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Width of arrow denotes

AX|S OF HYPE associated hype level

ARTIFICIAL DOES NOT EXIST, AND MAY NEVER EXIST

INTELLIGENCE
MACHINE S A LOGICAL CONTRADICTION AND

LOGICALLY IMPOSSIBLE, THUS NONSENSE
%ﬁ LEARNING

G DEEP IS ALSO NOT LEARNING
% LEARNING
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1950's 1960's 1970s 1980's 1990's 2000's 2010's

Since Al has continued to not exist since it was first posited as possible, hype has become the only
means of maintaining interest and funding in Al. By creating smaller subsets of something that has
continuously failed to materialize we confuse the public and maintain our positions of influence in
academia and technology. Who knows what made up term we will think of next. My money is on
systems of intelligence although data science has gotten off to a really strong start.




Dartmouth

Conference
1956: the birth of Al

Checkels Al

1956: IBM Cheflkers Al
first demongjrated

Bernstein's

Chess Al

1958: first fully
functional chess Al
developed

Checkers Al

History of Game Al
By: Andrey Kurenkov

TD-

Gammon
1992: RL and neural
net based back-
gammon Al shown

predicted probabliity
of winning, Vv,

Kaissa

1974: first world
computer chess
champion

Mac Hack

1967: chess Al beats
person in tournament

Zobrist's Al

1968: First Go Al,
beats human amateur CN N
1989: convolutional

nets first
i demonstrated

Wins

1962: Samuel's
program wins game

against person

Backprop

1986: multi-layer
neural net approach
widely known

1993: first research
on Go with stochastic

CHINOOK | Deep Blue

1994: checkers Al
draws with world
champion

MCTS Go

2006: French
researchers advance
Go Al with MCTS

Monte
Carlo Go

search

NeuroGo

1996: ConvNet with
RL for Go, 13 kyu
(amateur)

Crazy

Stone
2008: MCTS Go Al
beats 4 dan player

ML LORo
Hislory since
1956

Zen19

2012: MCTS based Go
Al reaches 5-dan rank

DeepMind
2014: Google buys
deep-RL Al company
for S400Mil

1997: IBM chess Al
beats world champion

AlphaGo

2016: Deep
Learning+MCST Go Al
beats top human




nnnnnnnnnnnn

Deep Ieavning is a vending Fopic worldwside.

This wasn't Fhe case 1 years ago; back Fhen, nobody
was kalking about i and nobody caved.
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Figure 2: A diagram of an LSTM unit




Deep Learning Frameworks

Cafte CNTK
mxnet F Tensor theano
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. torch
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Image Recognition Cloud Vision API Compute Vision API Amazon
Rekognition
Video Recognition  Cloud Video Video Indexer Amazon
/ aWS Intelligence API Rekognition Video

Speech Recognition Cloud Speech API Speech Recognition Amazon

Azure Google Cloud API Transcribe*
Text Analysis Cloud Natural Text Analytics APl Amazon

Language API Comprehend

Language Cloud Translation  Translator Text APl Amazon Translate*
Translation API

Hmazon offers “pay as you go" ajpproach which means a user will pay only For
the ndividual services s/he uses wikhoul any long Fevm IfcenSihg.

Ficrosoft H2zure §s IBss expensive Fhan AWS and charges on a minule basss.
GLCIo oo charges on a minutle basis and there arve no up-Front cosks or
levminakion FERES.
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Deep Detect Line Notify |
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i
1. CPP objects to complete
specified tasks

2. Reusable code and run-time ready module

3. Ease of information transfer between app via JSON format

4. SDK ready for specific module development
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Mosquito Detection with Neural Networks: The
Buzz of Deep Learning

Ivan Kiskin'?, Bernardo Pérez Orozco'+?, Theo Windebank'?, Davide Zilli'+2,
Marianne Sinka*®, Kathy Willis*®>¢  and Stephen Roberts!:?

