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ﬂardware Smart Sensors Long range network Edge computing

- Collect data - - Move data - - Process data -
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Al Hardware Portfolio

L Build Apps in 1 Min with SenseCraft ] [ Cover All Computing Needs

[ Custom Model ] [ Open Source ]
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Compact HMI g m \l-% ' Compact Size
i i Microphone SBC Al N reComputer
Wio Terminal Array Add-ons Cameras Al /T\dd—or?s Industrial SBC Mint3 Speries
reSpeaker reCamera Series Hailo Al Kit recomputer
Coral TPU R Series
Screen Enhanced . Professional . Excellent Al Industrial l Al-enabled
Requirements Audio Quality Vision Capabilities Scenarios Solution Design

Integrated Al Development Kits

All-in-one Al development kits
ideal for rapid prototyping

Linux
Preference

»

XIAO ESP32S3 Sense

« Low-power MCU with moderate Al
capabilities
« loT devices, wearable technology

General-Purpose SBCs

Highly flexible, suitable for various
basic applications

Raspberry Pi
« Low to medium power consumption,
good scalability

+ Basic edge computing, smart home
control, education and learning

Local CUDA
Support

»

High-Performance Al SBCs

Suitable for complex and compute-
intensive Al tasks

&

NVIDIA Jetson

« Higher power consumption, powerful
Al and general computing capabilities

« Autonomous driving, advanced
robotics, complex computer vision

P, \_ platform / \tasks, real-time Al inference /
Enhanced Future — Real-world Maximum
Interaction '\ ' Applications ' Computing Power

Al Accelerators
Grove Vision

‘ Performance

+ Long-Range Capability
- Low-Power Consumption

LoRa Al Sensors
SenseCAP ATI01/AT102

LLM Al Agents

Watcher

Customization

Options

SenseCAP K1100

LoRa Al Sensor
Prototype

reComputer, reServer

Fanless Maximum
Industrial Al SBC Performance
y - reServer J501 Series
Industrial J Series

https://www.seeedstudio.com/catalog.html

Embodied Intelligence Hardware Portfolio

The Next Frontier of Al: General Robotics Is Just Around the Corner

Robot Brains

Multimodal Perception Robotics Kit

A

Manipulators

reComputer Robotics
Orin Nano Super/
Orin NX Super

LeRobot Al Arm kit
SO-ARMI01 6DoF

StarAl Teleoperation
Arms 7DoF

reComputer Super Orin
Orin Nano/ Orin NX

>
up to 2070 TOPS o .
L1 ‘ L
reComputer Robotics o reBot Arm B601 Series Reachy Mini
J5012 reComputerMini-J50] for High-Precision Companion Robot
Other Agents More Open-source project Kit.
- o Ky J




The new maglc sauce

Hardware Level

~

...0utput Devices .

Visuval _

~ display, LED, warning

S e W s ) o s of =S

: ) Audio
speakers, buzzers

( Input Devices | | Processing Units \
© & + — cruf 5Py
camera microphone sensors

AN

: % Mechanical :
. motors, actuators, servos,

relays, switches :
4§ Data Communication

network interfaces,

5 wireless transmitters :
\ o NELELESD LLANSMITLENS )

As a library

Software Level

Datasets

4.

Algorithm

Model
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SenseCraft Al

https://sensecraft.seeed.cc/ai/

Fusing vision, audio and LLM agent capabilities, build your edge Al applications with zero coding

SenseCraft Al is a next-generation edge Al application platform. We integrate vision, audio, vibration and LLM Agent capabilities, enabling devel
rapidly build Al applications without coding; simultaneously providing users with a rich one-click deployment application marketplace. From m
to application deployment, SenseCraft Al helps you effortlessly bridge the “last mile” of Al application implementation.

Key Functions

App Square distribution
Deploy apps with one click

% Model zoo
Use pre-trained models
Build Your Own Al Solutions

5 1 Choose Capability
"I Vision / Audio / Vibration / Classic CV

6 Publish & Share
Hosting & one-click distribution

86

%

e

No-code create Al apps
Ship ideas fast with guided builder

Training models
Collect, train, version, improve

£, 2 Pick/Train Model

AL

o

Use pre-trained or train quickly

5 Deploy & Verify
Live preview, tuning, logs

Multi-modal sensing
Vision, audio, vibration in o

Live device preview
Real-time preview, tuning

3 Compose Logic
Triggers, processing, notify & control

v |

4 Hardware options
Prepare devices and finish wiring

https://sensecraft.seeed.cc/ai

Collection Data Preview

Label: Background Noise (audio collected) (20 samples)

