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Motivation: ML for mmWave sensors

 TI mmWave Radar Sensors can be used for applications such as gesture,
human/non-human classification, and surface classification with home-grown or
3P ML models

« Machine learning (ML) done on-chip can provide a more reliable and accurate
classification for these applications, moving its capability for identification of
objects closer to that of more expensive vision systems.

* There is a need for a documented ML flow that users can re-produce,
understand, and modify/scale for their own purpose, into their own Tl-based
radar products via open-source or Tl licensed tools, libraries, and frameworks.
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mmWave Data:. Range, velocity, and angle

« Radar can sense object range, velocity, and angle.
— Has very good range and velocity resolution
— Angular resolution (or ‘spatial resolution’) is limited

Radar images are very sharp in the range-velocity
domain but less precise in the spatial domain
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mmWave Data:| Range profile and configuring

Range Profile for zero Doppler - Range profi|e (SDK)

— Range FFT output and zero doppler bin
Range Profile (detection matrix)

Detected Points

Noise Profile — Accumulated / normalised antenna inputs
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Application: Indoor Robotics

 Cleaning robots (vacuum)
— Surface classification (cleaning)
— Low-level obstacle detection (avoidance)
— Home security (dog or thief)
— Speed measurement (traction)

* Logistic robots
— Boundary detection
— Object detection and collision avoidance
— Higher speeds

 Surface finishing
— Surface grading / grinding / polishing
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Surface classification: xXWRL6432 processing
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Machine learning flow and results
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ML Flow: Environment and setup

* Model
— Language/ML library: Python 3.11+ / Pytorch 2.x /... + helper modules.
— ML Development IDE: Jupyter notebook / Visual Studio Code
— ML Compiler: Apache TVM 0.16 (Tensor Virtual Machine) - Tl version (TI NNC)

* Target
— IDE: CCS12.x
— Compilers: TI CLANG (Cortex M4/MO)
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ML Flow: Major steps

@ Data manipulation
Data collection and
labelling

Data cleaning

Data visualisation and
augment

Convert data to batches,

test/train, & tensors

|

©,

Target integration

Compiling model to target
platform

Host sanity check

Platform Integration and

Test
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Python based computing platform that
—— provides interactive documentation and
source code combined

Formatted into blocks of code that can be
ran one step at a time with each block’s
output displayed, or all at once.

Implements every step needed to do for
data manipulation (step 1) and model
generation (step 2)

Data files can be changed and notebook
code blocks tweaked to create a model
for any radar application
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ML Flow | Major steps

@ Data manipulation @ Model generation @ Target integration

Compiling model to target
platform

Define + test model and
hyperparameters

Data collection and
labelling

Data cleaning Train model Host sanity check

Platform Integration and
Test

Data visualisation and Collect metrics

augment

Iterate and tune

Convert data to batches,
test/train, & tensors

Export model
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Data | Decisions, decisions ...

Feature Feature Post

Extraction Classification Processing

Input: Feature? Model? Output:
ADC samples ‘0’=DRY
“1"= WET
What | know What | don’t know
« Memory usage and processor * What is the best format of my data
load to extract helpful features ?
* Input data types available from * Which model will be appropriate ?
radar, and output classification
needed.
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Data | Data manipulation

DRY versus WET non-overlayed
DRY datasets: (2349, 11) WET datasets: (2251, 11)

» Label saved data using provided
separate python script

400000 A
400000 A

300000 -
300000 -

* Visualizes data to ensure no

Amplitude

200000 A

Amplitude

200000 A

anomalies
PN B » Converts data to Tensor format to
B m e m mo e e B m me m mo e e prepare for model generation

Values for first sample of X:
tensor([@.0015, ©.0019, ©.0016, ©.0040, ©.0019, ©.9018, ©.0032, 0.0026, 0.8038,
©.0048, ©.8026, ©.0030, ©.0030, ©.8036, 0.0050, ©.0029, 0.0027, ©.6062,
.8872, ©.0065, 0.0039, ©.8842, ©.0074, ©.0092, ©.8051, ©.0041, ©.0056,
.8878, ©.0090, 0.9142, ©.8883, 9.9197, ©.9097, ©.8144, ©.8201, ©.0248,
©.0161, ©.8269, ©.9197, ©.8636, ©.8458, 8.8504, ©.0557, 0.8487,
©0.1416, ©.1399, ©.1411, ©.1412, ©.4294, ©.4146, ©.4164, 0.4154,

=]

e

©.0228,

2.1667,
8.4173])

and corresponding y: tensor([©.])
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ML Flow | Major steps

@ Data Manipulation @ Model Generation @ Target Integration
Data collection and Define + test model and Compiling model to target
labelling

hyperparameters platform

Train model Host sanity check

Data cleaning

Data visualisation and
augment

Collect metrics Platform Integration and

Test

Convert data to batches, lterate and tune
test/train, & tensors

Export model
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Model | Start simple

