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1. Introduction

DEEPCRAFT™ Studio is a comprehensive solution for developing Al and machine learning applications
on edge devices. This end-to-end development platform for machine learning covers the entire machine
learning workflow, from collecting and annotating high-quality data, managing, analyzing and processing data to
building, evaluating, and selecting the best models and finally deploying the models on the target edge device.

This tutorial will provide a hands-on guide to DEEPCRAFT™ Studio, teaching the basics by improving on a pre-
existing machine learning project for classification. These projects are called DEEPCRAFT™ Studio
Accelerators and cover a specific use-case - providing data, preprocessing and a defined model which can be
built upon and improved. All DEEPCRAFT™ Studio Accelerators are open source, and the projects can be
downloaded either via the DEEPCRAFT™ Studio software or from the github via the DEEPCRAFT™ Al Hub.
DEEPCRAFT™ Al Hub is a centralized place for Infineon customers to find DEEPCRAFT™ software for any
Edge Al needs: platform, tools, solutions, and models all in one place.

For those wishing to leverage a model that is already trained there is another product, the DEEPCRAFT™
Model Converter which this manual does not cover. You can read about its technical details and how to use it
here.

This manual does not go into detail about machine learning theory or basics, instead serving to present how to
practically apply such knowledge to create machine learning models optimized to run on microcontrollers. Here
are some recommended references to start, but there is also plenty available online:

e Machine Learning Crash Course

Online class developed by Google

e Deep Learning with Python 2nd Edition by Francois Chollet

E-book with lots of examples that cover deep learning using Python, TensorFlow and Keras

e Machine Learning Mastery

Website of guides and tutorials that cover and define many ML concepts


https://deepcraft.infineon.com/
https://developer.imagimob.com/deepcraft-model-converter
https://developers.google.com/machine-learning/crash-course
https://www.manning.com/books/deep-learning-with-python-second-edition
https://machinelearningmastery.com/

1.1 Machine Learning Algorithms in DEEPCRAFT™ Studio

This section introduces the machine learning algorithms supported in DEEPCRAFT™ Studio for building
machine learning (ML) models to solve various business problems.

Before diving into machine learning, here is a glossary of common terms.

Term

Definition

Back-propagation

An algorithm used during training to test for errors working back from output
nodes to input nodes.

Batch or Mini-Batch

The number of samples to send through the model during training before
updating the model's weights.

Binary classification

A task in which outputs can only be one of two categories.

Classes The set of possible labels for a classification machine learning model.

Epoch One training pass of the entire training data set. If the data is split into batches,
an epoch is complete once all batches have been put through the model.

Features Independent variables that act like inputs into the system.

Gradient descent

An optimization algorithm used during training to minimize loss.

Generalization

The model's ability to provide good results on previously unseen data.

Inference The process of sending data into a machine learning model to calculate an
output. The "Inference Engine" is the system component (in our case, a software
library) that applies rules to the model to produce a prediction.

Label This is attached to a sample to indicate what the target is for the given sample.

Layer A component of a machine learning model that performs some transformation

on the data. Deep learning models have three or more layers, but often many
more.

Learning rate

A measure of how much the weights are changed between iterations to attempt
to find the minimum loss point for the model.

Loss

The difference between the expected output from a model and the actual
output from the model. This is the quantity that should be minimized during
training.

Multi-class classification

A task in which outputs are categories from a list of possible outputs (>2).

Multi-label classification

A task in which a single sample can have more than one label from the list of
possible outputs.

Neural Network (NN)

A specific type of machine learning model that uses interconnected nodes in a
layered structure that resembles neurons in the human brain.

Prediction, output or
result

The output from a machine learning model.

Rules or weights

The parameters that are used to influence how a model determines its
predictions. These are adjusted during training.

Sample, input or data

An input to a machine learning model.

Scalar regression

A task in which the output is a continuous value rather than a discrete item from
a list.

Target

The expected or correct output from a machine learning model.

Training

The process of adjusting model weights to optimize how well the model predicts
the correct output for any given input.

Vector regression

A task in which the output is a set of continuous values.




1.1.1 Supervised machine learning algorithms: Regression and Classification

Regression Algorithms

Regression algorithms are designed to understand the correlations between dependent and independent
variables. The dependent variables are those we aim to predict, while the independent variables are those we
use for prediction. Regression algorithms are used to predict continuous numerical outputs. You can
evaluate the regression models using metrics like Mean Squared Error (MSE), R2-Score, and Mean Absolute
Percentage Error (MAPE), along with graphical plots such as Quantile - Quantile and Histogram of residuals.

Studio supports regression tasks.

. ...';.-' o Examples of regression problems
R A Estimate the temperature of a motor
.::-':'. :.:-’:: Estimate the level of liquid in a tank
..,'-'.::.'E °° : Estimate the power consumed by a system
Regression

Classification Algorithms

Classification algorithms are used to predict categorical or discrete values. Classification involves predicting
a label or category. These algorithms classify the data into one or more labels. A binary classifier deals with
two classes or categories, while a multi-class classification algorithm handles more than two classes. You can
evaluate the classification models using metrics, like confusion matrix, recall, F1-Score, accuracy.

Studio supports classification tasks.

Classification Algorithm

V4 ° Class A Examples of classification problems

° Recognizing different sounds with a microphone

p— Detect gestures performed in front of a radar

Detect different movement patterns with an IMU




1.1.2 Computer Vision Algorithms: Object Detection

DEEPCRAFT™ Studio supports the end-to-end development workflow for building computer vision models
optimized for edge devices. Due to the built-in Ultralytics YOLO model training pipeline, there is no need to be a
domain expert in order to build vision-based Edge Al models. The inherent size needed to process images has
long prevented models running on the edge. With the advent of powerful new microcontrollers (MCUs)
containing neural processing units (NPUs) this is changing, and DEEPCRAFT™ Studio now streamlines the
process of making vision models.

Image collection* +# X ¥+ Main.imunit*

Capture

2 Paper

[ Images 0_2025-06-25--16-13-30
® Rock
5] Images 0_2025-06-26--09-41-36
scissor 1
[ Images 0_2025-06-26--14-46-37

[ Images 1_2025-06-25--16-13-31

More on https://developer.imagimob.com/deepcraft-studio/getting-started/machine-learning-algorithms#semi-supervised-machine-learning-

algorithms-computer-vision

1.2 PSOC™ Edge E84 Artificial Intelligence Kit

Target hardware for this tutorial is the PSOC™ Edge E84 Artificial Intelligence Kit.

The PSOC™ Edge E84 Al Kit is a low-cost kit with multiple sensors designed for rapid prototyping of Al-
powered applications. It features the PSOC™ Edge E84 series microcontroller (MCU) and a multitude of on-
board multimedia, machine learning and connectivity features. The evaluation kit carries a PSOC™ Edge E84
MCU, with 512-Mbit QSPI flash, 128-Mbit Octal RAM, and a AIROC™ CYW55513IUBGT based Wi-Fi &
Bluetooth® combo Murata Type 2FY (LBEE5HY2FY) connectivity module. This kit features an on-board
programmer/debugger (KitProg3) SWD debug header, a MIPI-DSI connector, speaker interface, USB host and
device interfaces, 10 expansion headers, IMU sensor, magnetometer, barometric pressure sensor, radar and,
analog and digital microphones for audio interfaces, and an image sensor.

PSOC™ Edge E84 Al kit

KIT_PSE84_Al



https://developer.imagimob.com/deepcraft-studio/getting-started/machine-learning-algorithms#semi-supervised-machine-learning-algorithms-computer-vision
https://developer.imagimob.com/deepcraft-studio/getting-started/machine-learning-algorithms#semi-supervised-machine-learning-algorithms-computer-vision

1.3 Goals for the Training

This training guides you through building a neural-network-based machine learning application using Infineon
hardware and software. Creating an application entirely from scratch would require extensive data collection
that isn’t feasible within the available time. Instead, you will extend an existing classification project by
adding a new class of signals.

You will collect and label data, train the neural network, test it, and deploy the model on-device to evaluate its
performance on real hardware.

For this purpose, we’ll use the Studio Accelerator project MovementTypeDetection. This project
distinguishes among three movement types (circle, shaking, and stationary) using the PSOC™ Edge Al
Evaluation Kit's 6-axis IMU (accelerometer and gyroscope). Note that in this project, stationary segments are
not explicitly labeled. As provided, the model performs well on clear movement types but can misclassify edge
cases where shaking and circular motions look similar and the ground truth is ambiguous.

Your goal is to add an additional movement (suggestion: rotating the kit around its cable axis) by collecting and
labeling data, retraining the neural network, and verifying that the model can reliably detect the new class.

Main.imunit* ¥ README.md & MovementTypeDetection.improj L) Welcome \ live.imsession” = X

MaAa0®» P o00% APy Q- T

0:66:07.834

IMU Data

OOO 14 959

Labels: [shaking circle
I

@ Live Labeling”

@& IMU Data

Chapter 3 will focus on another use-case, training computer vision models for deployment on Infineon MCUs. It
is recommended to have completed Chapter 2 before proceeding to Chapter 3.



2. Hands On — Time-series Data

Pre-requisites:
e DEEPCRAFT™ Studio version >= 5.8
e ModusToolbox™ version >= 3.6
e PSOC™ Edge E84 Al Evaluation Kit or PSOC™ 6 Al Evaluation Kit
e USB-C Cable

Make sure you are connected to the network and are logged in to your Imagimob account in DEEPCRAFT™
Studio.

2.0 - Theory and Terms in DEEPCRAFT™ Studio

DEEPCRAFT™ Studio utilizes a graph-based interface to provide machine learning creation without coding.
Graph UX is an intuitive interface to visualize the end-to-end machine learning workflow as graphs. This
graph machine learning framework is designed to provide a clear understanding of the modeling workflow from
building to evaluating machine learning models.

Use the Graph UX library to create a machine learning workflow by dragging and dropping machine learning
components on the canvas.

State-of-the-art machine learning is all about neural networks, which are easily represented as graphs. This
analogy works throughout the machine learning development process, from data collection, model building,
model training, all the way to model evaluation and deployment on device. By representing the data, the
processing, the modeling, the training and evaluation runs in the same coherent view, with the same basic
building blocks and concepts, everything is easier to work with.

What can | do using Graph UX?

Graph UX offers the following functionalities:
e Real-time data collection and labeling
e Real-time model evaluation
e Code generation

Note: The first release of Graph UX covers only data collection, model evaluation, and code generation. In future releases,
Graph UX will support the entire end-to-end machine learning workflow, including data management, data cleaning,
augmentation, and model training.

2.1 - Exercise 1: Flashing the Data Collection Firmware to PSOC™ Edge E84 Al Kit

The goal of this exercise is to flash the PSOC™ Edge E84 Al kit with streaming firmware that streams sensor
data from the USB port into DEEPCRAFT™ Studio, enabling rapid data collection and model testing. The
streaming firmware is designed to collect data from all the sensors integrated into the kit, including the
microphone, accelerometer, gyroscope, magnetometer, pressure-temperature, humidity-temperature and radar.

There are three ways to flash the Streaming Firmware onto the kit:
- (Recommended) Using Web-based OOB webpage, outlined below
- Using ModusToolbox™ Programmer, instructions here
- Using the ModusToolbox™ ‘PSOC Edge Machine Learning DEEPCRAFT Data Collection’ Code
Example, available in the software, instructions here


https://developer.imagimob.com/deepcraft-studio/getting-started/infineon-boards/psoc-edge-e84-ai-kit#streaming-firmware-for-psoc-edge-e84-ai-kit
https://github.com/Infineon/mtb-example-psoc-edge-ml-deepcraft-data-collection

This exercise will guide you through the Web-based OOB example but if that for some reason doesn’t work, try
the other approaches.

Flashing the Streaming Firmware using OOB Web Page
To flash the streaming firmware onto the kit, follow the pre-requisites and steps outlined below:

1. Connect the KitProg3 USB connector (J1) port on the board to the PC using the USB cable. The
green LED (LED1) will start blinking.

UOBU!)UI_)
- PYae

TINY

2. Navigate to https://osts.infineon.com/devkit
The landing page displays a list of available kits.

3. Locate the PSOC™ Edge E84 Al Kit and click Select. The PSOC™ Edge E84 Al Kit screen appears.

Get Ready To Experience
Your Device's Potential

Select Your Device To Proceed ¥

CY8CKIT-06252-Al 80} CY8CPROTO-040T-MS +30) XENSIV™ sensor shield r @ PSOC™ Edge E84

Evaluation Kit

sence Evaluatio PSOC™ 4000T Multi-Sense easy to use XENSIV
Prototyping Kit Kit CY8

PSOC™ Edge E84 Evaluation Kit

m I BuyOnline Select i BuyOnline m i Buy Online m & BuyOnline

PSOC™Edge E84AIKit 2 ©

PSOC™ Edge Artificial Intelligence

m | Buy Online



https://osts.infineon.com/devkit

4.

In Select application and Select Module, select the first application and the use-case respectively (it
does not matter which one you choose in this step):

¢ Back | PSOC™ Edge E84 Al Kit ) Reset
Step 1- Select Application o] Step 2 - Select Module 0] Step 3- Select Port for Device o
XENSIV Radar © Gesture Detection © e
(" 1 5ubApplications ) Radar based gesture detection with DEEPCRAFT™ ready model
\ J

Sound Processing with XENSIV Digital
Microphone ©

45ub Applications

Voice Assistant ©

15ub Applications

Vision Processing @

15ub Applications

In Select Port for Device, click the Add icon to initiate the connection. In the dialog, select the device
type KitProg3 CMSIS-DAP and click Connect. The device is ready for flashing.

osts.infineon.com wants to connect

KitProg3 CMSIS-DAP - Paired

m Cancel

Go back to the Select application tab, navigate to Experience Application with DEEPCRAFT™
Studio and click Continue to program the streaming firmware onto the board.

< Back PSOC™ Edge E84 Al Kit

Step 1- Select Application o Step 2 - Select Module o Step 3 - Select Port for Device 0}

4 Sub Applications
Gesture Detection © Dev

Voice Assistant © Radar based gesture detection with DEEPCRAFT™ ready model

1 Sub Applications 11 Flash Device

Vision Processing ©

15ub Applications

Experience Application with DEEPCRAFT™
Studio ©

Click Continue to flash the Streaming application
necessary for DEEPCRAFT™ Studio




7. The flashing process is initiated. The following screen appears.

We are flashing your device

O

Flashing completed

Erase Range:

Programming Range:

After the kit is programmed successfully, you are ready to proceed with the next exercise.
2.2 - Exercise 2: Downloading the MovementTypeDetection Studio Accelerator

For this specific training, the DEEPCRAFT™ Studio Accelerator MovementTypeDetection will be used.

1. Open DEEPCRAFT™ Studio.

2. Click New Project in the welcome screen. The welcome screen appears when you open
DEEPCRAFT™ Studio for the first time.
OR
Go to File and select New Project. The New Project window appears.

3. Expand Studio Accelerators, and depending on the machine learning problem you want to solve,
expand either Classification or Object Detection. Select the IMU & Vibration sensor family, browse
the available projects, and choose MovementTypeDetection as your starting point by clicking on it.