U University of Oxford, Department of Engineering, Oxford OX1 3PJ, UK,
2 {ikiskin, ber, dzilli, sjrob}@robots.ox.ac.uk,
% theo.windebank@stcatz.ox.ac. uk,
4 University of Oxford, Department of Zoology, Oxford OX2 6GG, UK,
5 {marianne.sinka, kathy.willis}@zoo.ox.ac.uk
% Royal Botanic Gardens, Kew, Richmond, Surrey, TW9 3AE, UK.

Feature Hidden
Inputs mags units Outputs
1 X Wy Ni@hy x ws Ny 2
By
Time (s) Convolution Fully
1me 8 k » k kernel Flatten connected

Fig.1: The CNN pipeline. 1.5 s wavelet spectrogram of mosquito recording is
partitioned into images with ¢ = 1 channels, of dimensions A, x w,. This serves as
input to a convolutional network with Ny, filters with kernel W, € RF*k_ Feature
maps are formed with dimensions reduced to hy x ws following convolution. These
maps are fully connected to Ny units in the dense layer, fully connected to 2
units in the output layer.

-------------
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= 3500
T 3000
= 2500
b 2000
=
g 1500 ¢
4 1000
&: 500
~ 3500 F Table 2: Summary classification metrics. The metrics are evaluated from a single
£ 3000 F run on test data, following 10-fold cross-validation of features and hyperparam-
\; 25m L eters on training dataset.
8. Q“X) X Classifier Features I, score TPR TNR ROC area PR area
3 1500 F MLP STFT 0.751 0.65 0.96 0.858 0.830
g 1000 f MLP Wavelet 0.745 0.63 0.97 0921  0.875
F: 500 CNN STFT 0.779 0.69 0.96 0.871 0.853
CNN Wavelet 0.817 0.73 0.97 0.952  0.909
: Naive Bayes STFT 0521 0.65 0.74 0.743 0.600
1 - - . Naive Bayes RFEss 0.484 051 0.83 0.732 0.414
- Txvert 1 Random Forest STFT 0.674 0.60 0.80 0.896 0.733
-§ pe Random Forest  RFEss 0.710 0.68 0.93 0.020 0.800
— —  Expert 2 SVM STFT 0.685 0.83 0.81 0.902 0.775
wm
@ Expert 3 SVM RFEss 0.745 0.73 0.93 0.928 0.831
= CNN, median filter Wavelet 0.854  0.78 0.08 0.070 0.039
&) ——  Expert 4 Expert 1 N/A 0819 0.80 0.85 0.873  0.843
0 : . . - 1 Expert 2 N/A 0856 0092 0.88 0.901 0.873
0 1 D) 3 4 Expert 3 N/A 0852 0.77 0.98 0.874 0.901
Time (s)

Fig.3: STFT (top) and wavelet (middle) representations of signal with h; =
256 frequency bins and wavelet scales respectively. Corresponding varying class
labels (bottom) as supplied by human experts. The wavelet representation shows
greater contrast in horizontal constant frequency bands that correspond to the
mosquito tone.
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Neural network
Back propagation
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Deep Learning - Basics

The Neuron

impulses carried Lo wo
*@ :synapse
toward cell body axon from a neuron
/ branches Wy
dendrites f! of axon

@ f(Zw;w, +E1j

f un T
dXon 11
_m X = ZE'U_'L'I,' | b f

aX0n -
nucleus — erminals output axon
j\\ ] activation
impulses f_':Elr'I‘IE!d E: g W T function
away from cell body -

cell body

An artificial neuron contains a nonlinear activation function and has several
Incoming and outgoing weighted connections.




Neural network
Back propagation

l Nature

1986

* Solve general learning problems
* Tied with biological system

But it is given up...

