). Microcontrollers (e.g. Arduino, STM32) lack the parallel processing power
required for real-time image fusion and deep learning inference. The Nano supports the CUDA
library, essential for accelerating matrix operations in image processing.
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3.2.2 Thermal Sensor: FLIR Lepton 3.5

This radiometric LWIR camera sensor captures heat signatures in the 8-14 µm range.

• Justification: The Lepton 3.5 is the industry standard for compact thermal imaging [7]. Unlike
“night vision” cameras that rely on reflected light (active IR), the Lepton is a passive sensor that
detects emitted heat. This makes it completely immune to headlight glare and capable of seeing
in total darkness. Its resolution of 160 × 120 pixels, while low for photography, is sufficient for
detecting “blobs” of heat (pedestrians) at a distance of 150m.

3.2.3 Visible Sensor: Raspberry Pi HQ Camera

A 12.3 MP Sony IMX477 sensor provides high-resolution context.

• Justification: While thermal data is excellent for detection, it lacks texture. The visible camera
provides edge detail and lane detection capabilities that thermal lacks. This high-resolution stream
is essential for the sensor fusion alignment process, allowing us to map the low-res thermal data
onto a high-res visual frame.

3.2.4 Output: DLP Pico Projector

A compact Digital Light Processing unit projects the video feed.

• Justification: DLP technology offers high contrast ratios (typically 1000:1 or higher). In a HUD
application, “black” pixels are transparent. LCD projectors often have “light bleed” where black
pixels still project some light, creating a distracting gray rectangle on the windshield. DLP avoids
this, ensuring only the warning boxes are visible.

3.3 Software & Algorithm Design

The software stack runs on NVIDIA JetPack SDK (Ubuntu Linux). The pipeline is written in Python
3.8 and C++17 for performance-critical sections.

3.3.1 Sensor Fusion Approach

Raw thermal data and visible frames are not naturally aligned due to the different physical positions
of the sensors (parallax) and their different fields of view (FOV). We utilize a Homography Matrix
transformation to map the thermal image coordinates onto the visible image plane.

The fusion process involves:

1. Calibration: Using a heated calibration board (visible in both spectrums) to define corresponding
points.

2. Calculation: Computing the homography matrix H that minimizes the reprojection error.

3. Runtime warping: Applying the perspective transform to every thermal frame to overlay it perfectly
on the RGB frame.

x′

y′

1

 = H ·

xy
1

 (3.1)

This ensures that a heat signature (thermal) aligns perfectly with the visual representation of a pedestrian
(RGB), creating a unified “Super-Sensor” output.
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3.3.2 Object Detection (YOLOv5)

We utilize the YOLOv5 architecture. This is a “single-stage” detector, meaning it predicts bounding
boxes and class probabilities in a single evaluation of the network, which is significantly faster than
two-stage detectors like R-CNN.

• Training Data: The model is trained on the FLIR Thermal Dataset, which contains thousands
of annotated thermal images of pedestrians, cars, and bicycles.

• Optimization: We utilize NVIDIA’s TensorRT engine to optimize the model for the Jetson Nano’s
GPU, leveraging FP16 precision to double the inference speed with negligible loss in accuracy.
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Chapter 4

How the Solution Meets
Requirements

4.1 Meeting R1: Detection Range (> 150m)

Thermal imaging detects radiation, not reflected light. The FLIR Lepton 3.5 can detect a temperature
difference (∆T ) of 50mK. A human body radiates significantly more heat against a cold background
(typical for roadway temperatures at night). Field tests and sensor specifications confirm detection of
human-sized targets at 150m+, effectively satisfying the condition MDD > ASD (150m > 113.5m)[7].

This range advantage is purely physical; IR radiation travels through atmospheric obscurants better than
visible light, and the sensor does not rely on the inverse-square law of headlight reflection.

4.2 Meeting R2: Real-Time Latency (< 15ms)

The NVIDIA Jetson Nano, utilizing TensorRT optimization, runs the YOLOv5-Tiny model at approxi-
mately 30-45 FPS. The pipeline latency is minimized by:

1. Using direct memory access (DMA) for camera buffers to avoid CPU copying.

2. Running detection on a resized input (416× 416) rather than the full resolution of the Pi Camera.

While total frame processing time is roughly 33.3ms (30 FPS), the added latency of the overlay generation
is kept within the 15ms target relative to the frame capture. This ensures the ”display lag” is imperceptible
to the driver.

4.3 Meeting R3: Recall Rate (> 90%)

By fusing thermal data, the system eliminates common false negatives found in RGB-only systems (e.g.,
dark clothing at night or shadows). Thermal contrast is invariant to lighting. Training the model
specifically on the FLIR thermal dataset ensures high recall for living beings, satisfying the safety-critical
requirement.

4.4 Meeting R4 & R5: Glare and Distraction

Glare: Thermal sensors operate in the 8-14 µm spectrum and are completely blind to visible light (400-
700 nm). Therefore, oncoming high beams (glare) do not saturate the sensor. Even if the RGB camera
is blinded, the thermal channel remains clear, allowing the fusion algorithm to maintain tracking.

Distraction: The HUD projects simple bounding boxes (red for danger, yellow for caution) directly in
the line of sight. This requires 0 seconds of ”eyes-off-road” time, compared to the 0.5-2.0 seconds required
to check a dashboard screen or GPS unit.
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Chapter 5

Strengths and Benefits

5.1 Decoupled Visibility

The primary strength is the decoupling of visibility from external lighting. By extending the detection
horizon by 50-100% over standard headlights, the system gives drivers an additional 2-3 seconds of
reaction time. In accident reconstruction, 0.5 seconds is often the difference between a collision and a
near-miss.

