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» Microsoft®How Old Do | Look

11:19

how-old.net

& How-Old.net

HOW OLD DO | LOOK?
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Sorry if we didn't quite get the age and gender right - we are still improving this feature,
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» Microsoftd®What-Dog.net

€]

Breed identity from
a photo

What-Dog.net

Cavalier King Gentle, affectionate

Charles Spaniel c¢ompanion, energetic,
sweet-tempered

BB Microsoft
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Retrieved results
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> Ying Dai, et al., “Space Gray-Level Dependence matrix
(SGLD) of face pattern for face location”, Pattern
Recognition, Vol.29, pp. 1007-1017 (1996)
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» e T= D DFEFHED
- Eign face

- BED S EB 7 DRI EEEE
- Appearance models

Cootes et.al. University of Manchester, UK

From a training set learn model of
shape and texture variation

Shape

Texture
Shape: x=X,,,,+ Q.

Texture: g = g,,.,, + Q,C

Varying one
parameter of model:
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- Template matching
- Neuro network (associated memory model)
- Deep learning

Y. Dai, et al. Recognition of Facial Images with Low
Resolution Using a Hopfield Memory Model, Pattern
Recognition, Vol. 31, pp.159-167 (1998)
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» Ying Dai, et al. “Understanding of facial expressions by the hierarchical recognition of
genuine emotions”, International Journal of Innovative Computing, Information and
Control, Vol. T, Number 2, pp. 203-214, June 2005

» NE

Taking facial image sequences by Camera

h 4
Detecting facial expression changes and
locating face positions.

Y
Extracting facial action features by
projection histogram of optical flow

A 4
Recognizing facial expressions based on the

facial action features by associate memory
model
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» Facial action coding system((Ekman and Friesen 1978)

LEdL:

AU 1

AU 4

AU S5

Eyes, brow, and

Inner portion of

Outer portion of

Brows lowered

Upper eyelids

cheek are the brows is the brows is and drawn are raised.
relaxed. raised. raised. together
AU 6 AU 7 AU 1+2 AU 1+4 AU 445

Lower eyelids

Inner and outer

Medial portion

Brows lowered

Cheeks are
raised. are raised. portions of the of the brows is and drawn
brows are raised. | raised and pulled together and
together. upper eyelids
are raised.
AU 1+6 Al

14+2+5+6+7

Brows are pulled
together and
upward.

Brows and upper
eyelids are raised.

Inner portion of
brows and cheeks

are raised.

Lower eyelids
cheeks are
raised.

B

rows, eyelids,
and cheeks
are raised.
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» Facial action features (AFs)D iR
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Paa

Optical flow computation of

face image sequence

-,

\

Histogram computation Histogram computation
of upper face of lower face
)
Filtering ’ Filtering
Upper facerNN Lower facf‘:rNN
AFs (Uppe;“ face) AFs (lower f‘erlce)
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AFs

Combined templates of

optical flow histogram

Positive emotion

TR AVAT L

AFs

N

4 h 4

Classification of positive

emotions including surprise

Classification of negative
emotions including surprise

r

4

Understanding of emotion flow

Positive emotion group: happiness, easiness, surprise

Negative emotion group: uneasiness, disgust, suffering, surprise
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images
nature scenes Nature with man-made
man-made objects
objects
- With With : :
Wlthout . Wlth()ut Wlth Wlth
beings beings  full-face - beings  full-face
portraits beings & :
portraits
Wild Flower, Wild Without with
mountain, apimal, beings beings building, indoor with
sunset, etc.  picnic, etc. interior, humans,
Flower Amusement etc. etc.

arrangement, grounds,
etc. etc.
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» Ying Dai, “Class-based image representation for Kansei retrieval considering
semantic tolerance relation”, Journal of Japan society for fuzzy theory and
intelligent informatics, Vol. 21, No. 2, pp. 184-193 (2009).

il

Query by sample Sample Sarmple-tased

interface retrieval module
Adjustment of /
judging criteria
»| Feedback »| Threshdd

ifterface adjusting module

» {EHEA
Query by category | Category P —
* thumbnail > egory-
interface | retrieval module
Query by
objective word Perception Objective word-
" word based retrieval
interface module
Query by . —
subjective word Impression Subjective word-
» word *» based retrieval
interface / / / module
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Processing for query:

image e
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sketch A >
word
Feature
Extraction