* Hard to train
* |nsufficient computational resources

* Small training sets
* Does not work well




Neural network
Back propagation

l Nature
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3

1986

« SVM
* Boosting

* Decision tree
* KNN

2006

Flat structures
Loose tie with biological systems

Specific methods for specific tasks
— Hand crafted features (GMM-HMM, SIFT, LBP, HOG)

Deep Hierarchy Flat Processing Scheme
= |9 (= § B |8 & |&
= = X =
AR EAERERE
Level 64 Level 58 ::;:;%;;;
o B(E|EB|E|2|=]E |5
Level 3
Level 2
Level 1 Some kind of Features Kruger et al. TPAMI'13
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Neural network
Back propagation

l Nature

1986 2006

Deep belief net
Science

* Unsupervised & Layer-wised pre-training

* Better designs for modeling and training
(normalization, nonlinearity, dropout)

* New development of computer architectures
— GPU
— Multi-core computer systems

* Large scale databases

Big Data!
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Neural network Deep belief net

Back propagation Science Speech IMAGENET

l Nature l Sy l L
 eee——

1986 2006 2011 2012

Description
1 U. Toronto 0.15315 Deep learning
2 U. Tokyo 0.26172 Hand-crafted
3 U. Oxford 0.26979 featu.res and
4 Xerox/INRIA  0.27058 'carning models.

Bottleneck.

Object recognition over 1,000,000 images and 1,000 categories (2 GPU)

A. Krizhevsky, L. Sutskever, and G. E. Hinton, “ImageNet Classification with Deep Convolutional Neural Networks,” NIPS, 2012.




ImageNET competition classification top-5 error (%) i“.m,'z'
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30 28.2%

Human level
performance 5.1%

e 3.6% L 390p - -

ILSVRC10  ILSVRC'1  ILSVRC'12  ILSVRC'13  ILSVRC'14  ILSVRC'15  ILSVRC'16 pe
(XRCE) (AlexNet) (ZF) (GoogLeNet)  (ResNet)  (GoogLeNet-vd) Artificial

Intelligence

MHiex Krizhevsky and 1lya
Sulskever From Fhe Uniyersiiy

of Toronlo, Data Driven

A_

Rules Based

Machine
Learning

Outperformed all previous
tvadiFional machine Ieavning
models on 1mageNer dataset

Example: Speech recognition
Few words ~ 99% accurate
Many words ~ 60% accurate

Deep Learning

by a big margin. The Not accurate enough to be

. . Approaching Human
avchitectuve s called Hiexiet commercially viable

Level Accuracy



https://papers.nips.cc/paper/4824-imagenet-classification-with-deep-convolutional-neural-networks.pdf
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Linear Combination —

prediction of class Shallow learning
(1-2 layers)

BAD: it may require
an exponential nr. of

templates!!! Input image




Composition

Deep learning

(5-20 layers)
prediction of class

high-level Neural Nets (NN) Other methods

parts Convolutional nets (images)
mid-level Recurrent nets (text, speech)

parts
low level

parts

s reuse of intermediate parts
s distributed representations

GOOD: (exponentially)
more efficient

Input Image 13




WHY IS DEEP LEARNING HOT NOW?

1 - Big Data Availability
facebook 350 millions images uploaded per day

::C 2.5 Petabytes of customer data hourly

You 100 hours of video uploaded every minute

2 - New ML Techniques

Deep Neural Networks

3 - Compute Density
GPUs
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Deep Learning for
- Object classification

- Object Detection
- Object Segmentation




1Image vecognikion and classificalion
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INPUT CONVOLUTION + RELY POOLING CONVOLUTION + RELU  POOLING FLATTEM m;'ﬂ-g“n SOFTMAX )

HIDDEN LAYERS CLASSIFICATION
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Convolution?

(-1x3)+(0x0)+(1x1)+
(-2x2)+(0x6)+(2x2)+

(-1x2)+(0x4)+(1x1) =-3
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Question : what is the difference between Convolutional Neural Networks (CNNs) and
Artificial Neural Networks (NNs)?