Class1 4

25 Image samples

Class2 &

27 Image Samples

% [ I I [ {5e |

Step 2: Training Preview
Grove vison AIN2) — class1
5 . E Class 2
Training successfull Click here to use the model! (2024/9/2111:20:28(UTC+8))

Advanced v
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FEATURES

‘Murugan drew on his technical expertise.
During his Ph.D, he had worked on small,
cheap processors. Now, he realized Al mod-
els running on such small devices could help
farmers like those in his family quickly iden-
tify and treat cashew disease. “That is when
Tended up using tinyML; he says.

‘TinyML (the ML stands for machine learn-
ing) is a low-cost, low-power implementa-
tion of AI that is being increasingly adopted
in resource-poor regions, especially in the
Global South. In contrast to the large lan-
guage models (LLMs) that have dominat
the news with their versatility and uncanny

devices currently have modest, specialized
capabilities. Yet they can be transformative.

Neméngitn
looking for signs of disease themselves. And
thelr ability o target treatments to diseased
plants removes the need to indiscriminately

Basikolo says.
LLMs are fed more and more train-
ing data and parameters to fine-tune and
expand their ability to answer queries,
the models have also grown dramatically
in cost. The latest Al hard
cost about $40,000 each, and ChatGPT
alone uses tens of thousands of such chips.

Small but mi
Tiny machinelearning (tinyML) devices
are orders of magnitude cheaper and less power
ngry than the chips used torun
antificial inteligence (A1) ke lrge language models.

TinyML

Costp
(including sensors)

leave a profound environmental impact,
especially in areas where drinking water
is already scarce. “Every time that you ask
[ChatGPT] a question several liters of wa-
ter are used cooling the big machines that
are running big data centers in the cloud,”

former Google engineer Pete
A').p\()n'tl a far less resourc
proach. lh- and his colleagues
hine learning

by tweaking "the numerieal vl
nc how a model learns. They could
cut unnecessary values and also reduce the
precision of others without losing much
overall accuracy. The result: models that
could run on computer chips with limited

airbags. Wi
tinyML consuming so little power—less
than 1 milliwatt—that devices could run for

a year or more on coin-cell batteries and
spray pesticides on all the plants, which is <= virtually forever using solar power, “There's
both expensive and damaging to health and - some magic stuff that happens once you
the environmen e get below 1 milliwatt” Warden says. They
Murugan is one of many rescarchers in milliwatts haven't reached that threshold widely yet,
the (.I(»l’nl South finding uses for tinyML. but tinyML devices can run for weeks or
The devices can serve as low-cost aids for Average power consumption er device sometimes months on AA batterics
teaching Al skills, but they are also provid- The chips themselves are cheap and con
ing homegrown solutions to problems that mercially available from several different
are not being sufficiently addressed by tech LLMs manufacturers. As a result, most tinyML

UTTING

companies in the Global North, from detect- devices now cost from a few dollars t0 tens
HH ing plant diseases to tracking wildlife. About of dollars, depending on how powerful they
- 15 million tinyML devices were shipped in -— are. They often include not just the chip, but

T = 2020, and that number, according to one 120 camecss and snsors i dtact mages

= ¢ estimate, ¢ 10 2.5 billion by 2030. o N d sounds for the AI models to interpret
<2 Part of the appeal for Murugan and oth- e e e Much of the software, hardwarc, and data
- = ers is that once the Al model is traincd on sets that researchers need to get started

2 s a personal computer, it can often run for with tinyML are open source, which means

¢ B ook i Ty oime: S o por i they can freely access and modify them.

J £ ered by cveryday batterics, sipping as little TinyML models typically use less data
% & flectricity as a typical laser pointer. The than Targer varicties, ingesting thousands

ot devices don't need internct connectivi waﬁs of images or sounds instead of the millions

which can be scarce in resource-poor re. that LLMs often require. Murugan, for in-

gions of the world looking to embrace Al Average power consumption per cip stance, says he used 20,000 images of ca-

1 solutions. Despite its limited capabilities, “I shew Anthracnose disease collected from

ik [ty i tho future says Marelo | Generative A models are alzo hungry for | various public domain sources o train
3 vai, a data scientist at the Federal | power, which means more water usage | his model, although he is supplementing
Universiyof lajuba (UNTFED.I¢s fantss | and. reonhonse gas emissions. Some ss. | that data set with his own photos 10 im:

tic for developing countries” timates have ChatGPT sucking up almost | prove the model’s accuracy. Once trained,

a M 00 600 megawatt-hours of energy every day— | the model does all its computation on the