Interpretation

Color

Texture

Shape

19



20



ComputerCH{EEZRDHER

s %F‘nﬁ TEDEZROFT, SHREGOBLLUTHSE
{

Retrieved results ( 5 best matches)
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Some image retrieval
results
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Retrieved results ( 6 best matches)
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Retrieved results
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» Yi Wang, Ying Dai, et al. “Sensitive-based
information selection for predicting individual’s
sub-health on TCM doctors’ diagnosis data’,
Journal of Japan society for fuzzy theory and

intelligent informatics, Vol. 23, No. 5, pp. 749-760
(2011)
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» ELRIT—2 D5

HSV(0.70,
0.38.064) HSV(0.56,0.35 065  HSV(042

0.30,0.71
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» Ziyi Zhu, Ying Dai, “A New CNN-Based Single-Ingredient
Classification Model and its Application in Food Image
Segmentation”, Journal of Imaging 2023, 9, 205

» Kun Fu, Ying Dai, et al. “CNN-based visible ingredients
recognition in a food image using decision making schemes”’,
Proc. of IEEE SMC 2023, pp. 2427-2432
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1 abalone
2 almond
3 apple
4 asparagus
5 avocado
6 bamboo shoot
7 banana
8 bean sprout
9 bitter melon
10 black rice
11 blueberry
12 bok choy
13 bonito
14 broad beans
15 broccoli
16 cabbage
17 carrot
18 cashews
19 cattle
20 cauliflower
21 celery stem
22 celtuce
23 cheese
24 cherry
25 chestnuts
26 chickpea

31 crab

32 cream

33 cucumber
34 daikon

35 eel

36 egg

37 eggplant
38 enoki

39 fig

40 garlic stem
41 grape

61 octopus
62 okra

63 onion
64 orange

65 other white flesl

66 oyster mushroor

67 oysters
68 papaya
69 peach
70 peanuts
71 pear

42 grape fruits 72 peas

43 green soybea 73 pecan

44 green onion 74 pepper

45 hazel nuts

75 pineapple

46 kidney bean 76 pistachio

47 kidney beans 77 pitaya

48 konpu

49 kiwi

50 lemon

51 lettuce

52 lobster

53 lotos

54 mackerels

55 mango

78 potato

79 poultry

80 pumpkin

81 pumpkin seeds
82 purple laver
83 raspberries

84 rice

85 salmon

56 mantis shrim|86 sesame seeds

27 chinese cabbag57 melon

28 chinese chieves58 millet

29 clam
30 corn

59 mushroom

87 shiitake
88 shimeiji
89 shrimp

60 meat_produc 90 snowpea

91 soybean
92 spinach
93 squids
94 strawberry
95 sunflower seed
96 sweat potato
97 seaweed
98 swine
99 tofu
100 tomato
101 tree ears
102 tuna
103 wakame
104 watermelon
105 wax gourd
106 wulnuts
107 wheat_product
108 yam
109 yogurt
110 yellow peach
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Single ingredient
classification
model

Single ingredient
classification
model

Single ingredient
classification
model

Single ingredient
classification
model

Baseline

-

Egg

Making
Decision

Egg

Making
Decision

Millet

Making

/ Decision

Making
Decision



Making decision

Sliding window

Locating

V%= D ING
HHOERN—D T

. RHBIEROERAE L =
Majority voting of averages
of class scCores

) %E&EU'Z:S%OD{E@&h\E‘I Lz Maximum voting:
Maximum voting of . g:
averages of class sCores cucumber

. LocatingiSliding Window®

AR T Aa T

Maximum voting Majority Voting: cucumber

—

Maximum voting:
cucumber



Making decision

Sliding window

7T XLO °°at'g
Hjjjn\lﬂ%h\\_jl’)\th E’: e
* TNEThOBEREES

« ScoreAtop n w,\n%%_:hjﬁ
- AROEM

Recognition result - cucumber, meat product
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ocon

Algorithm 2

Input Image

4

Algorithm 1

Algorithm 2

Algorithm 1

Algorithm 2

Carrot

Carrot, tree ear, yam

Carrot

Carrot

Tree ear

Tree ear
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» Ying Dai, “CNN-based repetitive self-revised learning for
photos’ aesthetics imbalanced classification”, Multimedia tools
and application, 10.1007/s11042-020-09426-z , 2020

» BEDZFET—2tyrOERFEE (10 727
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» CNN-based repetitive self-revised learning
(RSRL)

CNN-based CNN — based CNN — based
pre-trained model aesthethicNet; aesthethicNet;
L ——
------ i i
S e e
I
e~ L l } "

b Aesthetic Transfer Likelihood Transfer | | Likelihood
Aesthetic data set learning calculation and learning calculation and
score _ classification 1 classification

; "T”/' T
¥ ¥
Dropping out low Dropping out low
likelihood samples likelihood samples

!