INPUT
1024 = 32x32

Spatial information
Is lost!

reshape to
ANN single-vector ‘ AW
—r
""‘"
‘\ //A\\ . output layer
input layer
hidden layer 1 hidden layer 2
C3 1 maps 16@10:10 .
Can learn spatial
— correlations!
CNN
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DeepTrain

¥
-
.t N |

C4

fg | loss p»error

fnrward

How does the model learn?

I l l l backward
L4 4 \ 4 v
derror derror derror derror derror derror derror derror
aw1 w2 dws dwa dws dwe aw7 awe

Avg:0.14
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What is learned feature? > Feature Map

55 o -
?
R 13 13 13

lﬁ i: +
\ -+ —
N S — e | -~ - s —
1 o U7 = 3 - =P |13 [i ~TU s 3\ -4 13 dense | dense
-~ »2, - 3 -

364 384 236

266 Max. 4
Max Max poaoling
Stride\] g¢ pooling pooling
22
of 4
3

Numerical Data-driven

3qe Supuup

2
3
£
z

Conv 1: Edge+Blob Conv 3: Texture Conv 5: Object Parts Fc8: Object Classes




SGD
Momentum
NAG

Adagrad
Adadelta
Rmsprop
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Take Pictures  Labeling
> = Deep Learning Neural Network

DATASET o

3 ‘I: ! |Training .Model -' % § é ’Blcycle

Con5|sts of layers of neuron connected via weighted edges

r~ ™

New data Prediction
Inference

! ' Model . Bicycle

= J

Runtime/production unit

Learned features




Input > L'&ﬁ »  Features > »  OQutput
Feature Engineering Classifier with
(Manual Extraction+Selection) ( a) shallow structure
Input » »  Output

Feature Learning + Classifier
(End-to-End Leaming)

(b)

Dataset preparation
J. Wang et al.




Image classiFicakion
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Deep CNNs
Mhiﬂ;‘fjbﬂ coq | | Depth based || Multi-Path based Mu‘:‘::f‘; bmi:mn Feature Map (Channel....,) Cﬁi:;:ftfﬁﬂlﬂ} Attention
CNNs CNNs CNNs CNNs Explostation based CNNs CNNs based CNNs
. . . Squeeze and Residual Attention
LeNet Highway Networks| | Highway Nets | | WideResNet Hxcitation CgaN:_:Nni i;oit{d Neural Network
Pyramidal Competitive Squeeze Convolutional Block
Alexnet ResNet ResNet Net and Excitation Attention
. . Concurrent Squeeze
ZefNet Inception-V3/V4 DenseNet Xception and Excitation
. Inception
VGG Inception-ResNet Family
GoogleNet ResNext
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Architecture

Name Year Main contribution Parameters Error Rate Depth Category Reference
LeNet - T : [dist]MNIST: 0.8 : . i
1908 - First Popular CNN architecture 0.060 M MNIST- 0.05 7 Spatial Exploitation [65]
- Deeper and wider than the LeNet
AlexNet 2012 - Uses Reln Dropout and overlap Pooling 60 M ImageNet: 16 .4 8 Spatial Exploitation [21]
- GPUs NVIDIA GTX 580
LefNet 2014 - Intermediate lavers feature visualization 60 M ImageNet: 11.7 8 Spatial Exploitation [28]
v - Homogenous topology _ . .
7 =5
VGG 2014 - Sl kernel size 138 M InageNet: 7.3 1% Spatial Exploitation [29]
. - 2015 - Split Transform Merge _ - . .
GoogleNet _ Fdroduces binck concept 4 M InageNet: 6.7 22 Spatial Exploitation [99]
- Handles the problem of a representational
botileneck ImagelNet: 3.5
Inception-V3 2015 - Beplace large size filters with small filters 236M Multi-Crop: 3.58 - Depth [100]
- Replaces the bigger filter with smaller Single-Crop: 5.6
filters
Highway - . " _ Ry
Networks 2015 - Multi-Path Idea 23M CIFAR-10: 7.76 19 Depth + Multi-Path [101]
. - - Split, Transform Merge - _
- 2 -
Inception-V4 2016 Uses asymmetric. filtes ImageNet: 4.01 Depth [100]
Inception- " - Split, Transform Merge and Residual ImageNet: 3.52 Rt
ResNet 2016 Links - Depth + Multi-Path [100]
ResNet 2016 - Residual Learning and Identity mapping 6.8M ImageNet: 3.6 152 Spatial Exploitation [31]
- based skip connection 1.7 M CIFAR-10: 6.43 110 + Depth + Multi-Path
- - Allow cross layver information nflow CIFAR-10: 3.76 P
DelugeNet 2016 Deep Networks 202 M CIFAR-100- 10.02 146 Multi-path [108]
CIFAR-10: 7.27