Studio Accelerators & Project Templates
o % To create your project, choose either an empty template for a custom application,
/ or choose a DEEPCRAFT™ Studio Accelerator, which contains datasets, preprocessing,
model architecture and instructions for simplified Edge Al model development

C Fall Detection (Belt-mounted)
K Project to build a model that detects if the user has fallen. It's intended to be placed on a belt or waist

B Studio Accelerators SR c
v B3 Studio Accelerators [‘ Anomalous Vibration Detection

v B Classification Classification-based anomalous vibration detection project

B3 IMU & Vibratior {‘ Drill Material Detection IMU

3 Microphone Proj assifying what material a power drill is drilling into using IMU

¢ Movement Type Detection
~\ Project to build a model that classifies the movement pattern of an IMU Sensor: Stationary, Shaking or C

New Project Name MovementTypeDetection

A project directory with this name will be created at
Location C rs\Mombelli\imagimobProjects\DistiHandsO
Download Project Data v (Download additional 64 MB of data)
Create ModusToolbox Project (Launches MTB Project Creator)

Total download will be 7.2 MB

OK Cancel

4. In New Project Name, edit the project name if needed. By default, the default project name is
displayed.

10



5. In Location, specify the location where you want to create the workspace and the project directory.

6. Select Download project data checkbox to download the project data to the workspace selected
earlier. Leave Create ModusToolbox™ Project unticked. This will be done later in a separate step.

7. Click OK to download the data and create the Studio Accelerator project.

8. The MovementTypeDetection project folder will appear in the Solution Explorer tab of DEEPCRAFT™
Studio.

b
.z.ljl &

Solution Explorer x *| READMEmd + X

Movement Type Detection w/ IMU

This project is designed to work exclusively with DEEPCRAFT™ Studio. Download it from

> ces .

B metadate Overview

D MovementTypeDetectionimproj

B READMEmd

Z ope l of the .&l F\.r'!lu mun kll N::lr I‘h'

e k;llﬂ[lh hul can also be adapte expanded if ynu haw :
between the clear movement types, but has s
ground truth).

9. Double click on the MovementTypeDetection.improj file to open the DEEPCRAFT™ Studio project.
The main DEEPCRAFT™ Studio Project window will open.

Take some time to explore the different tabs (Data, Preprocessor, Training) and get familiar with the way
DEEPCRAFT™ Studio manages the project.

1"



2.3 - Exercise 3: Creating a Graph UX Data Collection Project

This exercise will guide you through the procedure of downloading an empty Graph UX project and configuring it
to collect data from the PSOC™ Edge Al Evaluation Kit’s IMU.

Step 1: Create an empty Graph UX Project
To create a Graph UX project for data collection, follow these steps:

In DEEPCRAFT™ Studio, navigate to File> New Project. The New Project window appears.
Expand Templates> Graph UX> Generic and to select Empty project.

In New Project Name, modify the name of the project to IMUDataCollection.

In Location, specify the location where you want to save the project directory.

Click Ok to create the project. The Main.imunit file will be automatically opened.

ok wbd=

Studio Accelerators & Project Templates

% To create your project, choose either an empty template for a custom application,
or choose a DEEPCRAFT™ Studio Accelerator, which contains datasets, preprocessing,
model architecture and instructions for simplified Edge Al model development.

v B Templates : c‘ Empty Project
i .\ Empty Graph UX project. Get started on an empty canvas.

5 Object Detection
v [E7 Graph UX
B Generic
5 Evaluation
B3 Data Collection

~ [ Studio Accelerators

New Project Name IMUDataCollection

A project directory with this name will be created at
Location C:\Users\Mombelli\ImagimobProjects\DistiHandsOn2026
Download Project Data Downlo
Create ModusToolbox Project (Launches MTB Praject Creator)

Total download will be 1.1 KB

OK | | Cancel

Step 2: Connect PSOC™ Edge E84 Al Kit to PC/laptop

12



Connect the PSOC™ Edge E84 Al Kit to the laptop or PC through USB connector (J2) using a Type-C USB

cable. After connecting the kit, navigate to Node Explorer Window> Boards to check if the board is connected

properly. The PSOC™ Edge E84 Al Kit, along with all the sensors is displayed under Boards:

Main.imunit* = X Node Explorer
~ [ Library
> B3 Annotation
> [ Capture Devices
> 3 Data Collection
> 3 Image Processing
> B3 Layers
> BEJ Math
> B3 signal Processing
> B3 Tracks
> B3 Utilities
~ [ Boards
+ {8} PSOC Edge F84 Al Kit
=) Microphone
=) IMU
) DPS
() SHT4X
(=) Radar

(+) Magnetometer

Take some time to explore the different Nodes available.
Step 3: Create Data Collection and Data Labeling Graph

To create a simple data-collection and labeling graph, add a sensor to stream data, a data track to visualize
and label the stream, and a predefine labels node to define the labels.

1. Select the Sensor node to stream data
After connecting the kit to the PC and creating a Graph UX project, let’s set up the IMU Sensor unit for data
collection and Predefined unit for data labeling on the canvas.

1. If not already open, expand IMUDataCollection directory and double-click the Main.imunit to open the

canvas.

2. Navigate to the Node Explorer window, expand Boards> PSOC™ Edge E84 Al Kit and drag and drop

the IMU sensor onto the canvas:

13



By clicking on each node in the canvas, the Properties window will be populated with information about the

configuration of the node:

Sensor Node

Properties

Node

Enabled: Turn the radio button ON or OFF to enable or
disable the node respectively.

Node Name: Enter the name you want to assign to the
node.

Inputs

Frequency : Select the sampling frequency at which you
want to collect data in Studio - 50 Hz, 100 Hz, 200 Hz, 400
Hz.

Accel Range: Select the min/max gravity range from the
list - 2G, 4G, 8G, 16G.

Gyro Range: Select the Angular rate measurement range
from the list - 125 dps, 250 dps, 500 dps, 1000 dps, 2000
dps.

Mode: Select the mode of data collection from the
following:

1. combined: collect both accelerometer and gyroscope in
one data track

2. Accel only: collect data from accelerometer only

3. Gyro only: collect data from gyroscope only

4. Split: collect data from both accel and gyro in different
data tracks

Device

Device Name: Displays the name of the sensor.

Device Description: Displays the description of the
sensor.

2: Set up the Visualization Tracks

The Visualization Nodes help in visualizing the data collected from the sensor nodes as tracks in the session

screen.

Only the data streams connected to a Data Track Node can be stored, so it's important to connect a Data Track

Node to each signal that must be collected.

Main.imunit* += X

Node Explorer
~ [ Library
> [ Annotation
> [ Capture Devices
> [J Data Collection
> 1 Image Processing
> B Layers
> £ Math
> B signal Processing
~ B Tracks
Bounding Box Track
Data Track
Label Track
Video Track
> 3 utilities
~ [ Boards
~ {B} PSOC Edge E84 Al Kit

) Microphone

) IMU

3 DPS

=) SHT4X 14
) Radar

) Magnetometer



1. Navigate to the Node Explorer window, expand Library> Tracks and drag and drop the Data
Track Visualization unit onto the canvas.

2. Click on the red icon in the IMU sensor node and drag over to the red icon in the Data Track node. This
creates a connection between the two nodes.

IMU
. Built In ~ MU Data

- = Data Track
Combined
Input

The Graph UX project is now set correctly to collect data from the IMU and store it in a Data Track file.
There are several types of Visualization Nodes available:

e Data Track: for visualizing and/or saving the sensor data collected from the board.

e Label Track: for visualizing the predictions of a Neural Network for classification.

¢ Bounding Box Track: for visualizing the output of an Object Detection model (bounding boxes)

e Video Track: for visualizing video data collected from the Local Camera node. (Applicable only if you
set the Local Camera node to collect video data.)

3: Setup the Predefined Labels

When collecting data for a Classification project, you should know in advance the different classes that data can
belong to.

DEEPCRAFT™ Studio allows you to define the class names in the Graph UX interface with a specialized node.
You will be then able to utilize the class names as labels and assign them to portions of the collected data (this

operation can be done either in real-time during data collection or after the data is collected).

1. Navigate to the Node Explorer window, expand Library> Annotation and drag and drop
the Predefined Labels unit onto the canvas. The Predefined Labels unit displays the default classes
MyLabel1 and MyLabel2.

2. Inthe node itself, replace MyLabel1 and MyLabel2 with a new label related to the new gesture to be
recognized. To perform this operation, simply click on the body of the Predefined Labels node and
delete with the Backspace button the labels.

15



3. Type the label you want to add. Each label must lie on a new line:

Properties Node Explorer

~ 1 Library

Predefined Labels

Predefined Labets
> [ Image Proce

» B3 Machin
> B0 Math
> B | Pro

» Unit
Unit Name Predefined Labels

v Node

Enabled m

Node Name Predefined Labels

Suggestion: use “AxisRotation” as new label, since it's an easy and simple gesture that will require a small
dataset to be recognized effectively.

Your final Graph UX project should look like this:

Predefined Labels

IMU ~ IMU Data
Built In ~ Data Track
Frequency Combined iz Input
Accel Range

Gyro Range

Mode

2.4 - Exercise 4: Real-Time Data Collection and Labeling

It is now time to collect data that will be used for training the model. The scope of this data is to provide
examples of a new gesture for the model to learn from.

1. Navigate to the toolbar and click the Start button to open the session file (live.imsession). An empty
session file opens displaying the pre-defined classes in the Labels bar:

Solution Explorer I X 9 MovementTypeDetection.improj

& s =

v [ DistiHandsOn2026
> I IMUDataCollection 16

v Il MovementTypeDetection




2. Click the Record button to start capturing the real-time data.

9 MovementTypeDetection.improj Main.imunit % README.md ] Welcome
L] &

OIOOZOU.OOO

& MU Data
- 0000

~ 0500

@ Live Labeling

3. When data collection starts, hold the kit from the cable and rotate it along the cable axis. Vary

o

speed, angles and smoothness to increase data variety. Data should look like this:

3 MovementTypeDetectionimproj Main.imunit # README.md ] Welcome
MA@ > b D

— IMU Data

0:00:04 s
0000953q

sRotation

0 i
& MU Data
= 200.000

200.000
= -400.000

@ Live Labeling

Try to collect a couple of minutes of meaningful data (rotation data) per session.

Click the Stop button to stop collecting the data.

Now it's time to label the data. Press the AxisRotation button in the session to enable the label.
Highlight the rotation-related portions of data in the IMU Data track with the mouse pointer. Studio will
assign the label to this portion of data, and it will be visible in the Live Labeling track as a blue
rectangle:
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MaAa 0>y Do

s IMU Data

0100265_732

0200212,920

AxisRotation
\‘I:w "U 01
@ |MU Data
200.000
0.000
200.000
400.000

@ ixve Labeling*

The data is now labelled. You can repeat point 6 to label different portions of data in the same session.

7. Select File > Save to save the session file, data track and label track. The Save New Session window

appears.

8. In Location, click the three dots and select the desired location to save the files.

Suggestion: use a folder in the current project.

9. In Session Name, enter the name of the session file.
10. Under Track Options, tick the tracks you want to save to disk. Save both .label and .data tracks:

bl
Save New Session
e the session generated from a graph to disk.
Choose where the sessi shi : name the session and

figure the resulting

&) Location

1k Name

Live Labeling

IMU Data IMU-D

11. Click OK to save the files.
12. Repeat steps 1-11 to collect several samples.

Suggestion: collect at least 10 samples, each with ~1min of labelled data.

You are now ready to use the collected data to train a Neural Network able to recognize the new AxisRotation

movement.

0K

Cancel

18



2.5 - Exercise 5: Adding data to the project and splitting for training/testing/validation

This exercise will guide you through the process of adding the data you collected to the
MovementTypeDetection project data.

Step 1: Adding data to the project
To add the data to a project, follow the steps:

1. Navigate to Workspace and expand the project directory in which you want to add the data.
2. Open the MovementTypeDetection project file (*.improj) present in the project directory.

3 Imagimob Cloud s Active Team: Infineon

9 MovementTypeDetectionimproj + X Main.imunit ¥ READMEmd %) Y live.imsession ) Node Explorer

.

64
@ Data This is a classification project ®

Add data to your project here. Right click a session to view its contents. —
If you make changes to the contents of one or more sessions, click *Rescan Data v Statistics

=» | Preprocessor Count
M

Display Unit Time v
@ Training

circle 0% (00:00)
@ Sl shaking 2 0% (00:00)

entTypeDete Total Annotated - % (00:00)

ME.md
Unlabeled 0 (00:00)

8@ vy

alPlane1

Add Data. Merge Data. Edit Tracks. Augment Data. enerate Labels. stribute Sets. Rescan Data
Statistics

ntain labels fro : s ol in Dat Running
statistics

ntains no labels (after clipping). In

3. In Data tab, click the Add Data button at the bottom of the project file. The Add Data window appears.

4. In Source Directory, click the three dots and select the folder containing the data you collected in the
previous exercise. The files are automatically sorted into the appropriate boxes based on their type:

¢ Files with extensions .data, .csv and .wav are placed in the Data Tracks box

¢ Files with extensions .mp4 are placed in the Video Tracks box

¢ Files with extensions .label and .data are placed in the Label Tracks box

e Drag and drop the file that you do not want to import in the Excluded Tracks box

5. If needed, you can drag and drop the tracks into the appropriate boxes based on whether they should
be used as data or label and click Next. The summary window displays the details related to the new
or existing and total sessions that will be generated after the import. It also displays any missing tracks.
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Source Directory

irectory to scan for tracks.

Drag and drop tracks to the different boxes based on if they should be used as labels, data, video or if they
should be excluded from sessions. Double click a track name to edit it.

) Excluded Tracks (0) © Data Tracks (1)

7]

@ Video Tracks (0) © Label Tracks (1)

Live Labeling  Live-Labeling.label

6. Click Ok to import the data into the project.

7. After you have imported the data into the Studio, they will be listed in the Data tab as “unassigned”
data sessions, meaning that each sample is not assigned to one between training, testing and
validation sets. You must distribute the data into different datasets by following the next section.

Step 2: Distributing data in training/testing/validation sets
After you add data to the project, you need to distribute the data into different datasets. You can split the data
into the following three sets:

A subset of labeled data used to train a machine learning
Training Set model, where the model learns to make predictions based
on the input-output pairs provided.

A separate subset of labeled data used to evaluate and
Validation Set fine-tune the trained model's performance during the
development phase.

A holdout subset of labeled data, not used during training
or validation, that is used to assess the final, trained
Testing Set model's performance and generalizability to unseen data,
providing an unbiased estimate of its accuracy and
reliability.

Suggestion: It is recommended to keep the training set significantly bigger than the validation and test sets. Some standard
splits are (train/validation/test) 60/20/20 or 80/10/10. The more data you have collected, the smaller you can make your
validation and test set target size.
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Studio offers an automatic tool for distributing data. To distribute the data into the three sets, follow the steps:

1. Click on Redistribute Sets button in the Data tab of the project. The redistribute data tool
window appears.

S Imagimob Cloud & Active Tea

-..06-47.imsessio 3 MovementTypeDetectionimproj* # X - Mainimunit s/ READMEmd ) Welcome Proper. e Explorer

v 3 Library
@ Data This is a classification project®

Add data to your project here. Right click a session to view its contents. -

If you make changes to the contents of one or more sessions, click “Rescan Data". Statistics

Labels
B Predefined Labels

Count

Minimum

Display Unit Time e a Collection

Population V > E3 Image Processing

Skewness 2 Learning

> m cirdle 1 0% (00:00) 2% (11:48) 9% (03:41) 9 3 Track
B metsd ‘\ Settings shaking 2 0% (00:00) % (07:58) 21% (0247) 8 xis N

® MovementTypeDete AxisRotation 3 100% (00:09)
B READMEmd 3 7 unding Box Track

Total Annotated - 0% (00:09) % ( ) 2 19% (06:16) Data Track

Video Track
CircleHorizontalPlane1 ¥ IMU Data
aking 1 ation eling v IMU Data

CircleVerticalPlane1 Train Data

19 alidation ) abeling v IMU Da
Validation ~ g v IMU Dal
Train 5 : g v IMU Dat
Te: . e Labeling v IMU Data

ation § Labeling v IMU Data Visual
Validation 0 e Labeling v IMU Data

Chart Type
Train Labeling v IMU Data

= Data Alignme
Train 4 e Labeling v IMU Data

: Height
Train Labeling v IMU Data s

Train /  Live Labeling v IMU Data 123) Line Thickne

Add Data.. Merge Data... Edit Tracks. Augment Data. Generate Labels. Redistribute Sets. Rescan Data

Statistics
Set does not contain labels from all dla: e Sets Tool in Data tab tc Running
statistics
Label file contains (after clipping). In 5. accumulato

T*a

2. Set Scope as Redistribute data from Unassigned sets to only redistribute the new data.
3. Use the graphical tool to distribute the data into different datasets. The target size can either be

based on Label Count or Annotated Time. Keep it as Annotated Time and select a proportion
60/20/20:

o
4. Select Redistribute and the data in the
Select how you want to distribute the data among the training-, validation- and
Se'ected SCOpe W||| be distributed among test-set by dragging the grey circles. The recording sessions are divided as exactly
as possible either by the number of labels or number of data points (annotated ti
the th ree data SetS . You can read more about it in the documentation

Scope Redistribute only data from Unassigned Set

Sessions that are locked (©) will not be changed.

