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Deep Image Clustering:
Algorithms, Applications, and Emerging Trends
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Why Is Automatic Image Classification Needed?

o LSt EO0j|lA O|O|X] Clo|E{7t FEREHO = SII5HHA 2o 0F & S| 27t W=7 &l

Image data are growing explosively across diverse domains, rapidly increasing the scale of visual data to be analyzed.

o CH7= o[0|x|ofl HE(label)S F0{5t= +5Y 2HEY2S =2 ML} HIEE 27

Manual annotation of large-scale image data requires substantial time and cost.

® YouTube-2|2YY - XEFY - CCTVAHE X|SXHO R YWHE|= CIOIEIE AlRI0] 20| ER3I7|0= SLX el &

Human experts cannot manually classify the continuously growing images from YouTube, medical imaging, autonomous driving, and CCTV at scale.

© CH2EE Z0f0llA| O|O|X| Co|E] £F @ Atztel £ZHY 2rdd © 2H8o| E2 HI0|El= 33| €%
Explosive growth of image data Manual labeling by humans Only a small portion is labeled
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Labeled data

>> (ground truth)
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Massive and continuously generated image data Time-consuming and labor-intensive process

ot REOR QIdh §#89| 2|

Severe shortage of labels limits utilization
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Overview - Presentation Roadmap
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What is Clustering?

e [AISHHO|EIE XtS2 2 &350 C|O|E| LHFe| =& EA
Clustering automatically groups similar data to discover underlying structure.

o IYO|-X}SXt- AHRAME ME |FAISH 54 71% O|O|E{7t 2}Z StLte| Z2EE
Data with similar characteristics, such as cats, cars, and people, form separate clusters.

o AtTof| EEH(label)S M33tX| Otk C|O|E] 2 RFAMEE 7[Hez OFS 14
Clusters are formed from data similarity without predefined labels.

40| = O|O|E{ (Mixed Data) &8} A3} (Clustered Result)
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Related Work « Classical Clustering
e [HE ME 23} 7|¥: K-means, Hierarchical Clustering, DBSCAN

Representative classical clustering methods: K-means, hierarchical clustering, and DBSCAN.
o J|HE HI|: SHE U Y/ ER N AS Y /EHE 7| 2H L o|¢H 22

Operating principles: centroid-based iterative assignment / merging-based hierarchy / density-based clustering with outlier separation
e O|O|X| CilO|Ef 2tA|: Xt Y, 2|0 £F, H|HYE 7=, 5 &5 FME ST AlZ 1iEH 2| 2

Limitations for image data: high dimensionality, lack of semantics, nonlinear structure, and no feature learning, leading to limited separation of complex visual patterns

e X& 212t o|o| x| colE{of|A{e] A 0|O|X| Ci|O|E{0l| A{ 2] BHA|

Representative classical methods and limitations for image data Limitations for image data
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Introduction - Images as Numerical Arrays
e ZHFE L= O|OIX|E =7 OI5H3IX] =351 2 Tl =X} gt HiE = UY=L
A computer does not understand an image directly; it receives an array of pixel values as input.

e 0|OjX| gt 2 £~ 2| X2 BAE|O DXHH SZHo|| F0[A| ECt

A single image is represented by thousands to tens of thousands of numbers, placing it in a high-dimensional space.
o AWML o YHE Ho| TX| IR ZUHE AHME SY BEH st&0| WSt

Raw pixels contain little semantic meaning, so feature representation learning is needed for clustering.

O|0|X| 7} X2 BIE|= 2H

From visual content to numerical representation

1. AFEHO| 2= ojojx| 2. AFEHI E= Y 3. XXt HE]
Visual meaning Pixel matrix Flattened values

|

g 7 jma e R |24 20 31 28 37
BERERN i) ;. ESEERS » | 6 [118 112 109 121 116
SSmsay ' _smmmuss B 207 199 191 204 210
2 RGB 0|0|X| 6] A] - 100 x 100 x 3
Example RGB image - 100 x 100 x 3

WA #E (Hx W x 3) 30,0007 %X}

Pixel matrix (H x W x 3) 30,000 numbers
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Introduction - What Is Deep Image Clustering?
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Deep image clustering learns useful visual representations with neural networks and then automatically groups similar images.