IN AL “THE TREND HAS BEEN THE BIGGER, the | more than 50 times what an average US. | device, so tinyML can provide re-

better? says Thomas Basikolo, program of- | household consi ayear. (And it took | sults within milliseconds with no need to

ficer in the Telecommunication Standard- | considerably more energy than that to ini- | o to the cloud and back. With no need to
ization Policy Department of the United | tally train ChatGPT) connect to the internet, tinyML uses less
Nations's International Telecommunica- | These models typically run remotely on | power and also tends to be a boon for pri-
tion Union. The trend has culminated | huge data centers accessed through the | vacy and security.
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ity “Ifwe make the water qualiy data acces- | tremely Timited memory and computing. | TinyML. Open Education Iniiative. Warden
ASH chip sible [to] the community, they will be able | power, which makes them more suited for | has alrcady gotten a simple LLM 1o run on
incorporating tinyML 10 understand whether the water is safe for | ighly specific tasks than as generalizable | a device tha i only Slighly more expensive
and power hungry than tinyML. devices. Ho

S them to consume;” Nordin says commercial products. A deviee could be | a an tinyMI. devices.
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actual size shown connectivity n or identifying discases of one plant spe- | these smaller, power-cfficient devices rather
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10 cach device and manually download the
data, Nordin had to improvise. He turned
10 LoRa, along range wireless transmission
protocol that uses relatively ltle power and
bandwidth compared with Wi-Fi and can
work over tens of Kilometers.
/ ’ Ol L rsarhes are ccng
the same gstem 10 send daa o yML
n- sgriculture o, farmers
o phones. Without a way to
dowload the data remotcly, “the farmer
will have to go through all these devices; it
s time consuming, and it is tedious.
James Adeola, a PhD. student in computer
science at the University of Abomey-Calavi
wha is developing tinyML. devices that
op detest discass in oton and roduce ll\c
20 0 pecide v B
= very happs

odel CO = cntedr e says.
Many artiﬁCia] inte”igence SIMPLE AS TINYML DEVICES appear, dovel-

models are power
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it requires expertise in multiple skill sets
“It's combining hardware, software, and
‘machine learning” Basikolo says. “Very few
people can do all these, so combining all
these skils also takes time”
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Things to AI, AI to things

multi-modal Stronger
imagine > 40T
Meaningful Data Speech

Sensors

Distributed G ene rative AI

Locally
deployed

Mixed Reality

multi-modal
next gen HMI

Faster
Cheaper
o S,
Embodied Al =
low po LR Specialized

Droids RAG
TinyML
: Autonomus Machines
Easier

Cheaper

Pervasive Insights






. 2022 Giant Panda National Park in Sichuan
to the real wild BTN LY §

Xiao sense S3 LoRa datalogger and enclosure
Seeed Studio XIAO ESP32S3 Sense + Outdoor enclosure
Ultra-small ESP32-S3 development board with OV2640 camera IP66, UV protection, shock proof
HIGH-PERFORMANCE + BUILT IN BATTERY
240MHz Xtensa 32-bit LX7 dual-core processor 19Ah
P 3 + LONG RANGE CONNECTIVITY
8MB PSRAM + 8MB FLASH
MULTI-FUNCTIONAL LoRaWAN for TOKM+
Microphone/SD card slot/Detachable OV2640 +VERSATILE FIXTURE
WIRELESS Install on all kinds of fixtures

2.4GHz WiFi and BLE 5
TINYML-SUPPORTED
Image Processing/Speech Recognition




Solutions by everyone

Hazard Response 9y
Mission Pack =

‘ Digital

ﬂ Powerfu
d Basymptomputer

https://pmsg.online/ Third Eye for Blind (hackster) Meshtastic based hazard response

https://github.com/Seeed-Studio/Hazard-Response-Mission-Pack
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Vibe coding for hardware

Better, Faster,
More Al Hardware
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https://huggingface.co/lerobot

https://huggingface.co/reachy-mini



agents 1n the machines?

multi-modal Stronger
imagine > 40T
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The AI hardware partner

Discord
discord.seeed.cc

Project Hub
ﬁ— hackster.io/seeed

m LinkedIn Twitter
@Seeed Studio @seeedstudio

YouTube
@Seeed Studio