Preset Standard Distribution

Train Set All Labels

Validation Set All Labels

Test Set All Labels

Target Size based on Label Count
® Target Size based on Annotated Time

Redistribute  Close
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2.6 - Exercise 6: Design the Data Preprocessor
(Solved exercise)

Data Preprocessing is the process of cleaning, transforming, and preparing raw data into a suitable format for
machine learning model training. Data preprocessing can range from simple windowing of time-series data to
complex transformations, according to the task.

Since this tutorial is based on a Studio Accelerator Project, the Data Preprocessor is already set up.
Configuring Preprocessor

To configure the preprocessor, follow the steps:

1. If not already open, navigate to your project directory and double-click the project file (.improj). The
project file opens in a new tab.

2. Click Preprocessor tab on the left pane.

3. InInput Shape, the shape or dimensionality of the input data is provided to the machine learning
model. This parameter is computed automatically by Studio. For example, an accelerometer sensor
generates data in the format [x,y,z] so the shape of the input data is 3.

4. InInput frequency, the frequency of the input data is provided to the machine learning model. This
parameter is computed automatically by Studio.

5. Click + (Add new layer) to add preprocessing layer to the machine learning model.

Solution Explorer v X 3 MovementTypeDetectionimproj* + X j‘ Welcome

% s 3 . o )
B = @ Data Build a preprocessor by combining different preprocessing layers.
o] The preprocessor manipulates all data before it is input into models.

~ M DistiHandsOn2026
> Y IMUDataCollection E] Preprocessor
v [ MovementTypeDetect
> [ Data @ Training Name Shape Frequency Rate
> [l Models

> I Resources C‘ Setti
ettings
B metadatajson ‘\ 9

2 MovementTypeDete
B README.md

Input Shape 23 r:]

Input Frequency 50 Hz &

Create Track from Preprocessor... Build Preprocessor...

6. The Add New Layer window appears. It allows you to select a single preprocessing layer or group of
preprocessing layers bind as a package applicable to your project. You can add multiple preprocessing
layers or packages to the model.
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Add Constant

Let’s see how to add a preprocessing package Contextual Window (sliding window). A contextual

window layer groups several sensor readings together into a window and lets the Al model classify these
readings together. It is the standard way to extract fixed-length data points from a continuous data stream to
be used as input for ML classifiers.

7.
8.

Reshape

Scale

Select

Standard Deviation

Subtraction Immediate Reverse (A-x)

Sum

v [ Packages

Contextual Window (Sliding Window)

Imagimob Speech Features

~ EJQueues

Sliding Window (data points)

v [ Signal

CFAR 1D

FFT Shift

Complex Discrete Fourier Transform
Discrete Cosine Transform

Real Discrete Fourier Transform

Hamming smoothing

Hann smoothing
Mel Filterbank
Power to Decibel
PreFilter Bank
Rotate IMU

Average Subtract

Quntisnt Cikarhanl

10. Click OK.
11. The Contextual window layer is added as one of the preprocessing layers. Similarly, you can add

Under Packages, select Contextual Window (sliding window).

In Length, enter the length of the sliding window in seconds.

In Prediction frequency, specify the frequency at which windows should be extracted from the input
signal. This parameter will affect how many samples you “move” the window forward.

Contextual Window (Sliding Window)

Show Details
Length (seconds) | 2
The length (in seconds) of the window. How many seconds should the network process for each prediction.

Prediction Frequency (Hz) |5

How often to produce a prediction.

multiple preprocessing layers as per your requirement.
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DEEPCRAFT™ Studio allows users to view and evaluate the output of the preprocessing by generating a
dedicated track in the timeline, called “preprocessor track”. Studio also allows users to export the preprocessor
as Python code.

Please refer to DEEPCRAFT™ Studio documentation for information and step-by-step instructions.

2.7 - Exercise 7: Generating and Training Neural Networks

This exercise will cover various methods to generate machine learning models, how to initiate and monitor
the training job, and the steps to download the model files from the Imagimob Cloud. Setup and instructions
for running the training locally or on a company cloud can be found here.

Step 1: Generating model

After you collect the data and design the preprocessor, the data is passed to the model for training. Before the
model can be trained, you need to generate the model and define the layers of the model. DEEPCRAFT™
Studio allows generation of multiple different models to be trained and compared to find the best fitting model.

You can generate the model using any of the following ways in Studio:

e Model Wizard: You can generate multiple model architecture using the Model Wizard. The Auto ML tab
in Wizard can be configured for different model families, classifiers, sizes, and learning rates. The
Wizard generates models based on the configuration, speeding up the model development phase by
prioritizing the main features of a model. The generated models have different layers and layer
configurations, and produce slightly different results. The models generated by the Auto ML Wizard can
be changed layer by layer, allowing more advanced users to fine-tune the models.

e Empty model: You can create a custom model from scratch, or clone one of the Auto ML models as a
starting point for a new model. For each model in the list, you can change the training settings such as
the number of epochs to be run and the learning rate used by entering the desired values. You can click
the Model properties icon to set additional properties. If you select a model, you can view the different
layers of that model. You can change the order of the layers, properties of each layer, and add or
remove layers before training.

e Import architecture: You can import an existing Keras .h5 model in different modes into
DEEPCRAFT™ Studio to generate a model.

The exercise will focus on generating models via the Model Wizard. To generate models, follow these steps:
1. If not already open, navigate to your project directory and double-click the project file (.improj).
The project file opens in a new tab.

2. Click the Training tab on the left pane.
3. Click Generate Model List. The Model Wizard window appears.
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3 MovementTypeDetectionimproj* + X j‘ Welcome

@ Data All Models
fa)

Batch Size
~ [ DistiHandsOn e

> Iy IMUDataCol E] Preprocessor @ spiit count 16

+ [l MovementT - Nome ( Prrameis . Learning Weight
> I Data Training e aramete ®  Rate
> [ Models conv2d-medium-balanced- Shared 24383 5 0.00400 0.00010

> [ Resources l Settings conv2d-medium-balanced- Shared 18931 5 0.00400 0.00010

B metadataj - § . . R
> conv2d-medium-balanced- Shared 32819 5 0.00400 0.00010

3 Movement

n README conv2d-medium-balanced- Shared 69907 5 0.00400 0.00010
a

Generate Model List... Create Empty Model Start New Training Job... Import Architecture (H5)... Export training packa

- Set does not contain labels from all classes. Use Redistribute Sets Tool in Data tab to resclve
this.
- Label file contains no labels (after clipping). In 5 sessions.

4. In Auto ML on the left pane, you are free to configure the following parameters:
¢ In Hardware, select the architecture that is applicable to your target device or solution.
e In Model family, select the model family as per your requirement:
e Conv1D - Convolution-1D are lightweight models effective for time series data.
e ConviDLSTM - Convolution-1D and LSTM 1D-convolution are high accuracy models
effective for one dimensional and two dimensional data.
e Conv2D - Convolution-2D models are effective for two dimensional data, such as audio
spectrograms.
¢ In Model flavor, select the model flavor as per your requirement:
o SmallKern - Small kernels capture small patterns, increasing the model speed.
o LargeKern - Large kernels capture large patterns, increasing the performance but slowing
model speed.
o In Classifier, select the classifier type at the end of the model - GlobalAverage Pool, Hybrid and
Dense.
e In Model size, select the model size as per your requirement.
e In Optimization, select the Optimization level of the model for accuracy and speed.
o In Downscale, keep it disabled. Downscaling increases the speed of the model by reducing the
input size — which usually lowers model accuracy as a consequence.
¢ In Pooling, enable or disable the radio button as per your requirement. When enabled, this
parameter reduces the dimensionality after convolutional layers. In most cases, pooling will increase
the speed and reduce the memory consumption without affecting the model accuracy.
¢ In Learn rate, select the training speed of the model as low, mild and high. Setting the learn rate as
high will speed up the training, however, this may cause suboptimal training results.
¢ In Regularization, select the desired option as per your requirement. This parameter reduces over-
fitting to the training data.
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¢ In Append models, enable the check box to keep old models and append new models to the list.
This parameter is applicable when all models have the same class count.

B Model Wizarc
@ Auto ML This wizard will generate a list of models. Any existing models will be replaced.
The number of models generated will depend on the answers below.

_ﬁ? Training

@ Hardware Type  Infineon

(=]

ga Build StEpS © Model Family | Conv1D

@ Model Flavor | SmallKern

@ Classifier GlobalAveragePool

@ Model Size Small Medium Large

@ Optimization Accuracy Balanced Speed
P Y p

@ Downscale O

@ Pooling On Q

@ Learn Rate Low

2] Regulanzation Low

@ Append Models

OK | Cancel

5. Click Ok to generate a list of models.

Step 2: Starting and Tracking Training Jobs

Once the model is generated, you can initiate and monitor the training job either by sending the training
package to the Imagimob Cloud or running training on the Local Machine. Since local training takes some
setup we will use the cloud. At this stage, you have the option to use either GPUs or the default CPUs for

training. After starting the job, all data and model information will be uploaded to the Imagimob Cloud for the
actual training.

To start the training job, follow the steps below:
1. Click Start New Training Job. The New Training Job window appears.

- Y raining Job
Send training job to Cloud

@ Job Name MovementTypeDetection

@ Description

@ Team Infineon

@ UseGPU

@ Available Compute Minutes

Advanced Settings

Cancel
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In Job Name and Description, enter the name of the job and a description respectively.

In Use GPU, enable the GPU powered training.

In Available Compute Minutes, your total compute minutes available are displayed.

Click OK to begin the training. After data is uploaded, a popup window appears indicating that the job
has been started.

PoOoDN~

Open job

Job MovementTypeDetection started
Do you want to open job?

Open Cancel

5. Click Open to view the training progress in a new tab.

MovementTypeDetection 4+ X Mainimunit % MovementTypeDetection.improj L) Welcome

Job MovementTypeDetection
g
=l O Job started

A Job will expire and be deleted in 14d Oh 59m 59s = Extend time

cted - on | Train Validation Validation

FiScore | FiScore Best Loss Download

Name
convld-medium-balanced-0 @ Started 0.8328 0.3949 &
convid-medium-balanced-1 @ Started  Epoch 6/100 0.9251 0.8601 0.3555 6820
conv1d-medium-balanced-2 O Started Epoch 6/100 0.922 0.8160 9 03919 11492

convid-medium-balanced-3 @ Started  Epoch 6/100 09 0.8098 24036

Training Statistics  Validation Statistics ~ Test Statistics Loss Plot  Accuracy Plot  Job Details = Job Logs

= Train Loss Validation Loss

Epoch

You can now wait for your models to finish the training.

At the end of the training, take some time to explore the Statistics and model evaluation metrics.



Step 3: Downloading Model Files

After the model is trained in the Infineon Cloud, the next step is to download the trained model files. You can
also import the model predictions as tracks into the sessions containing the original data. This provides a much
more detailed view for evaluating the performance of the model.

To download the model files, follow these steps:
1. Scroll right to the Download column and click the download icon to download the model files for the
related model. DEEPCRAFT™ Studio automatically assigns the “Selected Best” badge to the model
with the best validation loss (i.e. the lowest)

,D Job MovementTypeDetection
= 7 Job completed

A Job will expire and be deleted in 14d Oh 47m 25s Extend time

Name cted Status

]

conv1d-medium-balanced-0 & Completed Training completed 09141 09144 01098 03949
conv1d-medium-balanced-1 ® 7 Completed Training completed 0.9424 0.9424 .89 0.0997 0.3555

convl1d-medium-balanced-2 &/ Completed Training completed 0.9049 882 .904 .8: .883 0.1101 0.3919

BB ®

conv1d-medium-balanced-3 &7 Completed Training completed .882 .883¢ 0.0950 0.3988

2. The Download model files window appears with the option to download:
e trained model (.h5 file)
e model predictions for evaluating the trained model
o testinput and output datasets to be used in the ‘Generate Data Compare Test’
Select the all the files and click Download.
3. Save the model in the “Model” folder of the DEEPCRAFT™ Studio MovementTypeDetection folder

yad Model Files
Select which model files to download.
Depending on your project type your model folder will contain different file types.
* h5' is the standard model format supported by DEEPCRAFT™ Studio and the Tensorflow/Keras.

‘Predictions’ folder contains all evaluation results for the model.

conv1d-medium-balanced-1_min_max.md

conv1d-medium-balanced-1_preprocessor_and_network_test_input.data

conv1d-medium-balanced-1_preprocessor_and_network_test_output.data
conv1d-medium-balanced-1.h5
Predictions

Select All  Select None Download Cancel

Step 4 (optional): Importing predictions into your project
DEEPCRAFT™ Studio allows a side-by-side view of the performance of a model on data by merging the model
predictions as tracks into the sessions containing the original data.

To import predictions, follow these steps:
1. Navigate to the project directory and open the project (.improj) file.
2. Inthe Data tab, click the Merge button and browse to select the Predictions folder, which is inside the
model folder you downloaded before.
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@ Data

This is a classification project @

Add data to your project here. Right click a session to view its contents.

ﬂ Preprocessor

@ Training
circle

@ SEﬂlngS shaking

AxisRotation

Display Unit | Time
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Total Data
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Merge Data... Edit Tracks

- Set does not contain labels from all classes.

If you make changes to the contents of one or more sessions, click "Rescan Data".

@ Predefined Labels
Total
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<
30,555565566 5
K < RS RS < RS < Y <
< < << << << ¢
[ S T ¥ NN S ¥

< <
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Augment Dat: Generate Labels. Redistribute Set Rescan Data Clear All Export datab

Use Redistribute Sets Tool in Data tab to resolve

&« v~ « MovementTypeDetection > Models > conv2d-medium-balanced-0 v C dium-bal.. 2
Organize ~ New folder = v (7]
2 Home Name - Date madified Type Size
Predictions 09/01/2026 14:51 File folder
@l Desktop
k Downloads
= Documents
P8 Pictures
) Music
n Videos
lolepls
mtb_workspaces
Demo
Folder: Predictions
Select Folder Cancel
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3. Select the Nested structure radio button and click Next. Predictions from the selected folder will be

merged as tracks into the corresponding local sessions.

Select folder structre
In order to correctly import your data, we need to know the structure of the selected folder.

Currently two folder structures are supported: flat or nested.

Nested structure @

Flat structure

Example of nested structure

Note: .csv files will be treated as data files. If some csv files in the directory represents labels, please change the extension of these to .label

Back  Next Cancel

In the next window, select or deselect what you want to import and click OK to complete the merge.
Take care to check that the column related to your new model is completely selected.

You can now visualize the output of the neural network side-by-side with the input data by double
clicking on data sessions in the Data tab.