CTFAR-10+ 4 60
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Architecture

Name Year Main contribution Parameters Error Rate Depth Category Reference
CIFAR-10++ -
: : . 450
FractalNet w016 | D‘fﬁg P?:Eﬁ‘gﬂl? are tuteracting W ith 38.6 M CTFAR-100- 28.20 Multi-Path [113]
each other without any residual connection CIEAR-100-
22 49 40
CIFAR100++:
21.49
. . e o : CIFAR-10: 3.89 28 :
3 _Tr .
WideResNet 2016 Width is increased and depth 15 decreased 365 M CIFAR-100: 18.85 ] Width [34]
.. - Depth wise Convolution followed by pomt -0 NES -
2 i 2
Xception 2017 wise comvolution 228M ImageNet: 0.055 36 Width [114]
Residual CIFAR-10: 3.90
Artention Neural 2017 - Introduces Aftention Mechanism S6M CIFAR-100: 204 452 Attention [38]
Network ImageNet: 4.8
- Cardinality CIFAR-10: 358 *
ResNexT 2017 - Homogeneous topology 68.1 M CIFAR-100: 17.31 Spatial Exploitation [115]
- Grouped convolution ImageNet: 4.4 101
Squeeze & } ' :
Excitation 2017 Models mﬁdmdfﬂ:“ between feature 275M InmgeNet: 2.3 152 E“gﬁﬂjﬁ [116]
Networks map
15 6 M CIFAR-10+: 3..46 100
i | | 25.6 M CIFARLO0+ 190 |
DenseNet 2017 - Cross-layer information flow e 17.18 . Multi-Path [107]
153 M - 250
153 M CIFAR-10: 5.19 150
” CIFAR-100: 19.64 -
- Experimented structural diversity ImageNet:
PolvNet 2017 - Introduces Poly Inception Module 0 M Siugie: 475 - Widh [117]

- Generalizes residual vt using Polynomial

Multi-3 45
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RESEARCH ARTICLE

Application of convolutional neural networks

for classification of adult mosquitoes in the
field

Daniel Motta'®, Alex Alisson Bandeira Santos'¥, Ingrid Winkler'¥, Bruna Aparecida
Souza Machado'*®#, Daniel André Dias Imperial Pereira'®, Alexandre

Morais Cavalcanti'®, Eduardo Oyama Lins Fonseca®*, Frank Kirchner®*,

Roberto Badaro '€

1 University Center SENAI CIMATEC, National Service of Industrial Learning—SENAI, Salvador, Bahia,
Brazil, 2 Health Institute of Technologies (CIMATEC ITS), National Service of Industrial Learning—SENAI,
Salvador, Bahia, Brazil, 3 Research Centre for Artificial Intelligence, DFKI, Bremen, Germany

Citation: Motta D, Santos AAB, Winkler I, Machado
BAS, Pereira DADI, Cavalcanti AM, et al. (2019)
Application of convolutional neural networks for
classification of adult mosquitoes in the field. PLoS

Table 3. Confusion matrix showing the results of the testing phase for the LeNet neural network.

