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Introduction XML

» In recent years, with the development of convolutional neural networks (CNN), research
on deep learning-based medical image analysis has received significant attention.

CAU AutoML Lab 3



Related Work

CYML

Recent Trends Survey with MICCAI 2021°s accepted papers

> Total 531 papers:

= Choose 2 Topics among belows: Computer Aided Diagnosis, Outcome disease prediction

Clinical Applications Machine Learning Modalities Others
v" Abdomen
v Breast v' Computational v"Interventional Simulation
v Cardiac (Integrative) Pathology Systems
v' Dermatology v . : v Biophotonics v' Computational Anatomy  v* Outcome/disease
v Fetal Imaging v ﬁatlvf. Learn:jn% v CT and Physiology prediction
v" Lung v Dofnnailr?r;(;g?)taetison v EEG/ECG v' Computer Aided v Population Imaging and
v" Musculoskeletal v Interpretability / v"Histopathology Diagnosis Imaging Genetics
v" Neuroimaging - Brain Explainability v MRI v Image Reconstruction v Surgical Data Science
Development v Reinforcement learning v" Microscopy v Image Registration v Surgical Planning and
v" Neuroimaging - DWI and v Self-supervised learning v' PET/SPECT v Image Segmentation Simulation
Tractography v Semi-supervised learning v Text (clinical/radiology v Image-Guided v Surgical Skill and Work
v" Neuroimaging - v U ; reports) Interventions and Surgery Flow Analysis
. . ncertainty ) ) : ST
Functional Brain v Weakly supervised v Ultrasound v" Integration of Imaging v Surgical Visualization
Networks learning v' Video with Non-Imaging and Mixed, Augmented
v Neuroimaging - Others v’ other Biomarkers and Virtual Reality
v" Oncology v"Interventional Imaging v Visualisation in
v" Ophthalmology Systems Biomedical Imaging
v" Vascular

CAU AutoML Lab 4




Related Work XML

Recent Trends Survey with MICCAI 2021°s accepted papers

» Investigate papers’ abstract
= Qutcome disease prediction (53 papers)
=  Computer Aided Diagnosis (145 papers)

CAU AutoML Lab 5



= 2022 IEEE International Conference on Consumer Electronics-Asia (ICCE-Asia) &1 2t=
(Accepted papers notification: 9.24)

= |EEE Access 171 =& & Rl =

« 20 25 HE[AME Ot G U7|S
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TAO studies with CAU Hospital & NVIDIA Auto][R

Segmentation & Activity

» Segmentation: Manuscript submitted?

» Activity: O] 3 W= == 2|, ~9.14(23)

D

cD cD
| — | — P
1 2 3 1 2 3 1 2 3
Proposed CSPDenseNet-121 Proposed CSPDenseNet-121 Proposed CSPDenseNet-121
ConvNeXt-Tiny ConvNeXt-Tiny ConvNeXt-Tiny
AUROC Accuracy F1 score
D cD cD
A P P
1 2 3 1 2 3 1 2 3
Proposed CSPDenseNet-121 Proposed CSPDenseNet-121 Proposed CSPDenseNet-121
ConvNeXt-Tiny ConvNeXt-Tiny ConvNeXt-Tiny
Sensitivity Specificity Precision

Activity &L 2| Bonferroni-dunn test Z 1}
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Activity

TAO studies with CAU Hospital & NVIDIA
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TAO studies with CAU Hospital & NVIDIA Auto][R

Treatment

» Treatment using 3D dataset (with NVIDIA)
> A3 A XY orE2[(MONAILZ|Eh, ~9.15 ->~9.16
> 3D 22 MEAH FH, ~9.22

> X}7] 3|0]= 92 22U @ 10A|~11A17 ZA| 2 YN #o|s}4l LHRO| Y2 AIX| 29|
gL
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Effective Music Genre Classification
using Late Fusion Convolutional Neural
Network with Multiple Spectral Features

Sung-Hyun Cho
2022.09. 14
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| Related Work / Survey R . _ - .
Problem - (Counterparts) - EXxperiments - Analysis - Proposal
= Complement
: = Significantly gach o_tr_lers = Using STFT,
= Music Genre : : insufficient
e .- = MGC using meaningful : : Mel-
Classification : : e information by
single input = Additional : ) spectrogram,
= Low Accuracy : using multiple
Experiments MFCC
features at the
same time