¥ Session-2026-01-13—..52-19imsession # X " Session-2025-03-25--..19-06.imsession

o > el o100% Ay Q=T +

0:00:27 432

MovementTypeDetection Main.imunit ¥ MovementTypeD

IMU Data convid-medium-balanced-10

0:01:04 709

-00:00:20 -00:00:10 00:00:00 00:00:10 00:00:20 00:00:30 00:00:40 00:00:50 00:01:00
@ IMU Data

= 200000
oo “’WWWMWW

@ convid-medium-balanced-10

- 0000

@ Live Labelmfvg AxisRotation AxisRotation
100 % 100 %

®

Add Track...
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2.8 - Exercise 8: Real-Time Model Evaluation using Graph UX

Model evaluation is a crucial step in building a machine learning model. It helps in analyzing the model
performance by using multiple statistics and metrics. However, a model performing ideally in the evaluation
phase may not perform as expected in real world. To address this, the model should be thoroughly evaluated in
real-time before deploying. Graph UX supports real-time model evaluation functionality which helps in analyzing
and monitoring the model predictions before deploying a model to production. It also ensures that the model
generates accurate predictions on real-time data.

This exercise will leverage the Graph UX project we used for data collection to evaluate the model in real-time.
To create an evaluation graph for evaluating a model, follow these steps:

1. Navigate to the IMUDataCollection folder from the Solution Explorer and open the Main.imunit file to
open the Graph UX Project.

2. Expand the Models folder of the MovementTypeDetection project and locate the .h5 file of your
downloaded model.

Window  Help DEEPCRAFT™ Studio

Solution Explorer v 0 X ¥ Session-2026-01-13--..52-19.imsession ¥" Session-2025-03-25—...19-06.imsession MovementTypeDetection

BsE

v M DistiHandsOn2026
v B IMUDataCollection

Predefined Labels

AxisRotation

B metadatajson
B READMEmMd

v M MovementTypeDetection o MU Data
> [ Data Buiilt In ~ Data Track

~ I Models » Frequency Combined 3150z ST Input
v [ convid-medium-balanced-1 * Accel Range
> i Predictions * Gyro Range
(7} convld-medium-balanced-1.h5 b M
B convld-medium-balanced-1 min maxmd
B convld-medium-balanced-1_preprocessor_and_networ}
B convid-medium-balanced-1_preprocessor_and_network
> [ conv2d-medium-balanced-0
> [ Resources
B metadata,json
3 MovementTypeDetection.improj
B READMEmd

3. Drag and drop the .h5 file in the canvas. The model will appear as a double node including the
preprocessor and the neural network itself, already connected.

4. Click on the red icon in the IMU sensor node and drag over to the red Input icon in
the Preprocessor node. This creates a connection between the two nodes.

5. Add two tracks: a Data Track and a Label Track.

6. Connect the output of the Model node to both tracks. They will be needed to visualize the raw model
output and the predictions.
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Your final graph should look similar to this:

Predefined Labels

AxisRotation

. IMU Data
" DataTrack

[ 123150 Hz Input

[2.3] 50 Hz convid-medium-balanced-1 preprocessor A, convid-medium-balanced-1 model Data
: Data Track
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Input

(100.2.3] -5 Hz
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Built In

File C/Users/Mombe
: ) convld-medium-balanced-1 model Labels

Input Label Track

Input
Threshold Enter
Threshold Exit

Click on the Start button on the toolbar and run the graph. Click on record to start recording data from
the IMU sensor. When you perform the AxisRotation gesture, you will see the neural network prediction
change accordingly:
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& MU Data

s il

@ convid-medium-balanced-1 model Labels* AxisRotati... = shaking AxisRotation
50 % 62 % 68 %

@ convld-medium-balanced-1 model Data

0.800
0.600
0400
0.200
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2.9 - Exercise 9: Deploying the model on PSOC™ Edge Al Kit

This last task will guide you through deploying the trained Neural Network on PSOC™ Edge. To do so, we will
use a code example provided within ModusToolbox™. You need to create the required machine learning project
for your board within ModusToolbox™, convert your neural network in C code and then replace the model.c and
model.h files in the project with the model.c and model.h files for your model following by building the project.
Follow the step-by-step instructions to learn the deployment process.

Step 1: Create the ModusToolbox™ Project

Open ModusToolbox™ > Eclipse IDE for

ModusToolbox™ from the ModusToolbox™ Dashboard
software. The Eclipse IDE for ModusToolbox™ window appears.
Browse and select the workspace directory for your project and
click Launch to open the ModusToolbox™ workspace.
Suggestion: Use a workspace with a short name (ex: mtb_ai)

and store it close to your C:\ root folder.

Select New Application from the Quick Panel or navigate
to File> New> Modus Toolbox™ Application to open the

Project Creator Tool.

[milld |

8

Eclipse IDE for
ModusToolbox™

~ Start

= New Application

# Search Online for Code Examples

& Training Material
& Refresh Quick Panel

} Project

~ Launches
~ Tools

~ BSP Configurators

IDE
Ed\t Navigate Search Project Run Window

& Quick ... - Variabl... % Expres... % Breakp.. =

- Import Existing Application In-Place

@ Search Online for Libraries and BSPs

= 2|

4. Expand the Kit Name PSOC™ Edge BSPs from the list and select the KIT_PSE84 Al as BSP for your
board and click Next. The Select Application window appears.

5.

[ Choose Board Support Package (BSP) - Project Creator 2.50

Settings Help

Source Templats
Enter filter text...

Kit Name ~

v ** Detected Devices **
KIT_PSE84_Al (OF1F02)

AIROC™ Bluetooth® BSPs

AIROC™ Connectivity BSPs

PMG BSPs

PSOC™ 4 BSPs

PSOC™ 6 BSPs

PSOC™ Control BSPs

PSOC™ Edge BSPs

<

Create from MPN...

MCU/SOC/SIP Connectivity

PSEB46GPS2DBZC4A LBEESHY2FY (CYW55513IUBG)

I KIT PSE84 Al

PSEB46GPS2DBZC4A [BEESHY2FY (CYW555131UBG

KIT_PSE84_EVAL_EPC2
KIT_PSEB4_EVAL_EPC4

Reference Design BSPs

TRAVEO™ BSPs

USB B5Ps

PSEB46GPS2DBZC4A CYW55513IUBG
PSEB46GPS4DBZC4A CYW55513IUBG

Browse for BSP...

3

KIT PSE84 Al

The PSOC™ Edge E84 Al Kit (KIT_PSE84_Al) is based on
the PSOC™ Edge family of devices. It enables the
evaluation and development of applications for the
PSOC™ Edge E84 MCU.

This evaluation kit carries a PSOC™ Edge E84 MCU
(PSEB46GPS2DBZC4A). The kit also has 512-Mbit QSPI
flash, 128-Mbit Octal RAM and on-board LBEESHY2FY
module with Wi-Fi/Bluetooth® connectivity.

The board features an on-board programmer/debugger
(KitProg3), expansion |0 header, R-Pi compatible MIPI-
DS, analog and digital microphones, USB device Type-C
connector, 6-axis IMU sensor, 3-axis magnetometer,
barometric pressure sensor, humidity sensor, radar, user
LEDs, and a user button. The MCU power domain and
peripheral power domain supports following operating
voltages - 1.8V, 3.3 V.

Finished download of file ‘https://github.com/avnet-iotconnect/avnet-iotc-mtb-mw-manifest/raw/main/avnet-iotc-mtb-mw-manifest-fv2.xml
Finished download of file ‘https://github.com/CyberonEBU/cyberon-mtb-mw-manifest/raw/main/cyberon-mtb-mw-manifest-fv2 xml’
Finished download of file 'https://github.com/golioth/mtb-golioth-mw-manifest/raw/main/mtb-golioth-mw-manifest-fu2 xml

Finished download of file ‘https://github.com/rtlabs-com/mtb-rtlabs-manifest/raw/main/rtlabs-mtb-mw-manifest-fw2-rtlabs.xml*

Finished loading the manifest data (2779 ms)

No SDK-based filtering is applied
0 error(s), 0 warning(s)

Summary:

BSP: KIT_PSE84_Al

Press “Next" to select application.

to the manifest database contents.

Next > Close

In Template Application, expand Machine Learning and select the
PSOC_Edge_Machine_Learning_ DEEPCRAFT_Deploy_Motion code example.
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Rename it with a shorter name (ex: DeployMotion) and click Create:

Select Application - Project Creator 2.50 - o X

Settings  Help

Application(s) Root Path;  C/Users/Mombelli/mtb_workspaces/EDGEAIDist Browse...
Target IDE Eclipse for ModusToolbox™ ~
Enter filter text Browse for Application.. ¥ %2 [Z [= [# This code example demonstrates how to deploy a Machine Learning (ML)

model for Motion generated from DEEPCRAFT™ Studio on the PSOC™
Template Application ~ New Application Name  New BSP Name Edge MCU. It comes pre-configured with the Human Activity Detection
Starter Model from the DEEPCRAFT™ Studio that uses the data from the
BMI270 IMU to detect various motions such as standing, running,
walking, sitting, and jumping. New models based on the IMU can be
dropped into the project as-is. The model can be run on either the Arm®

Graphics
~ Machine Learning
O Avnet PSOC Edge DEEPCRAFT Baby Monitor

(9/unct PSOC Ege DEEPCRART Mohion Cortex® M33 (CM22) or Cortex® M35 (CMS55) CPUs along with their
O Avnet PSOC Edge DEEPCRAFT Ready Models accelerators.
() PSOC Edge Machine Learning DEEPCRAFT Data Collection
PSOC Fdge Machine | earning DEFPCRAFT Deploy Audio For more details, see the README on GitHub.
| |_@ Psoc Eage Machine Learning DEEPCRAFT Deploy Mation DeployMotion APP_KIT_PSES4 Al
PSOC Edge Machine [earming DEEPCRATT Deploy Radar

Summary:
BSP: KIT_PSES4_Al

Template Application(s): PSOC Edge Machine Learning DEEPCRAFT Deploy Motion
Application(s) Root Path: C:/Users/Mombelli/mtb_workspaces/EDGEAIDist

Press "Create” to create the selected application(s).

< Back Create Close

Wait for the project creation to be completed. You are now ready to go back to DEEPCRAFT™ Studio
for the next step.

Step 2: Converting the neural network and flashing the code

To bridge DEEPCRAFT™ Studio and ModusToolbox™, we provide a bidirectional integration that supports an
end-to-end workflow for PSOC™ Edge boards.

After you train a model with Studio, you can directly target a ModusToolbox™ Project to export the converted
neural network.

To generate the code, follow these steps:

1. Navigate to the MovementTypeDetection project directory, locate and open the trained model file
(*.h5) by double clicking on it.
2. Click the Code Gen tab on the left pane and configure the following parameters:

1 convid-medium-balanced-1h5* & X L7 Welcome

@ Architecture Infineon PSOC

© Target Device dge M35/US5 : Target device requirements
e /' ¢ S ted code requi e TolowIng I0aus IoolDox ™ (i 3) LiDranes |
stwor @ ouput = d code requires the following ModusToolbox™ (MTB) Libx

@ Output File Prefix

* mi-tfiite-micro 3.1.0

Evaluation
IMAI

= Code Gen

Settings

eration None - Doesn't use

Enable Netw: Juantization

Skip cleanup

Ethos-U Tensor Allocator Hill Climb

mance

ared Sram
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e In Architecture, select Infineon PSOC as the architecture type.

e In Target Device, select PSOC Edge M55/U55.

¢ In Project Path, select the path to the root directory of the ModusToolbox™ project we created

in previous step, where you want to save the generated code. Take care to select the

proj_cmb55 folder inside the DeployMotion project:

&« I « mtb_workspaces >

EDGEAIDist > DeployMation

Organize > New folder

4} Home

il Desktop

L Downloads

3 Documents

N Pictures

&) Music

& videos
lolepls
mtb_workspaces
Demo

Folder: proj_cmS5

.mtblaunchConfigs
settings

bsps

build

canfigs

docs

images

proj_cm33_ns

L MEUEER:

proj_cm55

templates

14/01/2026 09:35

File folder

Select Folder

Cancel

3. Click the Generate Code button and wait for the conversion process to complete.

This will export your neural network as-is (in floating point precision) in a format suitable for the execution on

Infineon MCUs.

Step 3: Flash and Run the project

The last step involves using ModusToolbox™ to flash and run the project.

Open ModusToolbox™ and follow these steps:

1. Connect the KitProg3 USB connector (J1) port on the board to the PC using the USB cable.

2. Locate the Makefile in the *proj_cm55 folder of your workspace and open it.

Locate the NN_TYPE variable and set it to float. Save the Makefile.
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This variable is needed to configure the inference engine according to the quantization level of the
neural network exported via DEEPCRAFT™ Studio. Floating point models will be executed by M55 core

only, without acceleration.

Refer to the next Step to see how to deploy a quantized model on U55 accelerator.

v & DeployMotion.proj_cm55

& Binaries
build

= deps

libs

model # confieuratior

config.h APPNAME=proj_cm55

imu.c
imu.h # 1T se
VERBOSE=
main.c
retarget_io_init.c 112 Neura

AOINII

1
L

-

Tetargep_inith 248
Makefile 13# float - floating point for the
projecrinto.json T T b Civad-naint for

¥ Binaries

15 NN_TYPE=float

common_app.mk

ramman mb

3. In Quick Panel> Launches, click the program. The code is deployed on the board.

[ EDGEAIDist - DeployMotion/README.md - Eclipse for ModusToolbox™ - o X
File Edit Navigate Search Project Run Window Help

M Bvh v (=] * BvOvQlv ™D g~ v - - .| Q v
|&3Pro.. X #De.. WiRe. FPer. = O [ READMEmMd X = O g Outline X =a
{ - X . . A =

* &5 DeployMotion PSOC™ Edge MCU: Machine learning — . PSOCArade; Edge MC

h2. Requirements

- I DEEPCRAFT™ deploy motion 1. Supporid tookci

h2. Supported kits (mal

configs
& docs . ¢ ” h2. Hardware setup
This code example demonstrates how to deploy a machine learning (ML) model to
images : ina DEEPCRAFT™ Studi nf 's PSOC™ E h2. Software setup
templates ;\j:(‘:ﬁ:t motion generated using tudio on Infineon's dge h2. Operation
& DeployMotion.proj_cm33_ns . h2. Related resources
&5 DeployMot : 7q " h2. Other r
ReployMation prof-cin33.5 This example deploys DEEPCRAFT™ Studio’s movement type detection starter ni g:}:’mzo‘u::z ;
u istor

model on the PSOC™ Edge MCU. This model uses data from the BMI270 IMU to
s Quic Vari. % Exp. %Bre. ~ O detect various movement types such as shaking and circling.

% Refresh Quick Pane The model can either be run on Arm® Cortex® M33 (CM33) or Cortex® M55
T L e (CM55) CPUs along with their accelerators. The application also requires basic

~ DeployMotion (APP_KIT | AT preprocessing before the data can be fed to the inferencing block. The project

& Build Applicat provides files that include the model and preprocessing generated by

7 Cle DEEPCRAFT™ Studio. These codes are located in model.c/.h files in the mode/

B ModusT directory inside the CM33 NS and CM55 projects. New models based on the IMU v

e e oo SRt -

LSS Markdown Source | Preview S—
" 2 ot g | @ Console [£] Problems = Progress 0 Memory 4 Terminal X =B34 b neé=o
% DeployMotion Prog Pt © DeployMotion ModusShell X

Ty T

8 ModusT

s

~ Tools

BespA

il Device Firmwa: jate Host T

Connected - Encoding: UTF-8

4. Open a Serial Terminal window, connect to the PSOC™ Edge COM Port with BaudRate=115200 and
perform the gestures. The output of the neural network is displayed in real time as confidence values:

¢ e s s e R
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Optional Step: Running the model on PSOC™ Edge U55 Neural Network Accelerator

To target the PSOC™ Edge Neural Network accelerator, it is mandatory to export the neural network in
quantized format. The procedure is exactly the same as the previous step: only some settings of the export
window will change.

