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Features

e A camera family that support NVIDIA® Jetson™ TX2 for Deep
Learning inference

® Support 4 type image sensors

® 4x digital 1/O, 1x com and 1x Lan

® 1x Micro SD slot for external storage

@ Support C mount Lens

Introduction
ADLINK's NEON-i is an industrial camera family that support

NVIDIA® Jetson™ TX2 and a series image sensors that provide users
the flexibility to cover many different applications.

The NEON-i series integrates the rich I/O such as 4x Digital input, 4x
Digital out, 1x communication port, 1x Lan port and 1x Type C for
display and USB in a compact chassis which is easy to install, deploy
and save the effort on cabling.
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Ordering Information

e NEON-i101B
NVIDIA® Jetson™ TX2, color, 1.2M 54fps, global shutter
e NEON-i102B
NVIDIA® Jetson™ TX2, color, 1.9M 60fps, global shutter
e NEON-i103B
NVIDIA® Jetson™ TX2, color, 2M 30fps, rolling shutter
e NEON-i104B
NVIDIA® Jetson™ TX2, color, 5M 14fps, rolling shutter
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Specifications

NEON-i1028 NEON-i103B NEON-i104B
Processor NVIDIA® Jetson™ TX2
Display output Display port from Type C, 1920x1080 @ 30fps
Ethernet 1x GbE
image Sensor resolution 1280x960 1600x1200 1520x1080 2592x1944
image Sensor size 1/3" 1/1.8" 1/3.7" 1/2.5"
gfc"gﬁgfte(”a”‘e per 54fps 60Fps 30fps 14fps
shutter Global Shutter Global Shutter Rolling Shutter Rolling Shutter
Color/Mono Color Color Color Color
Image sensor Trigger mode External trigger, software trigger, free run
Digital input 4x DI, include 1x sensor trigger
Digital Qutput 4x DO, include 1x strobe out
UART TXD,RXD,GND
Dimension 123.4x 77.57x 72.2(mm)
Power supply Either From DC Jeck: 12VDC/48W or from Type C connector: 15V/45W,9V/27W
Operating Temperature 0°Cto45°C
usB 1x USB OTG port; 1xUSB3 and 1xUSB2 from Type C connector
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PoC/Project Reference Application Extension

LGD World's 1%t display panel defect detection
systems

Werld's 15 PC HW failure prediction

DoctorSoft . . .
based on time series analysis

Smart Factory
(Machine Vision)

Collaboration with SMU CML Lab for
fundamental research m
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Al + Machine Vision
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Image Classification
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Vision Inspection: 5

File View Help

HodooAi HAIVIS
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e Localization + Classification
*  Localization: O| O] X| Of| A ZH K| 2} 1 EHTHE| = 20| bounding box X 2]
e Classification: SHE box7} O{iH S &0 S| =] =X| & &
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predict 0 predict 3

abnormal:

abnormal: 99%
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Segmentation
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Segmentation: Y& O|O|X|2] Z'4 B2 off S F2|7f of™d 2pHof| s S| =X 0=st= 7=

(a) Image classification

bottle

(c) Semantic segmentation (d) Instance segmentation
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Brain Tumor Segmentation

tlce prediction

Conventional Method
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HodooAl Transfer Learning
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Carpet data

Al Model Prediction Original input image Labeled by Person
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Super Resolution
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SR: %3]/ 4 £ (Low Resolution, LR) G428 118[ 4 & (High Resolution, HR) 2 HESI= 7| &
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Our Special Technology



Auto Machine Learning
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Auto Machine Learning
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Model, Hyperparameter

Model A

n_layers = 3
n_neurons = 512
learning_rate = 0.1

Model B

—
% z:lnagjrrgn:si 1024 —>
—

learning_rate = 0.01

Model A
n_layers = 5

@ n_neurons = 256
learning_rate = 0.1

\

Parameters
o5 Weights
*— optimization
25 Weights
*— optimization
o5 Weights
*— optimization
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Learn to learn
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Conventional Method HodooAl Transfer Learning
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