CAU AutoML Lab 2
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Domains
Music Genre Classification
'«|-|||<|iH‘IHI|1|uu|+» e Fus
— ate Fusion
Music Genre Music Music Mood
Classification ~ Generation  Classification IH\\q.\ ]

PLAYLIST J

Automate  rpan Sound (/

. oo eR “ee®
Playlist Classification B =N K “W VK V'
Generation w ' i Alla A Xl : é}:# ¢ }(é é:(
/0@ ®a)®/

oY

Feature Extraction

STFT Chroma Irregularity
Ll
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I
el
Mel Attack
Spectrogram Slope
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Related Work XML

[1] Li, J., Han, L., Li, X., Zhu, J., Yuan, B., & Gou, Z. (2022). An evaluation of deep neural network models for music classification using
spectrograms. Multimedia Tools and Applications, 81(4), 4621-4647.

[1] P N
AvgPool2d
o g é) g (o) Q Q Dense
S |:> 2 2 =2 |:> 2 2 2 |:> |:> |:>
2 A 11
= N W S 1SY [es Softmax
Loss

Loss =(1—1t)-Lossl+t-Loss2

t =a? (a: balance base,b : balance factor)
Loss1 = Cross_Entropy(yrye (Onehot encoding), ypreq (Softmax function))
Loss2 = Cross_Entropy(yirye (Uniform Distribution function), ypreq(Softmax function))
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[2] Pelchat, N., & Gelowitz, C. M. (2020). Neural network music genre classification. Canadian Journal of Electrical and Computer
Engineering, 43(3), 170-173.

2]

70 * 2.56s
— — §2 = §2 =) 88 —) oeree
< = < C <
ot St L WL = S MaxPool-1 ™ & MaxPool-2 & & MaxPool-3 MaxPooI 4 MaxPooI 5 MaxPooI 6 Softmax
i Music excerpts Mel Spectrogram Cross |
’ Entropy | |
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[3] Cheng, Y. H., Chang, P. C., & Kuo, C. N. (2020, November). Convolutional neural networks approach for music genre classification
In 2020 International Symposium on Computer, Consumer and Control (IS3C) (pp. 399-403). IEEE.

Related Work

[3]

Dense §

Oxn¥ Ox ¥ 11 |
SRSy 2RE ) 28 Softmax | ||
~Cg oSS wCE |
MaxPool-1 MaxPool-2 MaxPool-3 MaxPooI -4 MaxPooI 5 ;
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[4] Shah, M., Pujara, N., Mangaroliya, K., Gohil, L., Was, T., & Degadwala, S. (2022, March). Music Genre Classification using Deep
Learning. In 2022 6th International Conference on Computing Methodologies and Communication (ICCMC) (pp. 974-978). IEEE.

[A]

g -AUOD

MaxPool-1 MaxPool-2 Softmax

Dropout
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Proposed Method
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Experimental Settings XML

Datasets
Dataset Patterns Avg. Length # of Classes Average Patterns per Class +  Standard Deviation
Ballroom 698 30 8 87.250 + 17.555
Ballroom-Extended 4180 30 13 321.54 + 195.70
emoMusic-G 744 45 8 93.00 + 16.1776
Emotify-G 400 43 4 100.00 + 0.00
FMA-SMALL 7996 30 8 999.500 + 0.500
GiantStepsKey-G 604 80 23 24.9130 + 28.0274
GMD-G 1042 300 18 57.89 + 70.07
GTZAN 1000 30 10 100.00 + 0.00
HOMBURG 1886 10 9 209.56 + 134.87
ISMIR04 727 120 6 121.167 + 95.602
MICM 1137 360 7 162.429 + 119.717
Seyerlehner-Unique 3115 30 10 311.500 + 248.349

Cross=Validation for Test Performance
e 10 iterations
« Data Split Ratio: (Train : Test) = (0.8 : 0.2)

CAU AutoML Lab 9



Experimental Settings XML

Hyper Parameter Settings

Model Batch Size Epochs Loss Function Optimizer LR Weight Decay
Proposed 16 Cross Entropy Loss
[1] 64 Proposed Loss Function
2] 128 60 Cross Entropy Loss Adam le-3 le-4
[3] 32 Cross Entropy Loss
[4] 32 Cross Entropy Loss