To run the model leveraging the accelerator, follow the steps below.
1. Navigate to MovementTypeDetection project directory, locate and open the trained model file (*.h5) by
double clicking on it.
2. Click the Code Gen tab on the left pane and configure the following parameters:

Preprocessor

i Target device requirements
Network ~ _ : _ ) The genera es the following ModusToolbox™ (MTE
) : * mi-middiwa
* mi-tflite-mic

Evaluation

: Code Gen
mbelli/mth_w

Settings

loating Point (Flo

+ Enable Network Quantization
@ Use Project File (improj) . entType INimproj
Recursive Directory S

NPZ file

Skip cleanup
Ethos-U Tensor Allocator Hill Climb
Ethos-U System Config AEM 300MHz
Ethos-U Optimize Performance
P Ethos-U Memory Mode Shared Sram
? Max Block Depe ndency
sion Limit

B Arena Cach

¢ In Architecture, select Infineon PSOC as the architecture type.

e In Target Device, select PSOC Edge M55/U55.

¢ In Project Path, select the path to the root directory of the ModusToolbox™ project we created
in previous step, where you want to save the generated code. Take care to select the
proj_cmb55 folder inside the DeployMotion project (see previous exercise).

e In Preprocessor Acceleration, set CMSIS Floating Point (Float32).

e Tick Enable Network Quantization to quantize the model.

e Make sure to enable the radio button Use Project File (.improj) and select the .improj file that
you used to train the model (MovementTypeDetection.improj):
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.
©) DEEPCRAFT™ Studio

X

< A ImagimobProjects > DistiHandsOn2026 > MovementTypeDetection P
Organize ~ New folder =- 10 0

W Gallery Date modified Type

Data

il Desktop * Models

¥ Downloads Resources

B Documents IO MovementTypeDetection.improj 13/01/2026 10:02 Model Project 78 KB

PN Pictures

& Music

u Videos

lolepls

mtb_workspaces

Demo

File name: | MovementTypeDetection.improj

Imagimob Project (*.improj)
Comncet

Click the Generate Code button and wait for the conversion process to be completed.

4. Repeat “Step 3: Flash and Run the project” as per previous instructions, but this time take care to
set the NN_TYPE variable in the makefile to “int8x8”.

w

The firmware detects the quantization level of the neural network during compilation thanks to the Makefile
settings, and loads the library to run the model on the U55 accelerator.
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3. Hands On - Object Detection

This chapter includes exercises that walk through the process of creating a camera-based object detection
model in DEEPCRAFT™ Studio and deploying it on the PSOC™ Edge E84 Al Evaluation Kit. It is
recommended to have completed Chapter 2

Pre-requisites:
e DEEPCRAFT™ Studio version >= 5.8
e ModusToolbox™ version >= 3.6
e PSOC™ Edge E84 Al Evaluation Kit (PSOC™ Edge E84 EVK can also be used)
e USB-C Cable
e Waveshare 4.3” Raspberry Pi 800x480 display
e 0OV7675 0.3MP DVP Camera module or Logitech ¢920 HD PRO Webcam + USB-C -> USB dock

Make sure you are connected to the network and are logged in to your DEEPCRAFT™ Studio account.

Object Detection models in DEEPCRAFT™ Studio leverage Ultralytics YOLO models for training the specific
model you require. These are free of charge for DEEPCRAFT™ Studio users, even for commercialization.
License information can be found here. This means that instead of training a model completely from scratch,
state-of-the-art models are used as a starting point. You can then choose to retrain the entire model, or to fine-
tune only the final layers of the model. The exact model as baseline contains 80 classes, you can read more
about it here. YOLO models don’t use the common confidence value threshold of 0.5 to create a classification,
instead they have a very low threshold and provide an abundance of bounding boxes which are intended to be
filtered.

This section will cover the entire process of retraining a YOLO model, leveraging a DEEPCRAFT™ Studio
Accelerator including: Data Collection, Model Definition, Model Training, Postprocessing (filtering), Model
Evaluation, Code Generation and Model Deployment.

3.1 - Exercise 1: Creating an Object Detection Data Collection Project

The goal of this exercise is to create the project needed for collecting the object detection data that will be used
in the project. For this step any camera connected to the computer will be usable, either a built-in laptop or
external USB camera will work, or even a mobile phone camera via a third-party like Camo Studio. Best
machine learning practice is to collect data with a camera similar to the one which will be used in the final
product.

For this specific training, the Object Detection Data Collection project will be used to collect data.

1. Open DEEPCRAFT™ Studio.

2. Click New Project in the welcome screen. The welcome screen appears when you open Studio for the
first time.
OR
Go to File and select New Project. The New Project window appears.

3. Expand Graph UX and then Data Collection. Select Object Detection Data Collection.
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https://blog.arducam.com/products/camera-breakout-board/0-3mp-ov7675
https://www.logitech.com/en-ch/shop/p/c920-pro-hd-webcam
https://developer.imagimob.com/legal/ultralytics-license-information
https://docs.ultralytics.com/datasets/detect/#supported-dataset-formats

+ . Studio Accelerators & Project Templates
*».+ To create your project, choose either an empty template for a custom application,
/ or cho DEEPCRAFT™ Studio Accelerator, which contains datasets, preprocessing,
model architecture and instructions for simplified Edge Al model development.

v 3 Templates ; ¢ Live Data Collection
B3 cation N\ Real time data collection using the built-in PC microphone or an external edge device.

5 Regression c‘ Object Detection Data Collection

S Object Detection Real time data collection using a camera.

~ [ Graph UX

5 Generic
5 Evaluation
[E5 Data Collection

~ B3 Studio Accele

New Project Name DataCollectionObjectDetection
A project directory with this name will be created at
Location Ci\Users\WirkestrandL\Documents\StudioProjects

Download Project Data Dowr

Create ModusToolbox Project (Launches MTE Project Creator)

Total download will be 1.7 KB

OK  Cancel

4. In New Project Name, edit the project name, if needed. By default, the default project name is
displayed.

5. In Location, specify the location where you want to create the workspace and the project directory.

Click OK to download the data and create the Studio Accelerator project.

7. The DataCollectionObjectDetection project folder will appear in the Solution Explorer tab of Studio.

o

Solution Explorer * READMEmd + L1 Welcome

B S

Live Data Collection

~ [ StudioProjects

> [ git_deeperaft

> [ AnomalousVibrationDetection

> I Archive

> [ AudicEnhancement

Overview

> M CapsenseProjects This starter project shows you how to collect and annotate image data live. This can be done directly from your PC.
> [ CFARID

> [ CustomUnits

~ [ DataCollectionObjectDetection

The graph that you see in the Main.imunit contains Image collection unit and predefined labels unit boxes.

By following this example, you will learn how to collect data and annotate it live, which will drastically reduce the time spent on collecting data.
p Main.imunit

. metadata
B README Concepts
> [ DrillMaterialDetection

8. Double click on the main.imunit file to open the DEEPCRAFT™ Studio project. The main
DEEPCRAFT™ Studio Project window will open.
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3.2 - Exercise 2: Collecting Data with the Data Collection Object Detection project

Image collection

~ Unit

Unit Name Image Collection
~ Node

Enabled e

1 Node Name Image collection
Image collection [
Mode ObjectDetection

~ Camera

Burst mode '.Eﬁ'
Camera
Resolution

~ File
File type Jpag v
Filename template Images_{0}_ {1:yyyy-MM-dd--HH-mm-2
Target folder C:/Users/WirkestrandL/Documents/St ...

Now you have the project which is used to collect and label the image data. It consists of only two nodes: Image
Collection and Predefined Labels. Whatever labels you add to the Predefined Labels node will be the ones
utilized for labeling in the next steps. The Image collection node is where you change the settings of the data
collection, do this by left clicking on it and using the Properties tab.

1.

Click on the Predefined Labels node and remove the default labels. Replace them with Rock, Paper and
Scissors. Note: These labels are case sensitive to work with future steps.

Click on the Image Collection node and open the Properties tab.

Select the Camera you want to use. Best practice is to use the same camera as the one you intend to
use when deployed.

Select a resolution. DEEPCRAFT™ Studio will automatically resize images of different sizes in the
training step, once again best practice is to be as similar as possible to the final use-case.

Select Target Folder as DataCollectionObjectDetection folder, or wherever you wish to save the data.
Double click on the Image collection node, to open the Image Collection tab.
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The Image Collection tab contains two panes. The leftmost one has the current view of the camera. This can be
hidden and showed via a toggle in the top left. Whenever the Capture button in the bottom is pressed, the image
is saved and displayed in the right pane. Underneath the Capture button is a list of all captured images which
can be navigated between using the arrow keys. Underneath the captured image on the right are the labels from
the Predefined Labels node.

1. Capture an image where you're posing with either Rock, Paper or Scissors.
2. Select the appropriate label from the bottom right list and draw a bounding box around the shape by left
clicking and dragging around the object.

3. Repeat steps 1-2 a couple more times with different shapes. Take the opportunity to play around. You
can go back and edit the Predefined Labels node if you wish — however make sure you don’t
accidentally import any images taken with other labels into the rest of the exercises. Images can be
deleted from the list directly or through the Solution Explorer.

4. [Optional] Open the Properties pane again. This is accessible from the Image Collection tab too,
without needing to go back to the main.imunit. Here there is an option for enabling Burst mode which
will change the capture settings to take one photo per second, instead of whenever the Capture button
is pressed. This is useful for quickly capturing a large dataset. Pressing the button again will stop the
capturing.

5. Once you have captured and labeled some images, save and close the Image Collection tab.

DEEPCRAFT™ Studio organizes each captured image within a nested folder structure. Each folder includes the
image, a session file (.imsession), and a label file (.labelxml) containing bounding box information. If the image
is not labeled, the folder will not contain a label file.

TIPS: To read more details, go to: https://developer.imagimob.com/deepcraft-studio/data-preparation/data-
collection/collect-data-without-kit/collect-image-data-using-graph-ux#tools-for-labeling-the-images

3.3 - Exercise 3: Creating a Rock, Paper, Scissors Studio Accelerator

Similarly to Chapter 2, we will create a DEEPCRAFT™ Studio Accelerator. To learn what that is, refer back to
Chapter 2.2.

1. Click New Project in the welcome screen. The welcome screen appears when you open
DEEPCRAFT™ Studio for the first time.
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OR
Go to File and select New Project. The New Project window appears.

2. Expand Studio Accelerators and depending on the machine learning problem you want to solve
expand either Classification or Object Detection. Select Camera, browse the available projects, and
choose the Rock Paper Scissors Studio Accelerator as your starting point by clicking on it.

. Studio Accelerators & Project Templates
To create your project, choose either an empty template for a custom application,
or choose a DEEPCRAFT™ Studio Accelerator, which contains datasets, preprok
maodel architecture and instructions for simplified Edge Al model development.

~ B3 Classification c‘ Termite Detection
ES IMU & Vibratior ..\ Project to build a model that detects termites in an image.
5 Microphone Rock Paper Scissors Detection
5 Capacitive & Inc ‘k Project to build a model that recognizes hand gestures (Rock, Paper or Scissors) in an image.
= Electrical Si . -
S Electrical Signal C‘ Presence Detection Vision
v [E3 Object Detection \K Project to build a model that detects human presence in an image.

e Road Users Detection

5 TOF Camera ‘\ Project to build a model that detects people, trains, cars, b bicycles, motorbikes in an image.

v 5 Regression

New Project Name RockPaperScissorsDetection

A project directory with this name will be created at
Location CA\Users\Wirkes!
Download Project Data + (Download additional 177.9 MB of data)

Create ModusToolbox Project (Launches MTB Project Creator)
Total download will be 184.1 MB

0K  Cancel

3. In New Project Name, edit the project name, if needed. By default, the default project name is
displayed.

4. In Location, specify the location where you want to create the workspace and the project directory.

5. Select Download project data checkbox to download the project data to the workspace selected
earlier. Leave Create ModusToolbox™ Project unticked. This will be done later separately.

6. Click OK to download the data and create the Studio Accelerator project.

7. The RockPaperScissorsDetection project folder will appear in the Solution Explorer tab of
DEEPCRAFT™ Studio.

8. Double click on the RockPaperScissorsDetection.improj file to open the DEEPCRAFT™ Studio
project.
The main DEEPCRAFT™ Studio Project window will open.

(Optional) Add new labels to existing data

The data collected in Exercise 3.2 can be added by following the steps in section 3.4. However, if you wish to
modify the existing data in the Studio Accelerator, this can be done in a similar manner as exercise 3.2. Instead
of a node, use the Predefined Labels section in order to add more labels, before opening the images in the
.improj file.
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13 RockPaperScissorsDetectionimproj* = X L7 Welcome

@ Data This is an object detection project @

Add data to your project here. Right click a session to view its contents.
. If you make changes to the contents of one or more sessions, click "Rescan Data”.
Training

Display Unit Label Count @ Predefined Labels
@ Settings D ot Label Name

Sassors % 60 % [956! (318)

Paper . 60% (393) (183)

Rock 3 60% (579) 0% (192) 20% (192)

Total Annotated - 60 % ( 20‘?:3 (695) % (697)

Unlabeled & 5) 20% (129)

Total Data 60% (2476) 20% (824) 20% (825)

+

T el L =) L Y
v o e label v image [640,480,3] 00:00
v i+ label ¥ image v [640,480,3] 00:00

3.4 - Exercise 4: Adding Data to the Rock, Paper, Scissors Detection Project

Similarly to exercise 2, this exercise will guide you through the process of adding the data you collected to the
RockPaperScissorsDetection project data.

Step 1: Adding data to the project
To add the data to a project, follow the steps:

1. Navigate to Workspace and expand the project directory in which you want to add the data.
2. Open the RockPaperScissorsDetection project file (*.improj) present in the project directory.

Active Team: lukas.wirkestra

9 RockPaperScissorsDetectionimproj & X

8 Data This is an object detection project®
Add data to you: ere. Right click a ses
> [ StudioProjects - If you make char e contents of one or more ick *Rescan Dota”.
@ Training

Display Unit Label Count © Predefined Labels
@ Settings " Tot }

Scissors (0 20% 20% (319

Paper . 60 % 2 (186)

Rock 3 60% (5 (192)

Total Annotated 0% [© 6 ) 2 (697)

Unlabeled 0 % | 3 29) 2 (128)

Total Data

Add Data. Merge Data. Edit Tracks. Redistribute Sets. RescanData  Clear Al Export database

in Data tab to
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3. Inthe Data tab, click the Add Data button at the bottom of the project file. The Add Data window
appears.

4. Click the central area and navigate to the folder containing your data, if you followed the process it
should be the DataCollectionObjectDetection folder. Click on OK.

Select Folder

5. The Data Import window will open and parse your images and labels. If you are adding data not
collected from DEEPCRAFT™ Studio it supports the YOLO, COCO, PascalVOC and LabelXml
formats. Click Next.

6. If the files are already on your computer, you will get a pop-up asking if you wish to copy the data or
move it. Select ‘Copy Data’.

No data conversion needed.

The source data is already in the correct format for this project.
Would you like to:

» Move data (recommended - saves disk space)

= Copy data (keeps original files)

Note: Moving will delete the oniginal files after successful import.

Move Data CopyData  Cancel

7. A check of duplicate sessions is performed, click ‘Next'.
8. Choose not to replace sessions with identical names. Now your collected data is added to the project.

D DEEPCRAFT™ Studio

There are 3205 session(s) with the same name in the database already
Do you want to replace the current sessions with the new sessions with the same name?