Calculating F-measure and D-measure of
final FC nodes of aetheticNet;

l

Determining optimal model based on
above measures
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» Performance evaluation

Test F-measure Test F-measure without dropping

0.7 06

06 _\/W—’V\/ 05 W

— O 2

05 —COTE 2 4
B ' g 04
g o4 —ore3 2 '\/-\ -Wv —SCOTE 3
w v v
3 8 03
g 03 —SCOTE 4 E score 4
w w02

0.2 score 5 «ore S
0.1 \ — 0 6 01 M score 6
— SLOTE T AA /\ —SCOTE T

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30

1 3 5 7 91113151719 212325 2729 31 1

Number of networks Number of networks

Total test F-measure Total test F-measure without dropping
2 18
18 16
16 1.4
& o
5 14 512
812 2
@ 2 1
= 1 c
'S w 08
= 08 ]
S 06 § 06
2 2
04 04
0.2 02
0 0
1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31 1 3 S 7 9 11 13 15 17 19 21 23 25 27 29 31

Number of networks Number of networks

With RSRL Without RSRL
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» deep dream images of different networks
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» Improving the performance by the ensemble

FFP AlIR
Pre-trained ]
CNN
: = AS prediction .
Fine-tuning Evaluatin
Image/ by RSRL ELE) 4 | Ensemble and analygzing
Aesthetic 4
score T '
rainin
dataset RSRL g AS prediction
model B
y
New designed FFP AIR
...... CNN - -
Images are scored by a AS: Aesthetic Score
experienced photographer FFP:First Fixation Perspective

AIR: Assessment Interest Region
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» Improving the performance by the ensemble
5 psnsen’ble_ WlpgmdelA +w prmdelB

0.26 Average F1 with adjusting weights

025 -
024 -
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S 023} i

20 i
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x /

S 022+ /
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» Examples of the FFP of a optimal network model

Score4 Score?2

&Q: - OCore 6
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» Examples of the AIR of a optimal network model

Score4 Score?2
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» Examples of the FFP of the optimal network models With
different CNN architectures

Original image By resNet By efficientNet By a new designed CNN

Score 3 Score 6 Score 6
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» Examples of the AIR of the optimal network models With
different CNN architectures

Original image By resNet By efficientNet By a new designed CNN

Score 3 Score 6 Score 6
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» Examples of the aesthetics assessment

Score 3

Score 5 Score 6 Score 7
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WFEE A0 A
SR ) TR o PR ER

HE EWAHE
RN = IR s B £ TR AlexNet, ResNet50, # L T4
ZiET »5 F= I E W 7 s B 5 TRt L 2CNN ic £ h 7 vk
L2 L. HEcoBE 3B BrEE H 0 R il E . CREEYE & A
%’G‘”M%ﬁr%.’i—.t%’“ﬁ"h %ﬁﬁﬁl'ﬁ‘%%?‘ﬂf%ﬁﬁ%?%c

E 512, ResNetso T2 Emax <
{REME T F R D HE DS T D E R4 fe 5 i TE{E 3 % feature map %
il 3 & HE Tk BolF, FhZinputiliff & LCH
ra Ry _a L . ResNet50-based fif% 7 12 X
A HEM 4 5 & 7 L ResNetSOFM %
i3 5,

s o o oo
EHATLIEFLTE tTAYE

——]
BLLORSEAN | | ern

FILEIRELT I fERFaCET LN

F&H
KR
AWFFE CIZCNN-basedfnfe 78 & Fv 7= FFri3. 403K » 720 3 EE S U
PRt & HES R HE T2 2o RESE R 2 EcomPEETh B
% FroRIEB LI WEERT B,
SHTUL. ResNetSOFMASfii 7 A T KSEE
62.00%. Ak 05582, Fiams [ RLCAEIAEISEINEID
2 730.5586% 7 L 77, #&®E 0750 0667 0454 0325 0595
Al LT s, PHIE IRt BEE 0724 0694 0439 0317 0619
ehmd o720, s, alzihic{K
oz,