CAU AutoML Lab



Experimental Results

Model Comparison Based on Accuracy

Dataset (Genre) Proposed [1] [2] [3] [4]
Ballroom 56.79 +3.77 4571+ 286V 4243 +2.29V 48.07 £ 4.79V 47.71 + 4.58V
Ballroom-Extended 71.87 + 2.28 61.82 +£3.79V 44,68 +1.30V 62.88 £+ 4.70V 54.38 £ 5.33V
emoMusic-G 34.16 +£ 2.20 27.72+ 350V 2899 £+ 1.78V¥ 3295+ 292 3134+ 3.66VY
Emotify-G 72.251+2.99 62.78 +£ 2.70V¥ 67.50 £ 4.17V 66.00 + 3.32V 65.88 £ 5.62V
FMA-SMALL 55.98 +1.10 47.03 +1.31V 4219+ 1.16V 4696 + 1.62V 40.88 + 1.73V¥
GiantStepsKey-G 34.13 £ 2.61 28.43 +3.15V 25.21 +2.53V 2719+ 290V 2430+ 2.11V
GMD-G 66.36 + 3.49 61.91 +£3.04V 63.44+1.71V 39.38 £3.36V 3536+ 635V
GTZAN 80.25+1.98 77.50 + 3.81 63.35 1+ 2.08V¥ 75.10 + 3.84V 72.50 + 2.13V
HOMBURG 55.34+1.75 5349+ 159V 51.01 £1.51V 52.54 £2.55V 48.15 + 2.14V
ISMIR04 79.29+1.75 70.96 £ 293V 67.88+ 1.70V 7132 £ 137V 67.67 £ 199V
MICM 41.36 +2.39 37.81 £ 332V 3930 £ 221V 38.42 +3.16V 39.34 + 2.28VY
Seyerlehner-Unique 70.24 +1.09 63.62+ 256V 60.72 + 2.73V¥ 63.50 £ 2.79V 61.62+1.70V

Win / Tie / Lose 0/0/0 0/0/0 0/0/0 0/0/0 0/0/0
Avg . Rank 1.00 3.17 3.92 2.83 4.08

CAU AutoML Lab




Experimental Results XML

Bonferroni-Dunn test

CD=1.6125

® i ©) @ ©)
L cdo—1—o- I

|
T
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[1]
2]
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Experimental Results

CYML

Model Evaluation with Other Features (GTZAN)

Iteration Proposed STFT Mel-spectrogram MFCC STFT + Mel-spectrogram STFT + MFCC Mel-spectrogram + MFCC
1 81.00 72.50 76.50 64.00 77.00
2 79.50 70.50 79.00 67.00 76.00
3 78.50 74.50 78.50 59.00 73.50
4 81.00 76.00 80.50 61.50 75.50
5 77.00 72.00 76.00 60.00 76.50
6 81.00 73.00 76.50 66.00 77.00
7 81.00 75.50 74.00 68.50 73.00
8 82.00 76.00 80.50 62.00 81.50
9 78.00 79.00 80.00 59.00 77.50
10 83.50 75.50 78.00 62.00 75.00
Avg . Accuracy 80.25 74.4 77.95 62.9 76.25

CAU AutoML Lab




Conclusion XML

Contribution of the Study

1. Conducted a novel CNN model with three pipelines.

2. Achieve higher accuracy than conventional methods using a single input.

Future Work

1. Combining new features that can improve accuracy.

2. Ensemble with other models.

CAU AutoML Lab
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Overall Progress
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= Low Accuracy of
Segmentation

Problem —  Related Works —*  Experiments e Analysis Proposal
= Hard-to U-Net ) i
distinguish pixel Deeplab V3+ = Dataset = Wrong location = Hybrid Loss
boundaries 2 DNet MSEG 1237 patients
- arDNe (AX7 ]2 2, AXT = Use U-Net = Gaussian
"  Wrong position H-Dense U-Net SR (best performance) Distribution
Detection Self-supervised

\ 4

Post-experimental
analysis

Conclusion

\ 4
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Problem —  Related Works —*  Experiments e Analysis - Proposal
= U-Net
=  Deeplab V3+
= Dataset
= 3DU-Net 1237 patients
= H-Dense U-Net
=  BAS-Net
Post-experimental

Conclusion

analysis

\ 4
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Eyeball Volume Estimation

» Datasets
* 51images from Ax1 to Ax5 for each patients
* Number of Samples: 3,505 images (701 patients)

 Input : 5 eyeball segmentation images from Ax1 to Ax5 for each patients
« Output : Eyeball Volume