Torch summary output for 3 layer linear model - Provided notebook has an implementation
Model parameters size: 191968 bits | 24.ee KB Of a Simple ||near model to Start_

- * Memory required and relative loading of the
s : model should be known before training

}-Linear: 1-2

}ReLu: 1-3 ,

|—BatchNorm1d: = 5 Starts-
}-Linear: 1-5

}-ReLu: 1-6

e : o  Training and testing loops provided

}-Linear: 1-8

Total params: 5,999

Trainable params: 5,999

Non-trainable params: ©

Total mult-adds (Units.MEGABYTES): ©.81

Input size (MB): ©.00
Forward/backward pass size (MB): ©.ee
Params size (MB): ©.e2

Estimated Total Size (MB): ©.@3
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Model | Training loop - hyperparameters

VISUALISE = False

START_BIN =3
END_BIN =-14
NUM_BINS = END_BIN-START_BIN

WINDOW_SIZE =5
WINDOW_CONCATENATE = False
WINDOW_SORT = False

NUM_EPOCHS = 500
BATCH_SIZE = 64
TEST_SIZE_PERCENT =20
LEARNING_RATE = .001
F1_SCORE_THRESH =-0.5
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Model | Metrics from testing loop

EPOCH: @ | F1: ©.eeeee

Train loss: .28705 | Test loss: e. ) A « Key metrics that are monitored during
EPOCH: 50 | F1: ©.93617 . .
Train loss: 0.07864 | Test loss: @. . 02. training is Epoch vs Accuracy and F1.

EPOCH: 100 | F1: ©.97872
Train loss: ©.06157 | Test : o. : 92, ° Accuracy

EPOCH: 150 | F1l: ©.97872 . ..
Train loss: ©.05330 | Test — Number of correct decisions divided by

EPOCH: 200 | F1l: ©.97872 All decisions
Train loss: ©.04944 | Test

EPOCH: 250 | F1: ©.97872 ‘- . e F1 score

Train loss: ©.84698 | Test . . . .
Teats 600 [| e Orern — Evaluation metric specifically for binary

Train loss: ©.84127 | Test . e. . 95. classification datasets for measuring
EPOCH: 350 | F1: ©.97872 performance

Train loss: ©.04823 | Test 3

EPOCH: 460 | Fl: ©.97872

Train loss: ©.03681 | Test

EPOCH: 4506 | Fl: ©.97872

Train loss: ©.03513 | Test
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ML Flow | Major steps

@ Data Manipulation @ Model Generation @ Target Integration

Define + test model and
hyperparameters

Data collection and
labelling

Compiling model to target
platform

Train model

Data cleaning

Host sanity check

Data visualisation and Collect metrics

augment

Convert data to batches, Iterate and tune
test/train, & tensors

Export model

Platform Integration and
Test
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Target Integration | Target code generation

ONNX model file
(Open Neural Network
Exchange)

export CSV datasets
from pytorch flow
|

. 1. Export model in ONNX format from

export model from
pytorch flow

v Juypter notebook.
Architecture m— . .
S [ S »j Optional PC st 2. Convert trained ML models into C
— e T Targen code using TI TVM and provided
Compiler primitives compiler

e ot ok e instructions
|_

3. Integrate: Implement into target

application and add input/output data-
S ©) y handling.

A\ 4

R el | 4. Compile and test.

ngen_default inputs* inputs,
struc vmgen_default_outputs* outputs [— l
/ motion_detect.out
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Target Integration | Platform integration testing

DRY data

100: 100, 0O, Accuracy: 100.00% . . .

200: 200, 0, Accuracy: 100.00% 1. Use provided testing radar binary

300: 292, 8, Accuracy: 97.33% . . . .

400: 392, 8, Accuracy: 98.00% firmware to read training data as input
Qi aio™

1800: 1753, 47, AccuracydRIes rather than the sensor front end

1900: 1852, 48, Accuracy: 97.47% .

2000: 1949, 51, Accuracy: 97.45% 2. Load datasets used to train the mode
2100: 2049, 51, Accuracy: 97.57% .

2200: 2149, 51, Accuracy: 97.68% onto the device

2300: 2249, 51, Accuracy: 97.78% ] )

TEN SALh cefiplets 3. Validate and compare accuracy with
2400: 2343, 57, Accuracy: 97.63% the Jupyter notebook model’s metrics

2500: 2435, 65, Accuracy: 97.40%
2600: 2528, 72, Accuracy: 97.23%
2700: 2628, 72, Accuracy: 97.33%
Loaat®

4100: 3906, 194, Accuracy: 95.27%
4200: 4006, 194, Accuracy: 95.38%
4300: 4106, 194, Accuracy: 95.49%
4400: 4206, 194, Accuracy: 95.59%
4500: 4306, 194, Accuracy: 95.69%
4600: 4406, 194, Accuracy: 95.78% (pytorch = 94.75%)
WET data complete
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Results | Functional demo

Puddltla\I gl:us;;gcation p u d d I e
Puddle Classification Value D ete C tl O n
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Thank You ©

Questions ??
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