HA| T Ofd 5 3US sigol 2aA 28 o & 435t 2 23S g4

Instead of raw pixels, it learns a feature space that forms latent representations reflecting classss structure more effectively.
S3 stai 2EsE ZESeEN MS 7|-EL O 20| Y= 18 40| ks

By combining representation learning and clustering, it produces more meaningful groups than classical methods.
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Unlabeled input images A neural network learns visual features Meaningful latent representations emerge
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Method Overview - Basic Pipeline
o U ANL AACE Safl ZHI0| S ST WE R W

Input images are transformed into feature vectors through an encoder suitable for clustering.
o FM B2 uxXtH A HAHC} O S50 0|FQ JEH AXE HE

Latent representations contain more compact and semantic structure than high-dimensional raw pixels.
o B&E I IU0IM 2 BEO| AL MBS ASCE Fof S 152 HA

In the learned feature space, a clustering module automatically groups similar samples to form final clusters.

UM 2™ B2tX|2e| 58

From input to clustering output

Feature extraction Latent representation
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I Raw input images Feature extraction Latent representation Cluster assignment Final clustered groups .
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Method Overview - Hierarchical Feature Learning

o MBS Y2 ASUM 2M2| - M- 2T A E2 M+E ST S A

19
>

Early layers learn low-level cues such as edges, colors, and simple textures.

o SUASOAME = IjEHI 22 XS I8 HAM -2 E 52| BYE Y

Intermediate layers combine repeated patterns into texture-level and part-level representations.
o L2 SO U4E Y AT WUN L2 DAE 00| HES TR EHE oS
Deeper layers capture high-level semantic concepts such as faces, vehicles, and scenes.
A
ASE §3 52 EHTH ol

From low-level cues to semantic concepts

22 A (Early layers) =72t A& (Intermediate layers) #2 AZE (Deep layers)
/ s G N (i
| 2 sy @/ Q F-3 0 ; H -F nYo| e
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Raw input images Edges, colors, and simple textures Parts and repeated patterns High-level semantic concepts
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Method Overview - Feature Space Formation

Input images

d8kl=71?

S SUS 9™ 4= 23| Fele X HElZ HEs| C|ojE{e] o] 1EFE BISH:= S

eature space represents the semantic structure of data by transforming input images into latent vectors suitable for clustering.

2 58 SUUME FAFEE 00X = 7HE A 20|11 MZ CHE O[0|X|= BO{ X FeHA AX7t O FRI6HE

n a good feature space, similar images move closer together while dissimilar images move farther apart, making class structure more distinct.

B sa0| DYHLE 27 2 227t FAE0] 01F 2R T O WD 34 TS

As representation learning progresses, separation between groups improves, making downstream clustering more stable and interpretable.
E e . =
E3 Z7to| H2H o]

From mixed representations to separable clusters

Raw representation
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Learned feature space

Clustering-ready structure
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Similar samples become closer in A cluster-friendly structure is formed

Classes are entangled in raw representation
the learned feature space

Unlabeled input images
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Method Overview - Taxonomy of Deep Image Clustering Methods
o AS QA ZWsH WHS SUS At YAL ZUSE ZHSHs WYo| w2t of2 AZE FEE & U
Deep image clustering methods can be categorized according to how they learn representations and how they integrate clustering.
o [HEXOZ QEQIAL 7|8t CNN 7|4t [HX8E 7|4t Transformer 7|8t 20| 92| AIRE
Representative families include autoencoder-based, CNN-based, contrastive-learning-based, and Transformer-based approaches.

o Zt AZES BH stg ¥4, A, Al 50| OEH HiojE{2t SHo| w2 XEdg0| Zatd

Each family differs in representation learning style, strengths, and computational characteristics, making suitability task-dependent.