> Result
« 345 patients

Patient Counts | Eye volume(model.ver) mean Eye volume(model.ver) mean

8.203 cc 7.962 cc +0.242 0.311

CAU AutoML Lab 4



3D Segmentation XML
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Related Work / Survey
(Counterparts)

Problem - Experiments - Analysis Proposal

= Semantic
Segmentation
Accuracy

CAU AutoML Lab 2
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< Segformer Architecture >

Xie, Enze, et al. "SegFormer: Simple and efficient design for semantic segmentation with transformers." Advances in Neural Information Processing Systems 34 (2021): 12077-12090.
Jiang, Peng-Tao, et al. "Layercam: Exploring hierarchical class activation maps for localization." IEEE Transactions on Image Processing 30 (2021): 5875-5888.
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Original 2z} 7| A

R_upper_lid 539 = 597 = 1.60
R_lower_lid 383 =p 394 = 211
L_upper_lid 552 ™ 606 ™ 176
L_lower_lid 3.64 =p 371 = 183
TH?]: mm

Chun, Yeoun Sook, et al. "Topographic analysis of eyelid position using digital image processing software." Acta ophthalmologica 95.7 (2017): e625-e632.
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= New Metric +%
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Music Information Retrieval
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Music Information Retrieval

: T . Query - by -
- Musical Similarity based Tasks - Example

Explicit Query

\ 4

Query - by -
Humming

——p| Playlist Generation

\ 4

Using Musical Similarity Implicit Query

Music
Recommendation

\ 4

\ 4

Audio Query

\ 4

Multimodal Query

\ 4

Symbolic Query

\ 4

Music Video Query
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Playlist Generation
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Playlist Generation — Process of Skip Prediction
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Figure 3: Decoder architecture Track Embedding ~ Session Encoding
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Residual Connection / Highway Network

A DO O™ grof| 7 A /XIS Z0| 4t0] 2 A HH &= AELCH F2
> HMEEOl SR g SX[SIEAM 8 EXS sEHoR s&3Y| Y
-> Resnetd} Highway 25 O|™ YUHZ FA|ot= 82 sLoHA|TH O = #Heh 0780l XO|71 Q=
Variant Functional Form
Plain Hix)

Residual H(x)+ =
T-Only  H(x) -T(x)+ x
C-Only H(x) + x-C(x)
Coupled Hix)-T
Full Hix) -T

Residual Connection (ResNet) : identity 82 & £ 9| O|7‘d w= U8 02 ]X|
Highway Network : 0= ot gate| H|Z 0| 7 X|H BIC{ gate| H|ZO| 0N O ZtO| 2UHSHA MEFE|X| %S
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1D Convolution

- 7|E2| CNN2 O|O|X|t &2 2D HEH 2|
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- 1D CNN=Z 0[&3}0f 0|O[X|7} O}l
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Figure 1. A canonical Inception module (Inception V3). Figure 2. A simplified Inception module.
Concat Concat l 256-d in
- — —_—
R //'—/ \‘ 256, 1x1, 64 256, 1x1,4 256, 151, 4 |50 | 256 11,4
T * £3 * paths *
3Ix3 conv Ix3 conv Ix3 conv 64, 33, 54 4 33,4 4 33,4 e |4 3y3 4
3x3 conv 3Ix3 conv Ix3 conv
I I I I I 1 * * * *
G4, 1x1, 256 4, 1x1, 256 4, 1x1, 256 4, 1x1, 256
1xl conv Lxl conv Aug Paol 1xl cony 1x1 conv 1x1 conv 1x1 conv

Input

—— I
—~—\_.___\_\_\_\_ L
—— e

Input 156-d out

Multi-Branch Convolution
: Inception, Xception, ResNext 52| O|O|X| 2 E 0| A correlation0] &=
1E7|2| 20 ConvolutiondtE=2 QL8 XX o| st&E df= Al

- Inception2| B2 Cross-channel correlation2} Spatial Correlation2 = 2|

- Xception Inception= ZESH0 Cross-channel / Spatial Correlation=
26s| =E¥o=z 2

- ResNeXt2| B cardinality2t= 7HE2S AME9I0 =€ A7(Q A5 =
£ 2|3}= Grouped Convolution AHE
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CYML

- Dilation =&

9 2 Q 2 O Q 9 Q 9.9.9 C' DQGQ Ouput

Hidden Layer

“1.  Dilation = 4

Hidden Layer
Dilation = &

Hidden Layer
Dilation = 1

It

Figure 3: Visualization of a stack of dilated causal convolutional layers.
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Dilated Casual Convolution
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Proposed Method
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Experimental Settings - Measures Auto [/}