Replace Don't Replace  Cancel
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Step 2: Distributing data in training/testing/validation sets

Redistribute sets as in section 2.5. Note that data files of images are displayed identically to time series data in
the *.improj Data tab. Double-clicking on any existing image will open a Sessions tab to view them.

3.5 - Exercise 5: Defining the Model
(Solved exercise)

Firstly, as opposed to Chapter 2 there is no preprocessing necessary for images. Instead there will be data
augmentation which will be described in the next Exercise. Navigate to the Training tab of the .improj file.

3 RockPaperScissorsDetectionimproj* + X |_—j Welcome

& = YOLO Model

@ Utilize the YOLO model to train your data, and refer to the editable properties listed below to optimize performance. For further
Training

details on the functioning of the YOLO model, please review our

@ Model Name ize320-batch64-epoch200 @ Parameter Count 1767509
{ b Settings
‘R 9 @ Version yolov5 @ Epochs 200

@ Batch Size @ Image Size 320 v

Here you select the parameters and hyperparameters of the YOLO model. The most important aspect to keep in
mind is the version and image size selected. Newer versions of YOLO require more memory, as do models on
larger image sizes. Epochs and Batch Size are the same as in Exercise 2.

Note: You do not have to worry about the size of the images in your dataset, these will automatically be
resized and still used in training your model.

For the PSOC™ Edge E84 Al Evaluation Kit, a limit of 320x320 image size is what fits inside the internal
memory of the board when using yolov5n legacy. As such, this is the default expectation that will be used later,
and what this exercise will use. An adaptive warning will appear when the settings are too large to deploy in the
internal memory.

YOLO Model

Utilize the YOLO model to train your data, and refer to the editable properties listed below to optimize performance. For further
details on the functioning of the YOLO model, please review our

© Model Name yolovBn-size320-batch64-epoch200 & Parameter Count 3018443

@ Version yolovln v @ Epochs 200

@ Baich Size @ Image Size

Keep the settings as-is, using yolovbn-legacy and an image size of 320.
We will cover Data Augmentation in Section 3.6. For now, open the Advanced Options:
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2. Advanced Options
Training
@ Optimizer @ Patience
@ Leaming Rate @ Confidence Threshold

@ Initial © \alidation 0.001
@ Final
€ Momentum

Evaluation

© Weight Decay 0.0005 @ Confidence Threshold

€ lou Threshold 0.7 & Prediction
@ Image Weights
Bring your own model

© Model Mode Evaluation

In the Advanced Options, the following can be configured:

e Optimizers are the algorithms that the training loop utilizes to adjust the model's parameters every
epoch in order to minimize the loss function. YOLO'’s loss function is a complex composite loss function,
that you can read more about here. If you select ‘Auto’ the training algorithm will automatically optimize
and select an optimizer.

e Patience is the number of epochs the model will continue training after no improvement is measured.

e Learning Rate is a measure of how much the model updates it's parameters every iteration, moving
towards the minimum of the loss function. In Object Detection and Image Classification a Learning Rate
is commonly increased every epoch in order to provide the training a way to get out of local minimums
of the loss function or escape saddle points. The Initial and Final values of the learning rate allow
increasing, or decreasing Learning Rates over time. Different optimizers have different recommended
Learning Rates, SGD has 0.01 and ADAM has 0.001. If you select Auto as the Optimizer, Learning
Rate is chosen automatically upon starting training.

e Momentum incorporates a “velocity” to the training, meaning that results of past epochs are used in
later ones. As a result, the training is smoother with less drastic changes based on outliers.

e Confidence Threshold sets the limit of how much confidence the YOLO model needs to create a
classification. This default value of 0.001 for validation and 0.25 for predictions is very low due to the
way YOLO models work; they create a large abundance of bounding boxes which are then intended to
be filtered.

e Weight Decay is a method to reduce overfitting to the data. It introduces a variable penalty to weights
that are large. Larger weight decays encourage simpler models.

e 10U Threshold is an Intersection-over-union threshold that determines how many overlapping
bounding boxes are combined together. Consider two different use-cases: detection of people in a
crowd and detecting cars on a road. The bounding boxes around the people in the crowd should be
overlapping and clustered, so we want to use a lower IOU Threshold compared to the cars. Selecting a
higher IOU threshold merges more overlapping boxes into singular detections.

e Model Mode selects how you wish to train the YOLO model. Selecting ‘Evaluation’ utilizes the YOLO
model’s weights as initial values, and then retrains all of them with the uploaded data. ‘Fine Tuning’
freezes a variable number of layers, meaning they will be identical to the YOLO model. By default ‘Fine
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Tuning’ freezes the backbone of the YOLO model, which consists of the first 10 layers, including the
initial convolutions and the ‘feature pyramid’. More details can be found in Ultralytics’ documention.
Finally, ‘Evaluation’ doesn’t retrain the model at all, but it does adapt the model head to function with the
defined classes in your project.

For this exercise, keep all default values.

3.6 - Exercise 6: Selecting Data Augmentation
(Solved exercise)

In the Augmentation Settings tab you can adjust parameters in order to bolster the dataset with augmentations.
The reason this is done is twofold; it increases the amount of data that is used to train the model, and it makes
the model significantly more robust to various situations and noise. For example, a model trained on images of
telephones held in hands might fail when applied on someone holding a phone horizontally whilst taking an
image. Applying ‘Degrees’ data augmentation would take the existing vertical images and also add images into
the dataset that have been rotated a random number of degrees within the range specified, and the resulting
model is likely to perform better on images of horizontally held phones. The data augmentations can also be
useful to train models to perform better on noisy images and differently configured cameras by varying the
saturation, hues and values of the training data.

A detailed explanation of all the Augmentation Settings below can be found in Ultralytics’ documentation. Spend
a couple minutes looking through those.

¥ Augmentation Settings
@ Degrees © Translate
@ Scale .5 @ Shear
@ Flip left right ! © Flip up down
@ Perspective @ Miup

© Mosaic @ Bgr

@ Copy paste @ Copy paste mode

© Hsv hue 0.015 © Hsv saturation

© Hsvvalue 04

Once again, keep the values as the default for this exercise.
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3.7 - Exercise 7: Training the Model and Evaluating the Test Results

This exercise is also similar to Chapter 2, but has some minor differences. The training backend uses the YOLO
training loop, but from the development perspective not much changes.

Step 1: Starting and Tracking Training Jobs

To start the training job, follow the steps below:
1. Click Start New Training Job. The New Training Job window appears.

@ New Training Job

! 9 Send training job to Cloud

@ Job Name RockPaperScissorsDetection

© Description

@ Team ukas.wirkes d@infineon.com

@ UseGPU

0 Available Compute Minutes
Advanced Settings

OK  Cancel

In Job Name and Description, enter the name of the job and a description, respectively.

In Use GPU, enable the GPU powered training.

In Available Compute Minutes, your total compute minutes available are displayed.

Click OK to begin the training. After data is uploaded, a popup window appears indicating that the job
has been started.

ok wN

Open job

Job RockPaperScissorsDetection started
Do you want to open job?

Open Cancel
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6. Click Open to view the training progresses in a new tab.

RockPaperScissorsDetection = X @ RockPaperScissorsDetection.improj

,D Job RockPaperScissorsDetection

Job started

Job will expire and be deleted in 14d Oh 59m 55s Extend time

Message Parameters

yolov5n-legacy-size320-batch64-epoch200 5.« In Progress Epoch 6/200 1767976

Training Statistics  Validation Statistics  Test Statistics Loss Plot Accuracy Plot Job Details Job Logs

Loss

Box Loss Classification Loss

Distribution Focal Loss Validation Box Loss
— Validation Distribution Focal Loss

Validation Classification Loss

Zoom In X Zoom Out X ZoomInY Zoom Out Y Reset

You can now wait for your models to finish training. Be aware that this will take upwards of an hour.

Once the model training is completed, the statistics can be viewed to gauge model performance. Since
accuracy is not a great measurement of performance for Object Detection models, it's recommended to use the
mAP50-95 (mean Average Precision) which checks how much of a bounding box overlaps with the ground truth.
mAP50 requires half the bounding boxes to overlap whilst mAP95 requires 95% of it. These metrics are saved

under the downloaded ‘Advanced’ folder and can also be viewed for 2 weeks in the cloud job, accessed at
“Imagimob Cloud” in the top right.

Training Statistics  Validation Statistics Test Statistics  Loss Plot  Accuracy Plot  Job Details  Job Logs

Confusion Matrix Mean Average Precision  Statistics

50 AP 50-95 Accuracy F1 Score E;:':ui:? matrix legend S
96.24 % || 66.55% | 9136 % 91.84 % oo Bad

b

*Colors based on predictions per row

Display Unit  Normalize
Expected

unlabeled Paper Rock Scissors

-~ =

unlabeled | 0.00 % J 4.30 % 6.77 % 2.19%

Paper 42.86 % l 94.09 % 1.56 % 2.19%

Predicted

Rock 19.05 % 0.54 % | 91.67 % 0.00 %
Scissors 38.10% 1.08 % 0.00 % 95.61 %

Total 10000% 100.00% 100.00%  100.00 %




Step 2: Downloading Model Files

After the model is trained in the Infineon Cloud, the next step is to download the trained model files. This is also
similar to Chapter 2, but the types of model files downloaded are different.

To download the model files, follow these steps:

1. Scroll right to the Download column and click the download icon to download the model files.

2. The Download model files window appears with the option to download:

e /Advanced/ which contains train/test/validation result metrics and a pytorch file version

e Predictions using the trained model on all uploaded data
¢ Int8.tflite which is the quantized int8x8 model file in tensorflow light format
Select the all the files and click Download.

Note: Newer YOLO versions contain additional files, such as the model in .onnx and float32 format.
3. Save the model in the “Models” folder of the DEEPCRAFT™ Studio RockPaperScissorsDetection

folder.

/& Select which model files to download.

Depending on your project type your model folder will contain different file types.
"*.h5' is the standard model format supported by DEEPCRAFT™ Studio and the Tensorflow/Keras.
Predictions' folder contains all evaluation results for the model.

v yolov5n-legacy-size320-batch64-epoch200/Advanced/

v yolovSn-legacy-size320-batch64-epoch200/license.md

v yolov5n-legacy-size320-batch64-epoch200/yolov5n-legacy-size320-batch64-epoch200_int8.tiite

v Predictions

Select All  Select None

Step 3: Importing predictions into your project

DEEPCRAFT™ Studio allows a side-by-side view of the performance of a model on images by merging the

Download Cancel

model predictions as tracks into the sessions containing the original data.

To import predictions, follow these steps:

1. Navigate to the project directory and open the project (.improj) file.

2. Inthe Data tab, click the Merge button and browse to select the Predictions folder which is inside the

model folder you downloaded before.

D RockPaperScissorsDetectionimproj* # X kPaperScissorsDetection

8 Data This is an object detection project @

Add data to your project here. Right click a session to view its contents.
. If you make changes to the contents of one or more sessions, click "Rescan Data".
Training

Display Unit Label Count

@ Settings .. It

Scissors 0% (0)
Paper 0% (0)
Rock 0% (4)
Total Annotated - 0% (4
Unlabeled 0% (0)

Total Data 0% 4

¥
-

Images_0_2025-08-28-...

Images_|

Images_|

Images_100_2
Images_100_2025-0:
Images_100_2025

Imanac 107 INDE.NA.

60 %
60 %
60 %
60 %
60 %

60 %

- Train
- Train
- Validation
- Train
Images_101_2025-08-...

Train

Add Data... Merge Data... Edit Tracks...

(956)
(555)
(579)
2090)
(386)

(2476)

r CCCcCccccCcccc

LBBDBBBDDBBBDBQD

NSES

Redistribute Sets...

L EE R REREY |-

label
label
label
label
label
label
label
label
label
label
label
label
label
label

Rescan Data

est (20 %)
20% (319)
209;; (186)
0% (192)
20% (697)
0% (128)

% (825)

image
image
image
image
image
image
image
image
image
image
image
image
image

image

AR EAd < Ed Ed Ed <Ead< |

Clear All

@ Predefined Labels

(640,
[640,480,3]
[1920,1080,3]
[2560,14403]
[2560,14403]
[2560,14403]

[640,480,3]
[640,480,3]

[640,480,3]

1RAN ARN 1

I C T CC €< € C ¢ ¢S

Export database
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0 DEEPCRAFT™ Studio - Select directory to merge from X

&« v 1 > Documents > StudioProjects > RockPaperScissorsDetection > Models > yolov5n-legacy-size320-batch64-epoch200 > v Search yolovSn-legacy-size.. 0
Organize ~ New folder _ By o
> Home Name Date modified Type Size
Predictions 2026-02-26 14:41 File folder

@ OneDrive - Perscnal

yolov5n-legacy-size320-batch64-epoch200 2026-02-26 14:40 File folder

@l Desktop

f Downloads

= Documents

PN Pictures

& Videos
StudioProjects
PythonCode
DataCollection

Deployment_Firmware

~ [l This PC

A5 Windows (C:)
3 Network

Folder: Predictions

Select Folder Cancel

3. Select the Nested structure radio button and click Next. Predictions from the selected folder will be
merged as tracks into the corresponding local sessions.

Currently two folder structures are supported: flat or nested.

Select folder structre
In order to correctly import your data, we need to know the structure of the selected folder.

Nested structure @

Flat structure

Example of nested structure

Note: .csv files will be treated as data files. If some csv files in the directory represents labels, please change the extension of these to .label

Back  Next Cancel

4. In the next window, select or deselect what you want to import and click OK to complete the merge.
Take care to check that the column related to your new model is completely selected. This may take a
little while to process.

5. You can now visualize the bounding boxes generated by your model side-by-side with the labels for

every image in the project. Click the Eye icon in the label or model-predictions buttons to hide either
the original or the predicted label to evaluate properly. This allows for easy comparison to determine if
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there are any discrepancies between the label and predictions. If so, the data can be looked at to see if
there are anomalies or if the label is possibly incorrect.

Note: Don’t use images in the training set to gauge model performance, as that introduces bias.

Sessions (RockPuperS..ssonsDetection) & X B RoxkPaperSssonsDetectonimproy

3.8 - Exercise 8: Evaluating the Model in Real-Time

DEEPCRAFT™ Studio provides the following ways to evaluate the Object Detection model:
e Evaluating the model using statistics and metrics
e Evaluating the model Predictions with Original Data
e Evaluating the model using Graph UX in real time

The first two points were shown in Exercise 3.7, with the metrics of the model displayed after the training
completes and accessible via the Imagimob Cloud or downloaded Advanced folder. The downloaded
Predictions are used to view the performance on the uploaded data. However, that leaves the last and most
important way to evaluate models: on unseen data in real-time. This is possible with any classes; however, it is
obviously a requirement for the objects in question to be at hand. Luckily this use case very much is.

Step 1: Creating and understanding the evaluation project

Navigate to the downloaded fflite file in the Solution Explorer and double click it. This will automatically
generate a Graph UX project (.improj) in the same directory which can be utilized for evaluation and code
generation.