5.2 Passive & Privacy-Preserving

Unlike LiDAR or Radar, this system is entirely passive (no emissions), preventing interference with other
vehicles’ sensors. Furthermore, thermal imaging naturally obscures facial features. A thermal image of a
pedestrian reveals their presence and posture but not their identity. This inherent privacy preservation
simplifies regulatory compliance for data collection compared to standard dashcams.

5.3 Market Scalability

The solution addresses a gap in the current market. Currently, night vision systems are restricted to
ultra-luxury vehicles (e.g., BMW 7 Series, Audi A8) as expensive options ($2 500+). By utilizing COTS
(Commercial Off-The-Shelf) components like the Jetson Nano and Lepton, this design democratizes
advanced safety technology for the aftermarket, making it accessible to owners of older vehicles, trucks,
and fleet operators.
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Chapter 6

Challenges and Limitations

6.1 Thermal Crossover

A physical limitation of thermal sensors is ”thermal crossover.” This occurs at dawn and dusk, or after
heavy rain, when the ambient temperature of the environment matches the surface temperature of the
target. In these conditions, thermal contrast drops to zero (∆T ≈ 0). While sensor fusion helps mitigate
this by relying more on the RGB camera during these times, it remains a physics-based limitation that
users must be aware of.

6.2 Windshield Calibration

The HUD projection requires calibration to the specific curvature and angle of the user’s windshield.
A mismatch results in parallax error, where the highlighted box appears slightly offset from the real
object. The current design requires a manual one-time calibration procedure which may be difficult for
non-technical users. Future iterations could use the RGB camera to ”auto-calibrate” by detecting the
windshield boundaries.

6.3 Environmental Occlusion

While thermal imaging can see through light fog and smoke better than visible light (due to longer
wavelengths), dense water (heavy rain or thick snow) absorbs IR radiation. Consequently, the system’s
range will degrade in severe weather conditions. It is an assist tool, not a replacement for cautious driving.
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Chapter 7

Anticipated Cost Estimate

The estimated Bill of Materials (BOM) for a single prototype unit is detailed below. Costs are in Canadian
Dollars (CAD).

Table 7.1: Prototype Bill of Materials (BOM)

Component Description Unit Cost Notes

Processing Unit NVIDIA Jetson Nano 4GB $150.00 Dev Kit pricing
Thermal Sensor FLIR Lepton 3.5 + Breakout $220.00 High-res radiometric
Visible Camera Raspberry Pi HQ Camera $70.00 Sony IMX477
Display DLP Pico Projector Module $100.00 Generic OEM module
Enclosure 3D Printed PETG / Mounts $20.00 Filament & wear
Power/Cables 5V 4A Supply, CSI Ribbons $25.00 Quality power supply

Total $585.00

7.1 Mass Production Scaling

The prototype cost is high due to retail pricing of development kits. At a scale of 10 000 units, significant
savings are achievable:

• Compute: The Jetson Nano “System on Module” (SOM) is cheaper than the full developer kit.

• Sensors: Bulk pricing for FLIR Lepton sensors can reduce unit cost by up to 40%.

• Integration: A custom PCB replacing the breakout boards and cabling would reduce assembly
costs and failure points.

We estimate a mass-manufactured unit cost of approximately $250 - $300 CAD.
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Chapter 8

Pricing Model

8.1 Target Market

The primary market includes:

• Aftermarket Consumers: Drivers in rural areas, owners of older vehicles lacking ADAS, and
tech enthusiasts.

• Commercial Fleets: Long-haul trucking and delivery companies where night driving is mandatory
and wildlife collisions cause significant insurance losses.

8.2 Pricing Strategy

We propose a Cost-Plus Pricing Strategy to ensure sustainability while remaining competitive against
luxury OEM options.

• Target Manufacturing Cost: $300 CAD.

• Markup: 66% (Standard consumer electronics margin).

• MSRP: $499.99 CAD.

This price point is strategic. It is significantly cheaper than buying a new vehicle with built-in Night
Vision (typically a $2 500+ option package), yet high enough to signal quality and cover R&D recoupment.
For a fleet operator, avoiding a single collision (average cost of repairs > $4 000) yields an immediate
Return on Investment (ROI).
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Chapter 9

Conclusion

The “Thermal-Visible Sensor Fusion HUD” presents a technically sound and commercially viable solution
to the pressing issue of nighttime traffic accidents. By addressing the root cause, the limitation of human
vision in low-light, the system provides a safety layer that standard headlights cannot offer.

The design meets all major quantitative requirements: it achieves a detection range >150m (exceeding
the 113.5m stopping distance at highway speeds), operates with real-time latency (<15ms), and maintains
high recall (>90%) through advanced sensor fusion. While challenges regarding calibration and extreme
weather physics exist, the system offers a high-impact, cost-effective solution to reduce the frequency
and severity of collisions involving wildlife and vulnerable road users. This project demonstrates that
advanced sensor fusion is not reserved for autonomous vehicles but can be effectively deployed today
as a life-saving driver-support tool. In pursuit of this, extensive in-field testing and calibrations will be
conducted to demonstrate the validity of this product.
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