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This Week in loT
mmWave Pedestrian Detection

21 AUGUST 2025

Pedestrian Detection Millimeter-Wave Sensor Successfully
Deployed in the U.S. to Be Showcased for the First Time at
ITS World Congress 2025

PRESS RELEASES PRODUCTS & TECHNOLOQGY EXHIBITIONS




What else are mmWave Radars used for today?
Advanced Driver Assistance Systems




What are we learning today?

Learn the fundamentals, applications, and implications of
mmWave Sensing

1- What are the pros and cons of mmWave vs Vision?
2- What is an mmWave radar? How does it work?
3- How does specularity impact mmWave imaging?

4- Can Generative Al help us with mmWave shortcomings?



How does mmWave compare to vision?

Millimeter-Wave

Low Resolution
No Color Information

High Noise

Typically 3D

Vision

High Resolution
Color Information

Low Noise

Typically 2D

Operates through occlusions and
in poor visibility

Cannot operate through occlusions or
in poor visibility




Tesla in Fog




How are mmWave Radars Used Today in Self-Driving Cars?
Adaptive Cruise Control Blind Spot Monitoring

Collision Avoidance &
Emergency Br Breaklng

Lane Change Assistance
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What two main features do mmWave radars sense to enable these?

Range and Angle
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How do mmWave Radars Measure Range?



How do mmWave Radars Measure Angle?



Moving from Coarse Sensing to
Non-Line-of-Sight Imaging with mmWave Radars



Non-Line of Sight Imaging with
Millimeter Wave Radars

Operate in Bad Weather Through Occlusions

Around Corners
Sandstorm ‘

Blizzard Low Lighting
Conditions |

Search & Rescue Robots




How to go from 2D to 3D?




How to go from Range & AoAto a 3D Image?



Example mmWave Image

Camera Image Point Cloud




Challenges in Radar Perception

1. Low Angular Resolution Camera Image Point Cloud
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2. Specularity

3. Multipath

Cast mmWave Radar Perception as a Learning Problem



Hawkeye Solution

Learning on structures of commonly
found streetside objects.

Generative Adversarial Network (GAN) Is effective for
various computer vision tasks: super-resolution, learning image
prior, iImage style transformation, etc.



Conditional Generative Adversarial Network (cGAN)

* Generator takes 3D radar heatmap as input and outputs high resolution depth map.
* Discriminator tries to guess is the high resolution depth map is real or fake.
* Generator’s goal is to fool the discriminator into thinking this is real
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Conditional Generative Adversarial Network (cGAN)
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Hawkeye Overview
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HawkEye cGAN
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Generator Architecture

3D Encoder

1x64x32x96 . 32x16x48 1x1x1

Per-voxel energy in 3Dm
mmWave heatmap

2D Decoder

1024x1x2 , 512x2x4 1x256x128

High-frequency shape
as 2D depth map




Discriminator Architecture
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HawkEye[CVPR 2020]
High Resolution Through Fog 3D Millimeter Wave Imaging Using cGANS

Training done using simulated data and tested using real data

— 3D Model of Objects Radar Shined Surface

—
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Synthesizer
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— 3D Radar Heatmap Radar Reflector Mode
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Imaging Platform
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Trained using simulated data and tested using real data.
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Bonus:
Around-the-Corner mmWave Imaging



Classic Sensing Modalities are Limited to Line-of-Siaht







The Ability to Image Around-the-Corner has Many Applications

Autonomous Driving Robotic Navigation Search and Rescue



Practical Environments Contain a Variety of Reflecting Surfaces

Hidden
Target Object
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Planar Surfaces



Practical Environments Contain a Variety of Reflecting Surfaces

% ‘
%%
%§§ «

Convex Surfaces

N\
N

Planar Surfaces



Practical Environments Contain a Variety of Reflecting Surfaces

Concave Surfaces
Planar Surfaces



Practical Environments Contain a Variety of Reflecting Surfaces
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Qualitative Results: Concave Reflectors
‘ Curved Computer Monitor
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Qualitative Results: Convex Reflectors
Building Column
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What did we cover today?

Learn the fundamentals, applications, and implications of
mmWave Sensing

1- What are the pros and cons of mmWave vs Vision?
2- What is an mmWave radar? How does it work?
3- How does specularity impact mmWave imaging?

4- Can Generative Al help us with mmWave shortcomings?

1- PSet 1 due today
TODQO: 2-lab2due March 10

3- If you do not have Lab2 Equipment, please partner with someone who does