Ground truth sequence | Predicted sequence | AA 0 . ) ] A
1,1,1,1,1 0,1,1,1,1 |:|.543.__,(T*0+7*1+§*1+z*1+§*1)
= 0.543

LLLL1 10,111 0.643 5
1,111 11,011 0.710

1 2 3 3 4
1,1,1,1,1 1,1,1,0,1 0.760 | (T*1+7*1+§*1+Z*0+§*1)=0760
1,111 11,110 0.800 5 '

MAA (Mean Average Accuracy)

- Skip = M| 2+ 2t& L0 X|ehEl B7r A
- Skip =A10| A0 HHEHKRY o F2| D27t 7t S8 (First Prediction Accuracy - FPA)
SEHE A9 skip ZTHe 0IF HEzof ofel 2 FE

T:0Skl= N EHO[ 7= I L)
Ad) i ERU7EX| O] Hete A= ZEL
L@) i ZE 20| Cfet Boolean indicator (0, 1) U= T
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> Datasets
» Music Streaming Sessions Dataset (MSSD)
*  Number of Samples: 167,880 session histories (10,000 unigue session)
* Number of Classes: 2 (Skip / Not Skip)
* Input : (80, 20) - (Session & Track Features, Sequence Length) / 202 Ct -2 Sequence= zero padding &t
« Output: (10, 1) - 2EHE 107 E=H0f| CHDH O & & E 4t
» Cross-Validation for Test Performance
» 10 iterations / Group K-Fold (by Session id)
« Data Split Ratio: (Train : Validation : Test) = (0.8 : 0.1 : 0.1)
» Hyper Parameter Setting:

Model Batch Size Epochs Loss Function Optimizer LR
Proposed

Adam

1D Conv. + Highway le-4

Encoder-Decoder 16 10 Binary Cross Entropy RMSprop

Multi-RNN le-3
Adam

RNN + Dense le-4
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Experimental Results

Model MAA MAA
P-value
Proposed 0.6877 £ 0.2537 -
1D Conv. + Highway [12] 0.5774 £ 0.2854 < 0.0001
Encoder-Decoder [16] 0.5303 = 0.2904 < 0.0001
Multi-RNN [14] 0.6061 + 0.3015 < 0.0001
RNN + Dense [15] 0.5832 + 0.2193 < 0.0001
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Conclusion Auto Y8

Conclusion

-1D ResNet & & 7|BIC 2 [|O|H EZ-0| ZHA Convolution2 &7|¢t F| CtA| SHLEZ

IO
Aggregation ot= A= K| 2F

-2t HY X E0H0| H{moA O™ 23 & A2 |/ X|St1 Dilated Casual ConvolutionS
M-8k Proposed HAI0| H 20X QI A= LIEMH
-7|=0| =2 AFEE|E RNN 7|8te| B E =1t0| H| W Of| A Proposed f A0 &M G £2 ds2 E¢

Limitations

- XY A& &|= MSSD HIO[H 2| T, SHO| LKA HHM US
- COHE HIO|H o Cfiet 2Et=te] O &0| s A= HE
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Appendix — Model Comparison

*DCC : Dilated Casual Convolution
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Appendix — Model Comparison Result

Model MAA MAA
P-value
1 Proposed 0.6877 + 0.2537 -
2 Multi-branch 1D ResNet 0.6826 + 0.2653 0.6600
3 Basic1lD ResNet + DCC 0.6458 + 0.2653 0.0003
4 Basic 1D ResNet 0.6343 + 0.2583 < 0.0001
5 Residual Connections Removed + DCC 0.4503 + 0.3101 < 0.0001
6 Residual Connections Removed 0.4149 + 0.3372 < 0.0001

*DCC : Dilated Casual Convolution
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Z=7} — Dilated Casual Convolution &

Model MAA MAA
P-value
1 Multi-branch 1D ResNet 0.6826 + 0.2653 -
2 Proposed 0.6877 = 0.2537 0.6600
3 1D ResNet + DCC 0.6458 + 0.2653 0.0019
4 1D ResNet 0.6343 + 0.2583 < 0.0001
5 Residual Connections Removed + DCC 0.4503 + 0.3101 < 0.0001
6 Residual Connections Removed 0.4149 + 0.3372 < 0.0001

*DCC : Dilated Casual Convolution
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