55



ONNEBULAFEENFERS SAOMEERAT AT L

AEFRURFAF
BEEE N

o B REFE
ADIEEL | FEEXT. FELENS T Aty b
YR+ HHABRIC L VT FEEXTER

—L— HESs1., TI7 7~y F1068. #Fs0aft
BRI £ VRSB EIT ) 2 & THAFA DeNNEFIBEL. FUETELREEELT 2
Ic& 1T 2B E 5k L BEEIC B HIET HHv v TEEE

TEBYRT LEEE @ DEANESE L THIEAL THEUHET L
THEE
v AT LIERH
F Ay T O 4E]
- XF@E D -
| - Bo®HEEE r__?mﬁlj‘ﬂtf__]
. AR _ WEEF—xEy b
B0
| AROEHHE M | -
[ Aexnett= & H ﬁﬁ?ﬁgﬁig‘fﬁt:;u | resnet-501= & 4

[ ET L% |
B

Alexnet s — A @ CNN~~— A @ resnet-50-~— A @
EF I FLLEFNL EFN
—— C ety O

— A& nm&ﬁ?&“{‘

4 3L ‘ [:______W;i:_ _]‘ o

BIHEER
Alexnet TEHOSEEHRE L. Alexneth 5 DEBR2E CHEBIHTTILEEET 20HNEE

SERlEDIETEEE
EEaE | TETR | e

EHT 3 FHiEx S~z EEE BET HET 3 Bk
FoaA | 7 EE-PN A A ToaA

A A
FEEE 37.7 | 38.4 | 409 | 38.7 40.8 | 38.2 | 39.0 | 31.8 | 458

TRAMEE 36.1 | 38.2 | 40.7 | 376 | 40.1 | 36.6 | 395 | 314 | 465

HFEEFETO
== LEE 26.7 | 33.2 | 29.8 | 28,5 | 28.6 | 30.2 | 29.4 | 24.0 | 35.0

+9.4 | 45.0 | +10.9 | +9.1 | +11.5 | +6.4 | +10.1 | +7.4 | +11.5
B %

Fill




BEADFHIZEOELEEZRMT 5 AT LOBE
Building a system that provides photos that suit individual tastes
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Estimating stress level from natural face and tongue images
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Construction of a vehicle number estimation system using deep learning
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Estimating stress level from natural face and speak images
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The study on visible food Ingredient Segmentation in dish images for the identification
BURE

ZHU ZIYI
Background Purpose
+  Food ingredient classification is an cssential task in food-related rescarch Segment ingredients from food images for multiple ingredient recognition
¢ Stac-of-the-art research Obi ective
. ;{gxgrﬁ::gmdﬁ Cascaded Multi-Attention Network for Food T T

* MVANet: Multi-Task Guided Multi-View Attention Network for +  Build the Single Ingredient Models base on food ingredient dataset
Chincse Food Recognition

+  Region-Level Attention Network for Food and Ingredient Joint +  train the single-ingredient clas
Recognition

sification model on the basis of CNN

- «  Proposc a multi-ingredient segmentation framework using the above classification
+  Limitations
) . maodel
«  can not avoid the interference [rom other ingredients
« Propose the metrics for evaluating performance of the segmentation

Multi-level Single Ingredient dataset Single ingredient dataset distribution for each level

* Hierarchie
Fir 3 Lovel Inpred)

| Ingredient Structure + Image Colleetion

+ according to the hierarchical food ingredicut
structure

+ cach inage contains only one type of visible

ingredient : |
+ cach ingredient should comtain as many ditferent = l "I

visual appearanees us possible

- Level 2 Datases
Example of carres with a differom appearanee FarlLamat

! |||||||||ﬂ
Chunk tpe medded e lce ype ‘....muu|||l||||||||||||”|‘ uullllll“"“l"l

Level 3 Dataset Level 4 Datasct
Framework for multi-ingredient segmentation Metrics for evaluating ingredient Segmentation
I, Instance-wise 10U {intersection over union) m:'