ONE 14(1): €0210829. https//doi.org/10.1371/ Class Ae. aegypti Ae. aegypti Ae. albopictus Ae. albopictus C. quinquefasciatus C. quinquefasciatus Accuracy
. ’ ’ ) ) female male female male female male (%)
journal.pone.0210829 :
Ae. aegypti female 7 1 2 4 0 0 50.00
Ae. aegypti male 5 6 3 0 0 0 42.86
Ae. albopictus female 1 2 10 0 1 0 71.43
Ae. albopictus male 2 0 0 7 3 2 50.00
C. quinquefasciatus 1 0 1 1 9 2 64.29
female
C. quinquefasciatus 2 3 2 0 2 5 35.71
male

https:/doi.org/10.1371/journal.pone.0210829 1003
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Table 4. Confusion matrix showing the results of the testing phase for the AlexNel neural network.

Class Ae. aegypti Ae. aegypti Ae. albopictus Ae. albopictus C. quinguefasciatus C. quinquefasciatus Accuracy
female male female male female male (%)
Ae. aegypti female 1 6 0 1 1 35.71
Ae. acgypti male 2 7 2 1 0 2 50.00
Ae. albopictus female 1 1 11 1 0 0 78.57
Ae. albopictus male 0 2 9 0 0 64.29
C. quinquefasciatus 2 4 0 2 6 14.29
female
C. quinquefasciatus 2 1 0 0 2 9 64.29
male
htre: lidml AareaM 0 19374 fanmal nana 4 N000 #00A
Table 5. Confusion matrix showing the results of the testing phase for the GoogLeNet neural network.
Class Ae. aegypti Ae. aegypti Ae. albopictus Ae. albopictus C. quinquefasciatus C. quinquefasciatus Accuracy
female male female male female male (%)

Ae. aegypti female 9 3 2 0 0 0 64.29

Ae. aegypti male 1 12 1 0 0 0 85.71

Ae. albopictus female 0 1 12 1 0 0 85.71

Ae. albopictus male 0 1 0 13 0 0 92.86

C. quinquefasciatus 1 1 0 0 8 4 57.14

female
C. quinquefasciatus 0 0 0 1 3 10 71.43
male

hitps://doi.org/1 0.1371/journal.pone.0210829 1005
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Table 4 Performance metrics achieved with feature extraction from optimal layers.

Models Accuracy AUC Sensitivity Specificity Fl-score MCC

AlexNet 0.944 £ 0.010 0.983 £ 0.006 0.947 £ 0.016 0.941 £ 0.025 0.944 £ 0.010 0.886 £ 0.020
VGG-16 0.959 + 0.009 0.991 + 0.004 0.949 + 0.020 0.969 £ 0.016 0.959 + 0.009 0.916 £ 0.017
ResNet-50 0.959 + 0.008 0.991 =+ 0.005 0.947 £+ 0.015 0.972 +0.010 0.959 + 0.009 0.917 = 0.017
Xception 0.915 £ 0.005 0.965 £ 0.019 0.925 £ 0.039 0.907 £ 0.120 0.918 £ 0.042 0.836 £ 0.088
DenseNet-121 0.952 £+ 0.022 0.991 £ 0.004 0.960 £ 0.009 0.944 4+ 0.048 0.953 &+ 0.020 0.902 &+ 0.041
Customized 0.927 £+ 0.026 0.978 £+ 0.012 0.905 £+ 0.074 0.951 + 0.031 0.928 + 0.041 0.884 + 0.002

Notes.
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Deep Learning for Smartphone-based Malaria
Parasite Detection in Thick Blood Smears

Feng Yang™. Mahdieh Poostchi, Hang Yu. Zhou Zhou. Kamolrat Silamut,
Jian Yu, Richard J Maude, Stefan Jaeger*. Sameer Antani

Iterative Global Minimum Preselected Customized Detected
_ parasie malaria
Screening (IGMS) candidates CNN network parasites

Fig. 2. Pipeline of the proposed system for automated parasite detection.

o0

(a) (b) (c) (d) (e)
Fig. 3. Example of WBC detection. (a) A sample slide image of a thick blood smear acquired with a smartphone. (b) Detected objects after using Otsu thresholding.
(c) Detected field of view ROI mask. (d) Detected WBCs including small areas of noise. (e) Detected WBCs after filtering noise in (&).
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Fig. 5. Parasite candidates generated by the IGMS method. (a) 20 positive patches. (b) 20 negative patches.
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- _ TABLE V. PERFORMANCE COMPARISON BETWEEN THE CUSTOMIZED CNN
B et MODEL AND DL MODELS IN THE LITERATURE ON SET A.