[ RockPaperScissorsDetection
> P Data
v [ Models
> [ model
v [ yolovsn-legacy-size320-batch64-epoch200
> B Predictions
[ yolovin-legacy-size320-batchf4-epoch200
> [ Advanced
. license
B yolovsn-legacy-size320-batch64-epoch200_int8.Hlite
> [ yolovBn-size192-batch64-epoch200
> BB yolovBn-size192-batchb4-epoch200
. metadata 53
B reaDME

¥ RockPaperScissorsDetection



yolov5n-legacy-size3...00_int8.imunit* += X

o1 Local Camera Video [6)
19 yideo Track
Rt | Code Gen Entry
Quality | | Code Gen Entry
O Persist

[320 [E203203)

o1 -
1o Local Camera 6] gé Image Resize gé Cast 0]

Output Samples [720,1280:3] 30 Hz (u8) Input Qutput Input Output

Resoluti OHz (OF Target Height 320 Or Output Type Si
Output Format Or Target Widtl
O Output Type Or Inte

(OF Float Conversio

o yolov5n-legacy-size320-batché4-epoch200_int8 TFLite Model ® - o)

e i Dequantize i
TFite Model e 91 Bounding Box Track (D)

Input Output [6200:8] 30 Hz (D8 Scale=0.013578546 Offset=-128) Input Output

File 5 Or Output Type Intd TE

OF Arena s =t

[6300.8] 30 Hz (s8)
9% Bounding Box Filter @ o1 Int8 to Float32
Cast
o Input Output [7.51 30 Hz (s8) T Code Gen Exit
(OF Max detections
Threshold
10U Threshold

Or Output Type

(OF Float Conversion Mode

The Model Evaluation Object Detection Graph begins with the Local Camera Node, which streams live video
data at the resolution, channel settings and output type specified in the node. For instance, the output shape
from the Local Camera Node is [720,1280,3]30 Hz (u8), where 720x1280 represents the video frame
dimensions, 3 indicates the RGB color channels, 15 is the frame rate and u8 is the output type in unsigned
Integer-8 format. The output from the local camera is input to Local camera video track node and Image
Resize node. The local camera video track node helps to visualize video data collected from the Local Camera
node.

The streaming video frames from the local camera node are then passed to the Image Resize Node. The
Image Resize node preserves the aspect ratio by scaling the image to fit within the target size and padding the
remaining space with a constant color. This approach avoids cropping, stretching, and blurring, which helps the
model predict more accurately and consistently. By default, the Image Resize node applies letterbox padding to
reach the target input size expected by the model. You can configure the interpolation mode to bilinear or
nearest-neighbor, depending on your performance and quality requirements. For YOLO models, use letterbox
because it mirrors the preprocessing typically used during training and aligns with the vision code example,
thereby improving inference reliability.

Correct resizing is critical for optimal performance; improper resizing can degrade accuracy, stability, and overall
model reliability. In this example graph, the model was trained on images of size 320x320, so the Image

Resize Node is set to resize frames to 320x320 automatically. If you are unsure of the expected image size, you
can check it on Netron. By default, the settings for the Image Resize node are defined. The local camera video
track node helps to visualize video data collected from the Image resize node. By default, the settings for the
local camera node are defined. Cick the node if you want to view or edit the settings in the Properties window
accordingly.

The light-blue nodes ‘Code Gen Entry’ and ‘Code Gen Exit’ do not perform any operations, they are instead
used to indicate where the generated embedded code in Exercise 9 will be. Multiple entry and exit nodes can be
placed, which will result in multiple inputs and outputs to the generated code. The reason they are placed where
they are is to align with the default settings of the Code Examples which are used to deploy the embedded code
in Exercise 9. The code example has it's own resizing code already and therefore we don’t need to include it.

Once resized, the image frames with an input shape of [320,320,3]@15 (u8) are fed to the Cast Node, which
converts tensor elements from one type to another. The camera provides unsigned 8-bit values in the range 0—
255, while the model in the graph expects signed 8-bit values in the range -128 to 127. To preserve the full
dynamic range during integer-to-integer conversion, we apply full-range linear mapping so that 0 maps to —128
and 255 maps to 127. This approach avoids clipping or saturation, maintains the original contrast and detail,
and ensures the model receives data in the format it was trained to consume. This conversion stage
standardizes the input values to the model’'s expected signed domain, improving numerical consistency across
inferences. By using full-range mapping, we retain sensitivity to both dark and bright regions, which supports
stable predictions.

The output from the cast node is fed into the model, which detects the classes or objects it was trained on. In
this case, the model detects hand gestures such as Rock, Paper and Scissors. The output shape of the model
is [6300,8] 30 Hz (D8 scale and offset), where 8 represents the sum of three classes (Rock, Paper, Scissors),
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four bounding box coordinates, and one Detected Flag option, to detect the validity of each prediction (1 for a
valid detection; 0 for padding) and 6300 represents the prediction results and D8 contains the information about
the scale and offset to convert the quantized values to float 32.

The output from the model is fed to the Dequantize node, which converts quantized integers to floating-point
values. This conversion provides a more interpretable data type than quantized integers.

This output shape from the Dequantize node becomes the input for the Bounding Box Filter Node.

The Bounding Box Filter Node applies Non-Max Suppression (NMS), a post-processing technique used in
object detection algorithms. NMS eliminates redundant overlapping bounding boxes by filtering out those with
low confidence scores and selecting only the most confident ones. It sorts the remaining bounding boxes by
their confidence scores and iteratively suppresses boxes that overlap significantly with the highest-scoring box.

The output from the Bounding Box Filter Node is then fed to the Bounding Box Track Node, which displays
the bounding boxes. The input shape for this node should be [Confidence, Detection], where Confidence
includes (Center X, Center Y, Width, Height, ClassN...). These bounding boxes are finally displayed on

the Video Track Node on the timeline, allowing you to visualize the model in action with live streaming video
data and bounding boxes drawn on the detected objects.

Step 2: Running the graph and evaluating the model

Run the graph by hitting the play button at the top. Wait for the timeline to generate.

yolovin-legacy-size3..00_int8.imunit* += X

(E:::\era Video o)

Cpi | Code Gen Entry
Quality &) Coie Gen Entry
Or Persist

oL -
92 local Camera @ 9% Image Resize

Qutput Samples [720,12803] 30 Hz {u8) Input

(0" Resalution z OF Target Height 320 OF Output Typ
O Output Format O Target Width 32
O Output Type O Interpol

[

OF Float Conw

oL yolov5n-legacy-size320-batch64-epoch200_int8 TFLite Model ®

] it 93 Deguantize -
TFlite Model L 9 Bounding Box Track @

Input Output [6300,8] 30 Hz (D8 Scale=0.013578546 Offsst=-128) Input

File yo och?. O Output Type intd Input

O Arena Threshold

[6300.8] 30 Hz (:8)

9% Bounding Box Filter @ o1 Int8 to Float32 @

Cast -

Input Output 0Hz (8 = 4 | Code Gen Exit

= npt utpui [7.5] 30 Hz (s8) Inpul Dulpul [7.5130 Hz | @ | prn |
O Max detections 3 @rorm | “*) Code Gen

Threshold = )
res O* Float Conversion Mode

This compiles the timeline, and the Local Camera Video will display the captured video, which can also be
enlarged as shown below.

0:00:00.000

0:00:00.000

@ Bounding Box Track
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Press record to perform the live evaluation.

0:00:05.:66

0:00:05 366 Emmmm————"

Spend some time evaluating your model; try different values in the Display Bounding Box node like Threshold
and 10U Threshold, and regenerate the .imsession.

3.9 - Exercise 9: Deploying the Model on PSOC™ Edge

Step 1: Generating the Code

This section provides step-by-step information on generating the code for object detection models trained in
DEEPCRAFT™ Studio. After you have evaluated the performance of the model, you can convert the model into
optimized C-code that can be deployed on a PSOC™ Edge device. Graph UX facilitates code generation
between any two nodes in a graph with a simple click of a button. You can select the starting and ending nodes
in the graph to generate the corresponding C code for model deployment.

To generate the code, follow these steps:

1. Navigate to the toolbar and click the Generate Source Code button while in the Graph UX project.

O
yolov5n-legacy-size3..00_int8.imunit* = X

TCjayw1era Video o)
rack

gz |§‘ Code Gen Entry
Quality | Code Gen Entry

Ot Persist

“a ] [03;

93 Local Camera @ 93 Image Resize = 6]
Output Samples 130 Hz (u8) Input Output Output
OF Target Height 220 Output Type Sig
OF Target Width 320 Float Conversion M
Or Output Type O Interpola

o1 yolovsn-legacy-size320-batch64-epoch200_int8 TFLite Model

* ThLite Model 9 Dequantize ®

Input Output (6300:8) 30 Ha (D8 57 Input Output

File 32 och2 O Output Type It

O Aren Threshold
[6300.8] 30 Hz (s8)
[7.5]130Hz
9% Bounding Box Filter Int8 to Float32
3 Cast

Input Output Code Gen Exit

Code Gen Bxit

it oETS =)
Output Type

OF Maxdetections
Threshold

Float Conversion Mode
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2. Configure the following parameters:

de

Generate Source Code
Generate C Code for unit yolov5n-legacy-size320-batch64-epoch200_int8 in project yolov5n-legacy-size320-batch64-epoch200_int8 improjv

Quantization is not supported
Code gen for PSOC currently does not support quantization and is only supported with _tflite
models. For .h5 models use the Classic UX workflow instead.

What will be generated

Inputs
datain: uint8_t [326,328,3]

Outputs
dataout: float [7,5]

© Generated APl Function API

int IMAI_init(void);
int IMAI_compute(const uint8_t *datain, float *dataout);

C Output
@ Architecture Infineon PSOC
@ Target device PSOC Edge M55/US5
@ Skip cleanup
@ Ethos-U Tensor Allocator  Hill Climb

@ Ethos-U System Config ~ SOCMEM 300MHz
@ Ethos-U Optimize Performance
@ Ethos-U Memory Mode  Shared Sram
@ Arena Cache Strategy Max (default)
@ Force Python Backend
@ Output Name model
@ output Directory CodeGerJ
@ CPrefix IMAI
@ Timestamps API Keep track of timestamps. Extend AP| with time_in and time_out parameters.

@ cmsis-psp + Enable CMSIS-DSP Hardware Acceleration

OK  Cancel

¢ In Architecture, select Infineon PSOC as the architecture type.
¢ In Target Device, select PSOC Edge M55/U55, as that is required to run the Object Detection model.

What Generate Source Code does is generate the C code for the entire pipeline between the ‘Code Gen Entry’
and ‘Code Gen Exit’ nodes. This approach is not only applicable for computer vision but also works for
generating C code for a generic Graph UX project. The Generated API

Note: Before generating code for PSOC™ targets, ensure that your model only uses the layers and operators
listed as supported in the Supported layers and operators for PSOC Targets table. If your model contains any
layers or operators that are not supported, select the ANSI C99 architecture type. For instructions on generating
code using the ANSI C99 architecture, refer to Code Generation for Other Development Boards.

e Select the Skip Cleanup checkbox to not delete the temporary files created during code generation. If
necessary, you can delete these files manually at a later time. When this checkbox is disabled, the
temporary files are deleted automatically.
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Advanced optimization for PSOC™ Edge M55+U55

The following optimization settings are part of the Vela compiler and generate optimizations for code targeting
the Ethos-U55 NPU. These options reduce scratch memory usage with minimal to no impact on model

accuracy.

C Output

@ Architecture

Infineon PSOC

@ Target device PSOC Edge M55/U55

© Skip cleanup

€ Ethos-U Tensor Allocator Hill Climb

© Ethos-U System Config  SOCMEM 300MHz

© Ethos-U Optimize

Performance

© Ethos-U Memory Mode  Shared Sram

© Arena Cache Strategy Max (default)

© Force Python Backend

Parameters

Description

Ethos-U Tensor Allocator

Select Linear Alloc, Greedy or Hill Climb to specify the algorithm for allocating
non-constant tensors on the NPU and CPU. By default, Hill Climb is selected.

Ethos-U System Config

Select SOCMEM 300MHz or SOCMEM 200MHz as the system configuration of
the Ethos-U NPU. Refer to Silicon documentation to know more.

Ethos-U Optimize

Select the optimization strategy based on Size or Performance. The Size
strategy ensures minimal RAM usage by avoiding the use of the arena cache
memory area size whereas the Performance strategy prioritizes maximal
performance by utilizing the specified arena cache memory area size. By
default, Performance strategy is selected.

Ethos-U Memory Mode

Select Shared SRAM or SRAM Only as the memory mode. Shared SRAM is
shared between Ethos-U and Cortex-M software, whereas SRAM Only is
dedicated to Ethos-U. The non-SRAM memory is read-only. By default, Shared
SRAM is selected.

Arena Cache Strategy

Select the strategy to be used for determining how much arena cache is
allocated for communication between the M55 and U55. Min results in the
minimum memory required for the model. Max results in the maximum memory
allowed by the target. Custom allows you to enter an exact specified value. Note
that the arena cache is not the same as tensor arena. Tensor arena is the total
memory needed by the model, not just the M55 -> U55 communication.

Force Python Backend

Changes the backend to the deprecated Vela Python API which was used in
older versions of DEEPCRAFT Studio. Activating this also reveals two new
options for that APIl: Max Block Dependency and Recursion Limit.
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Max Block Dependency Set the maximum value that can be used for the block dependency delay
(Force Python Backend) between NPU kernel operations. A lower value may result in longer execution
time. You may set: 0, 1, 2 or 3 as the value for NPU block dependency. By
default, the value of block dependency is set as 3.

Recursion Limit Set the Python internal limit to depth of recursion. For very large networks,
increasing the recursive limit may be necessary due to the recursive graph
(Force Python Backend) traversal algorithm. If generation fails with a RecursionError, increase the limit
using this option. By default, the recursion limit is set as 1000.

¢ In Output Name, enter the name of the output files. Ensure this is ‘model’.

¢ In Output Directory, browse and select the directory where you want to save the generated code. By,
default CodeGen is selected as the default folder.

e In C Prefix, enter the prefix to be added at the beginning of the generated file names.

¢ In Timestamps API, enable the checkbox to track corresponding input time for each output prediction.
To know about the edge API, refer to Edge API.

e In CMSIS-DSP, enable the checkbox to optimize the code using the ARM CMSIS-DSP Library. The
code will be hardware accelerated using the CMSIS-DSP library for compatible nodes.

¢ Click Ok to generate the code. The code generation may take some time. The code (model.c and
model.h files) is generated in the Output Directory defined earlier.

After you have generated the code, refer to final step below to deploy the model, or Deploy Vision Model on
PSOC™ Edge boards to know the deployment steps.

Step 2: Deploying the Model using the Deploy Vision Code Example in ModusToolbox™

This section explains how to deploy code generated for vision models from DEEPCRAFT™ Studio to PSOC™
Edge using ModusToolbox™. To demonstrate the process, we use the PSOC Edge™ MCU: Machine learning
— DEEPCRAFT™ deploy vision Code Example provided in the ModusToolbox™.

Software pre-requisites:
e ModusToolbox™ Tools Package 3.6.0 or later
e ModusToolbox™ Machine Learning Pack 3.0.0 or later

ModusToolbox™ and ModusToolbox™ Machine Learning Pack can be installed through ModusToolbox ™
Setup. Download the setup application from here.

Follow the steps to deploy the model onto the board:

1. Open ModusToolbox™ > Eclipse IDE for ModusToolbox™ from the Windows Start menu. The Eclipse
IDE for ModusToolbox™ window appears.

2. Browse and select the workspace directory for your project and click Launch to open the
ModusToolbox™ workspace.

3. Select New Application from the Quick Panel or navigate to File> New> Modus Toolbox™ Application to
open the Project Creator Tool.

File |E:I'_ Mavigate Search Project Run Window
[ - - B f
l Quick ... "-Variabl... % Expres... ®s Breakp... =

Eclipse IDE for
ModusToolbox™
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4. Expand the Kit Name PSOC™ Edge BSPs from the list and select the KIT_PSE84_Al as BSP for your

board and click Next. The Select Application window appears.