N A
2, Unicity of Segment IT\
e
AT B — T —
Ingredient

Jang|
" Classifieation Tl
Madel

3. Entirety of Segment: S

e kBTl — e — 4, Loss of GTs: 4 : ;
oo | WA= Uit n Ui
[
A mask of 6T
v Bidebey e
© bethenamberaf T forn th sanple
o T aamther o Seameats for o-th sampie
Results of multiple ingredient segmentation on FoodSegl103 Visualization of Ingredient Segmentation
+ Channel-wise Filtering and Combination Tilterand Combination Pixelaviss Clisisting
SLAUNel(l) ML-AtNew1) EfficientNet g1 AwNett 1) ML-AttNet( |} EfficientNet
model types mLicily mEnlsety mLoGLs_| mioU
AttNet(1) 06712 9177 0.1751 (6051
AtNet(143) 0.7283 0.7398 0.1693 0.5309
AtNe(3+1) 0.7221 0.7615 0.1152 0.5368
=M AENET(3) 0.9075 0.1525 0.6072
[Resnet1& 0.4733 0.6392 0.3666
[EfficientNet 0788 0.1925 0531
ANt (1) 19709 0.1043 5874
[AUNeL (1+3) 09196 0.0862 0.5559
MM e 31y 0823 0,226 | 0.5582
[ANNe1(F) 09501 0.1174 1.5726
* Pixel Clustering
mulel Lypes mEntiety | mLoGTs mlol
AUNet (1) ORO0S | omeic | oesi
AlNei(1+3) |__ass6s 0T | 01206 | wess
an NG| s G6sis | 008 | 0558
AmNe(3) 081358 0.6599 | 02072 0.5749
eflicientnet 07555 0.5212 | 03606 0.5175
resnet 0.1079 00507 | osme | eoan * AttNets perform better than the pre-trained EfficientNet
AuiNet (1) 0.8236 0.7900 i 0.0837 0.6540 and ReSNet
MmN | 0897 Siress || D] s + The proposed framework for multi-ingredient
AN | 07949 0500 | 05865 | 0283 i ) .
“AlNI(3) 0026 06055 | 0263 03000 segmentation performs well special for the method of

pixcl-wise clustering

64



CNN-BASED VISIBLE MULTI-INGREDIENT RECOGNITION IN A FOOD IMAGE USING
DECISION MAKING SCHEMES

Background

= According to the data of the Report on China, more than half of China‘s
adults arc overweight. One of the important reasons is that many people
have unhealthy lifestyles and bad eating habits, such as increased intake

of high energy and high-fat food.

+  If foods or ingredients can be identified, various health-related analyses
can be performed, such as caloric intake estimation, nutritional analysis
and analysis of eating habits.

ngle ingredient dataset (S1 dataset)

+ 110 kinds of ingredients

#FEE FUKUN
Purpose
Propose novel methods for multi-ingredient recognition in food images.
Objective

+  Construet a standard hierarchical single-ingredient for training ingredient classification
model

+  Construct a multi-ingredient food image dataset for validation.

*  Train single-Tngredient classification models on the above dataset by transfer learning using
the pretrained networks of Resnet]8 and EfficentNetB0.

+  Propose a for the multi fent ition in food images using the above
ingredient elassification model.

*  Propose algorithms for improving the multi recognition pel

Multi-ingredient food image dataset
(MIFI dataset)

+ Image Collection * Data distribution of the SI datasct

* Far the same ingredient, the samples
should include a5 many kinds of
ingredient's shapes as possible.

* Far the similar shaped ingrecient, about

5 to 10 image samples are collscted

which should be as single a5 possible

and recognizable

Far example, the egg should include the

boiled egg, the scrambled egg, and the

fried egg

MO
o8 T

Examples of ingredient samples

Bascline

Lmtm
n sa.,;:. imgrediont Making
recgaition model [ +| Decision

StdingWindaw

. . S
.
-

oo || Making
Sing sredie: oy
L““" |- Decision

Evaluating performance

Evaluation methad
We use the following matrics for evaluating the perfarmance af the ingredient
recognition in the food images

g * Minars

Making
Decision

+ MIFI datasct contains a total of 2166 images.
* Lach image comains o multitude ol ingredients,
= This dataser is used to evaluate the performance
of the ingredient recognition in the food images.
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Algorithen 1 flow chart Algorithn 2 flow chart

Visualization of ingredient classification
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Detection and recognition for road traffic signs
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