Currant

Networtk  CPUor GPU  Learning rate Training time Accuracy

ResNet50 CPU 0.001 47382 92.55%
VGG19 GPU 0.001 13698 91.72%
AlexNet GPU 0.001 1613 92.21%

Our CNN GPU 0.001 1487 93.46%
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YOLO V3

Image gnd
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W YOLOVS

—@- RetinaNet-50

~0 RetinaNet-101
Method mAP-50 time
(B] SSD321 454 61
[C] DSSD321 461 85
[D] R-FCN 519 85
[E] SSD513 50.4 125
[F] DSSD513 533 156

[G] FPN FRCN 89.1 172
RetinaNet-50-500 50.9 73
RetinaNet-101-500 53.1 90
RetinaNet-101-800 57.5 198

YOLOv3-320 51.5 22
48 - YOLOv3-416 55.3 29
YOLOv3-608 57.9 51

50 @ 100 150 200 250

inference time (ms)

MAP = mean Average Precision

YOLOvV3: An Incremental Improvement

Joseph Redmon, Ali Farhadi
University of Washington
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Aedes mosquito detection in its larval stage using deep neural
networks™
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Base network  ConvNets for Table 6
VGG-16 detection Comparison of related works.
Cropped) (| arge scale) Detection Segmentation +Recognition strategy Accuracy (%) TPR (%) TNR (%)
S =3 No segmentation +AlexNet DNN [13] 80.92 100.00 70.00
” St |
P f : Manual segmentation +Concurrence matrix SWM [12] 67.00 64.51 58.06
| | x § Boundmg Manual segmentation +Local Binary Pattern SVM [12] 72.00 67.74 774
! i e Manual segmentation +2D Gabor filter SVM [12] 79.00 7741 80.64
[ ! g box Manual segmentation +Dual-Source DNN [14] 9128 94.18 88.37
| 14 e 5 =3 result Automatic segmentation +Dual-Source DNN [14] 75.96 86.04 65.89
! . '-. Automatic segmentation +Shallow Network {Proposed) 88.50 87.50 §7.58
""" L J ) Automatic segmentation +Deep Slim Network (Proposed) 87.98 81.39 94.57
]mage Non-Max Automatic segmentation +Deep Robust Network (Proposed) 94.19 94,57 93,79
obtained Extra feature layers: Suppression
from ConvNets for detection
microscope with progressively smaller
scale

Fig. 9. Simplified SSD Architecture. In an SSD-DNN, several convolutional layers in a progressively reduced scale are employed to detect smaller objects in the
image. Further details can be found in [42].

Graphical representation

. " N Numerical
Bounding box information Vilias
Class ID (silk = 1 | None = null) 1]

Probability of adequate labeling 0.99
Top Y coordinate (ymin) 210

Left X coordinate (xmin) 256
Bottom Y coordinate {ymax) 282
Right X coordinate (xmax) 297

Fig. 10. Bounding box representation. The bounding box information and the numerical values are outputted from a trained SSD-DNN.
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Deep learning approach to peripheral
leukocyte recognition

Qiwei Wang', Shusheng Bi' *, Minglei Sun', Yuliang Wang', Di Wang®, Shaobao Yang®

1 School of Mechanical Engineering & Automation, Beihang University, Beijing, China, 2 Department of
Technology Research, Beijing iCELL Medical Co. Ltd., Beijing, China
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network (VGG16), where the larger size feature maps, such as Conv4_3, were used to detect small size leukocytes while the smaller size feature map to detect the
large size.