E Cheoose Board Support Package (BSP) - Project Creator 2.60

Settings Help

AIROC™ Bluetooth® BSPs

AIROC™ Connectivity BSPs

PMG BSPs

PSOC™ 4 BSPs

PSOC™ 6 BSPs

PSOC™ Control BSPs

v pegCm™ Bsp
| KIT_PSE84 Al PSEB46GPS2DBZCAA LBEESHY2FY (CYWS5513IUBG)

KIT_PSE84 _EVAL_EPC2 PSEB46GPS2DBZCAA CYWS55513IUBG
KIT_PSE84_EVAL_EPC4 PSEB46GPSADBZCAA CYWS55513IUBG

Reference Design BSPs

TRAVEQ™ BSPs

~Source Templat
Enter filter text... i# Create from MPN... Browse for BSP.. o KIT PSE&4 Al
SDK: Mane ~ SDK Version: ~  The PSOC™ Edge E84 Al Kit (KIT_PSES4_Al) is
based on the PSOC™ Edge family of devices. It
Kit Name > MCU/SOC/SIP Connectivity

enables the evaluation and development of
applications for the PSOC™ Edge E84 MCL.

This evaluation kit carries a PSOC™ Edge EG4
MCU (PSES46GPS2DBZC4A), The kit also has
512-Mbit QSPI flash, 128-Mbit Octal RAM and
on-board LEEESHY2FY module with Wi-Fif
Bluetooth® connectivity.

The board features an cn-board programmer/
debugger (KitProg3), expansion IO header, R-
Pi compatible MIPI-DSI, analog and digital
microphones, USB device Type-C connector,
6-axis IMU sensor, 3-axis magnetometer,
barometric pressure sensor, humidity sensor,
radar, user LEDs, and a user button. The MCU

USB BSPs - ) -

- . power domain and peripheral power domain
Wireless Charging BSPs supports following operating voltages - 1.8V,
XMC™ BSPs 33V,

[SYSTEMT".

0 error(s), 0 warning(s)
Summary:
BSP: KIT_PSEB4_Al

Press "Next" to select application.

Next > Close

5. Expand the Machine Learning section and select PSOC Edge Machine Learning DEEPCRAFT
Deploy Vision. Press Create. This process will take a few minutes.

[ Select Application - Project Creator 2,60 = m] X
Settings Help
Application(s) Root Path:  C:/Users/WirkestrandL/mtwEdge Browse...

Target IDE: Eclipse for ModusToolbox™

Enter filter /7 Browse for Application.. T E::Z:
Template Application ~  New Application Name ~ New BSP Name
Audio
Bluetooth®
Getting Started
Graphics
~ Machine Learning
O Avnet PSOC Edge DEEPCRAFT Baby Monitor
D Avnet PSOC Edge DEEPCRAFT Mation
D Avnet PSOC Edge DEEPCRAFT Ready Models
D PSOC Edge Machine Learning DEEPCRAFT Data Collection
O PSOC Edge Machine Learning DEEPCRAFT Deploy Audic
D PSOC Edge Machine Learning DEEPCRAFT Deploy Motion
D PSOC Edge Machine Learning DEEPCRAFT Deploy Radar

=]

Edge Machine Learning DEEPCRAFT Deploy Vision ElsyM]| APP_KIT_PSE84 Al

D PSOC Edge Machine Learning DEEPCRAFT Profiler
D PSOC Edge Machine Learning Face ID Demo
D PSOC Edge Machine Learning Profiler

Peripherals

This code example demonstrates a
real-time hand gesture detection
that uses a USB camera to capture
live video and a DEEPCRAFT™ Studio
object detection model to detect
hand gestures (rock, paper, or
scissors) in the video feed using
ModusToolbox™. The detected
gestures are highlighted by drawing
a bounding baox around the gesture
and displaying the corresponding
text (rock, paper, or scissors) in a text
box on the display.

For more details, see the README on
GitHub.
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6. After the project is successfully created, navigate to proj_cm55> model directory and substitute the
provided example model.c and model.h files with the actual model.c and model.h files that you
generated for your model in DEEPCRAFT™ Studio. Either copy & paste or drag & drop.

& mtwEdge - PSOC_Edge_Machine_Leaming_DEEPCRAFT_Deploy_Vision/READMEmd - Eclipse for ModusToolbox™

File Edit Mavigste Search Project Run Window Help

= | B-&R~Bi¥ 2w PR 2R S H-Q0- @ ®S & R R ey R R |
[ Project Explorer 3 %5 Debug #1!] Registers 3, Peripherals BEEY & =B READMEmd  [#] READMEmd

> llé PSOC_Edge DEEPCRAFT Rock Paper_Scissors_Game R . L.
» 55 PSOC_Edge_Machine_Learning_DEEPCRAFT_Deploy_Motion PSOC™ Edge MCU: Machine learning —- DEEPCRAFT™ deploy vision
> |5 PSOC_Edge_Machine L earning DEEPCRAFT_Deploy_Motion_1

~ 28 PSOC_Edge_Machine_Learning_DEEPCRAFT_Deploy_Vision . ) )
This code example demonstrates a real-time hand gesture detection that uses a USB camera to capture live video and a DEEPCRA

> = bsps
> & build scissors) in the video feed using ModusToolbox™. The detected gestures are highlighted by drawing a bounding box around the ge:
» = components box on the display and on a terminal.

> [= configs

> &= docs This code example has a three-project structure: CM33 secure, CM33 non-secure, and CM55 projects. All three projects are prograr
> (= images Extended boot launches the CM33 secure project from a fixed location in the external flash, which then configures the protection set

> [ templates secure application enables CM55 CPU and launches the CM55 application

» 25 PSOC_Edge_Machine_Learning_DEEPCRAFT_Deploy_Vision.proj_cm33_ns (in proj_cm33_ns
> 15 PSOC_Edge_Machine_Learning DEEPCRAFT Deploy Vision.proj_cm33.s (in proj_cm33 )
< ( 55)
~ = PSOC_Edge_Machine_Learning_DEEPCRAFT_Deploy_Vision.proj_cm35 (in proj_cm33) Brovide feedhack on thie rode syamnle
> (= build - @ =

View this README on GitHub

& rScissorsDetection > Models »  yolovb-legacy »  yolovS-legacy > CodeGen Search CodeGen Q

) New M sort = view (B Details
e ; A Home " Date modified Type Size
N é@n;‘:em ) G < model C Source File 5313KB
7| Gallery
| & Makefile <] model C Header Source F.. 6KB
{3 project_info,json > @ OneDrive - Personal
> 4% Binaries ~
|@ common_app.mk
[ & common.mk )
LICENSE 2items e E‘ U
Mak ehide « LLVM Embedded Toolchain for Arm® v19.1.5 (LLvi_arm)
[+ README.md
7 radar_capture_deploy Notes:
s Quick Panel (= Variables 64" Expressions ®g Breakpoints = 8 = |AR is not supported by the TensorFlow Lite for Microcontrollers (TFLM) library
Ecli f + This code example fails to build in RELEASE mode with the ccc_arm toolchain v14.2.1 as it does not recognize some of tf
clipse Tor in the Arm® Compiler for Embedded (armclang)
ModusToolbox™

7. Open the source> inference_task.h file, verify and update the following, if needed:

e the number of classes defined in the NUM_CLASSES is exactly same as the classes listed in
your DEEPCRAFT™ Studio project. If the number or order of the classes differ, update the
classes in the NUM_CLASSES. To view the order of the classes for your project, open the
project file (.improj) and select the Data tab.

¢ the number of detections defined in MAX_PREDICTIONS is same as the Max
Detections parameter configured in the Bounding Box Filter node during code generation in
Graph UX. If you changed the Max Detections parameter, update
the MAX_PREDICTIONS accordingly. By default, the code example supports a maximum of
five simultaneous detections.

3 RockPaperSdssorsDetectionimproj* + X

@ Data

Display Unit Label Count © Predefined Labels

Rock
Total Annotated % (0) 88% (4610)

Unlabeled Data 0 0% (O 88 % (2475)

Total Data 0% (0) 88 % (7085)
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8. Right click the project and select Build Project or click Build Application in the Quick panel.

File Edit MNavigate Search Project Run Window Help

m g |®- | -@B IO Bi%iw] S|SB -0 Q@D - - B |
iy Project Explorer > % Debug iili Registers 2, Peripherals 5% Y 8 @ [ READMEmd [¥] README.md % = 0 ||g
B = PSOC_Edge_Machinq_Learning_DEEPCRAFl_Deplny_v;e;MI .
= ™ .
e e e » ™ Edge MCU: b

S — CRAFT™ deploy

Open in New Window

» [ configs

» &= docs Show In Alt+Shift+W >

> (& images & ModusToolbox™ >

> & t“*”“f-:"’““‘“-""r""‘ Show in Local Terminal > xample demonstrates a real-time

» (&= templates

» €5 PSOC_Edge_Machine Leaming DEEPCRAFT Deplor [ Copy CtieC :Eed\i}jeg)lgzéh:tnuégé géJASFBTEEmera

» 15 PSOC_Edge_Machine_Leaming_DEEPCRAFT_Deplo:

» =5 PSOC_Edge_Machine Learning DEEPCRAFT Dey Ie: ct detection model to detect hand

> b, ca - 9- P 98 Delete Delete  OCK, paper, or scissors) in the video

’ E__ o Source , ModusToolbox™. The detected
rchives - - - -

Y e highlighted by drawing a bounding

the gesture and displaying the

EQUI’ck Panel (x)=\Variables &7 Expressions 9 Breakpo Rename... P2 ing{htexé (r(TCk‘ paper, or scissors) in
@&, Refresh Quick Panel g Import.. e e
5 Export... xample has a three project
= PSOC Machine_L ing_DEEPCRAFT_D. Vie L
ol -Deplay Vi T I ‘M33 secure, CM33 non-secure, and
g e «cts. All three projects are v

. . Clean Project _— »

o Clean Application -
Refresh F5 e | Preview

&) ModusToolbex™ Build Configuration Guide

r A = P -

9. Connect the KitProg3 USB connector (J1) port on the PSOC™ Edge E84 Al Evaluation Kit to the PC
using the USB cable.

10. Connect the camera to the kit. If you are using a USB webcam, connect it to the J2 port of the kit using
an adapter dock. If you are using the DVP camera, connect that directly on the board.

11. Connect the Waveshare screen to the board using the MIPI-DSI cable.

12. In Quick Panel> Launches, click program. The code will deploy on the board. Ensure camera and
screen are well connected. When the deployment is finished the model results will show in real time.

I(5 Project Bxplorer 3 4§ Debug Ifif Registers 2 Peripherals B S = 8 [+ READMEmd [#) README.md x = O
~ l,-é PSOC_Edqe_Machine_Leaming_DEEPCRAFI'_Depon_Vision| -
. Ca ™ -
@ bsps PSOC™ Edge MCU: 0
» (= build _
™
R DEEPCRAFT™ deploy vision
» = configs
» (7= docs .
s This code example demonstrates a real-time hand gesture
, @ object_detection libraries detection that uses a USB camera to capture live video and a
. (= templates - DEEPCRAFT™ Studio object detection model to detect hand
, 25 PSOC_Edge_ Machine_Learning_DEEPCRAFT Deploy_Vision.proj_em33_ns (in proj_cm33_ne) gestures [rock.TEaper. or scissors) in the video feed using
=5 PSOC_Edge Machine_Leaming_DEEPCRAFT_Deploy Vision.proj_cm33_s (in pro MOduSTOOmDX : The detected gBStUreS are hlgh“ght@d DY
12€ DEAF Edrma Marhina | aamina NEEDCRAET Manlm: Wikinn meni ~aeSS fin dFaWII“IQ a boundmg box around the QESIUI'E! and dlSp|aYIF‘IQ
the cormesponding text (rock, paper, or scissors) in a text box
: Quick Pangl (x)= Variables @ Expressions ®g Breakpoints =0 on the display.
Ecli pse for This code example has a three project structure: CM33
. secure, CM33 non-secure, and CM55 projects. All three
ModusToolbox projects are programmed to the external QSPI flash and
= executed in Execute in Place (XIP) mode. Extended boot
L launches the CM33 secure project from a fixed location in the
» PSOC_Edge_Machine_Learning_DEEPCRAFT_Deploy_Vision (APP_KIT_PSE84_Al) external flash, which then configures the protection settings «
——
. = L »
Markdown Source | Preview
i PSOC_Edge_Machine_Learning DEEPCRAFT_Deploy_Vision Debug MultiCore (KitProgd_MiniProg4,
Bl Console % [£] Problems =g Progress [J Memory M Terminal
@, PSOC_Edge Machine Learning DEEPCRAFT Deploy_Vision Program Application | = ’
m— PP ——— X LGB EE - E &S B
& Generate Launches for PSOC_Edge Machine Learning DEEPCRAFT_Depk COT Build Cansole [PSOC_Edge_Machine_Learning DEEPCRAFT Deplay_Vision]
B R T U1 Burd Lonsole [F UL Tk SR UL A L R St AL )
2 Medus box™ Launch Configuration Guide : E: INFO : merge: command "merge" validation succeeded
: E : INFO : merge: command "merge" succeeded
+ Tools make[1]: Leaving directory '/fcygdrive/c/Users/sandhu/mtw/PSOC_Edge_M{
» BSP Configurators (APP_KIT_PSES4_Al) 19:57:27 Build Finished. @ errors, 1 warnings. (took 2m:22s.424ms)
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13. (Optional) Open a Serial Terminal window, connect to the PSOC™ Edge COM Port with
BaudRate=115200 and observe the output there too.

ubiieq i,
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4. Final Considerations and additional documentation

This tutorial guided you through DEEPCRAFT™ Studio’s complete machine learning workflow.
If you want to learn more, please refer to the following resources. The tutorial was based on the official
DEEPCRAFT™ Studio documentation:

DEEPCRAFT™ Studio Official Documentation:
- https://developer.imagimob.com/deepcraft-studio

Chapter 2 focused on classification tasks. If you need to implement a regression task, the same workflow
applies, but use a .data file as target instead of a .label file. Refer to the following resource to learn more about
regression in DEEPCRAFT™ Studio:

Regression Resources:
- Classification vs Regression Data: https://developer.imagimob.com/deepcraft-studio/getting-
started/machine-learning-algorithms#determining-project-type-classification-or-regression

Computer Vision Resources:

- Real-Time Image Data Collection and Labeling Using an External Camera:
https://developer.imagimob.com/deepcraft-studio/data-preparation/data-collection/collect-data-without-
kit/collect-image-data-using-graph-ux

- Supported Object Detection Dataset Formats: https://developer.imagimob.com/deepcraft-studio/data-
preparation/bring-your-data/bring-your-own-data-object-detection

- Add Object Detection Data to a Project: https://developer.imagimob.com/deepcraft-studio/data-
preparation/add-project-object-detection

- Labeling Object Detection Data: https://developer.imagimob.com/deepcraft-studio/data-
preparation/data-labeling/label-image-data

- Training Object Detection Models: https://developer.imagimob.com/deepcraft-studio/model-
training/training-object-detection

- Object Detection Model Evaluation (Real-Time): https://developer.imagimob.com/deepcraft-
studio/model-evaluation/evaluating-object-detection-model

- Code Generation for Computer Vision Models: https://developer.imagimob.com/deepcraft-studio/code-
generation/code-gen-vision-models

- Deploy Vision Models on PSOC™ Edge Boards: https://developer.imagimob.com/deepcraft-
studio/deployment/deploy-models-supported-boards/deploy-vision-model-PSOC-Edge

If you need to interface with DEEPCRAFT™ Studio via a board which is not supported (example: non-
Infineon kits, custom kits, etc.), you must implement the DEEPCRAFT™ Streaming Protocol:

Custom Board resources:

- Collect Data Using Any Development Board: https://developer.imagimob.com/deepcraft-studio/data-
preparation/data-collection/collect-data-other-boards

- DEEPCRAFT™ Streaming Protocol Implementation:

- https://developer.imagimob.com/deepcraft-studio/getting-started/tensor-streaming-protocol/registering-
sensors-using-protocolv2
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