" - ..‘~\
¢ ————— - - - N,
7 : Darknet-53 without fully connected layer ) ™

’ J \
/ ' “‘
/ ’ : 1
I . 'l

; ¥
i : !
. rrmrrrerre—| M ] et
13x13x6Y
oy
d16x416x3 DBL*S
]
i
)
]
y2
i
i 26x26x69
i
]
i
i
1

= :
| :
i 1
! 1
! 1
\ ! ¥3 !
\ - I
\ I

\\ ll

o DBL*5 i,
e O 52%x52x69 _.e*

ResUnit*n

- ——

DBL DBL

-

‘-———\

[} oo

&

SEYONG THE LiAIT




Table 1. Comparison of detection results using 55D and YOLOv3 series models.

01 Joo  Joss Joss2 o654 0745 Joe63 Jos53 |09 fosao |osos |ooss |oors
YOLOV3 320x320- 0925|0961 0826 0860 o841 0955|0968 [0937 |0912 |0999 |0993
YOLOV3 608x608 |- |0919 |0962 |0814 |0864 |0829 |0961 0974 0930 |0904 0999|0987

SSD300x300 has an input size of 300x300, SSD512x512 increases it to 512x512, and YOLOv3 is the 3rd version of YOLO architecture, with the different backbone net
(YOLOv3-tiny) and different input size: 320x320, 416x416, and 608x608.

https://d oi.org/10.1371/journal .pone.0218808 1001




uuuuuuuuuuuuu

Special thank for financial supported both

IN-cash and in-kind
TO

l 4
Shng Y KMI I I. /
NSTDA NITIDULNANAIANTSUS

@SEAGATE {i‘@;‘} %
CRE
BT ©/SCG  DENSO

THAI STEEL CABLE PCL




nnnnnnnnnnnn

Being has no
value in itself, unless it
gives the customer

something of value.
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Architecture

Name Year Main contribution Parameters Error Rate Depth Category Reference
CIFAR-10++ -
: : . 450
FractalNet w016 | D‘fﬁg P?:Eﬁ‘gﬂl? are tuteracting W ith 38.6 M CTFAR-100- 28.20 Multi-Path [113]
each other without any residual connection CIEAR-100-
22 49 40
CIFAR100++:
21.49
. . e o : CIFAR-10: 3.89 28 :
3 _Tr .
WideResNet 2016 Width is increased and depth 15 decreased 365 M CIFAR-100: 18.85 ] Width [34]
.. - Depth wise Convolution followed by pomt -0 NES -
2 i 2
Xception 2017 wise comvolution 228M ImageNet: 0.055 36 Width [114]
Residual CIFAR-10: 3.90
Artention Neural 2017 - Introduces Aftention Mechanism S6M CIFAR-100: 204 452 Attention [38]
Network ImageNet: 4.8
- Cardinality CIFAR-10: 358 *
ResNexT 2017 - Homogeneous topology 68.1 M CIFAR-100: 17.31 Spatial Exploitation [115]
- Grouped convolution ImageNet: 4.4 101
Squeeze & } ' :
Excitation 2017 Models mﬁdmdfﬂ:“ between feature 275M InmgeNet: 2.3 152 E“gﬁﬂjﬁ [116]
Networks map
15 6 M CIFAR-10+: 3..46 100
i | | 25.6 M CIFARLO0+ 190 |
DenseNet 2017 - Cross-layer information flow e 17.18 . Multi-Path [107]
153 M - 250
153 M CIFAR-10: 5.19 150
” CIFAR-100: 19.64 -
- Experimented structural diversity ImageNet:
PolvNet 2017 - Introduces Poly Inception Module 0 M Siugie: 475 - Widh [117]

- Generalizes residual vt using Polynomial

Multi-3 45
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Industrial used cases
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