S ———————— T T ————— ——————————— - T - - - - - - - - - -

QEQIALD 7|8t CNN 7|&t Cx&ts 7|4t Transformer 7|%t
Autoencoder-based CNN-based Contrastive-learning-based Transformer-based
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Method Overview - Autoencoder-based Approach

o REQIIME AUY SYS YT 5l CHA| SASIEE St5olH S M BIS ¥4

Autoencoders learn to compress an input image and reconstruct it, forming informative latent representations.
e QIAC{E 1A O|O|X|E MAt ZER WSSt ClAME O|F 0|86l HE F42 274

The encoder maps a high-dimensional image into a low-dimensional code, and the decoder reconstructs the original image from it.
o W2 TXO|M Y2 T ASE FUs0| YBE 4 Y= WA S BHOR AR Its

The bottleneck code can be used as a compact feature representation for downstream clustering.
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Basic bottleneck representation learning
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Method Overview - Autoencoder with Clustering
o oEOIAC| 7|8 FHsH= X EH 41 2 YIS s of 7xsE S IUS ¥Y
Autoencoder-based clustering combines latent representation learning with cluster assignment to
e CHE OfO|CI0l= B S YSSIHM 2H S & X6 FAH HES 22 1822 R56= A
A representative idea is to compress features while jointly optimizing cluster centers so that similar samples are guided into the same group.
o T2 HlwH thasix|2h SES AlZ HOJE{0M = M7E SRUSE ZE|7t SESHK| Y2 = US

The approach is relatively simple to implement, but reconstruction alone may not provide enough separation for complex visual data.

form a more structured feature space.

REQIM 7|8k 2E=t2] JHE

o3 (Y=) ZI =72t (Latent space)
Encoder (compression) Latent space

CAU AutoML Lab
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From latent compression to cluster assignment

233t 28
Clustering objective

Cl2H (H++8)

Decoder (reconstruction)

\
I
|
|
|
I
I
I
]
I
I
I
I

Z, |

I

= z w0 WY 23 ¢y il |
* ’,' ® 5] Cluster :

l gy | e * <> assignment » :

o @ /’)\\ @ (] » l

— c G \\\ PY :

/,// ® N ;.xl = A :

P ] G W )

# (R ( ofolE i

® Centroid update < I

L= o © = :
i A7y 24 |

I | 1) L ) Reconstructed images | E
I
I

/



S NEX|QY | BB ERAUN AR FHA

Special Symposium | Toward Integrative Taxonomic Al

CNN 7|8 &3 8¢ 23l

Method Overview + CNN-based Deep Image Clustering
e CNN2 #4Z HEE 53 32 WHI 27t X 843 0j0|x| EHS ANHOE 55

CNNs extract image representations effectively by learning local patterns and spatial structure through convolutional filters.

o XJ| SUAME ZAMeEiet B, 22 SoME FEU AH| +F2| YEE HA 2H

Early layers capture edges and textures, while deeper layers progressively encode parts and object-level information.

o o[2{gt B2 2Tt EHAIOM AL O|O|X|7t O & RO|=5 Eof Chst A|Z} HIO|E{0f] ZHE 2

These representations help similar images gather more effectively in the clustering stage, making CNNs strong for many visual data types.

CNN 2|8t Z¥E3}t mjojz=afel

From convolutional filters to clustered images

2. Convolution / filtering 4. Embedding 5. Clustered output

1. Input images

7 N
L (=]
5 1 [
o
4101
"RNEINE * 1 » » » | " |
‘\\\ - ,'L/ s, E s [ ) > :
| - B | d-dim =2y & m ses}
0 | vector i\ = i
Filters (kernels) sl R AR A R RS
= "13 iy - -
-] L Em = .
w J \ = 5

AE HAF 223 Deep Image Clustering: Algorithms, Applications, and Emerging Trends CAU AutoML Lab




S NEX|QY | BB ERAUN AR FHA

Special Symposium | Toward Integrative Taxonomic Al

CNN2 FA= staot=71?

Method Overview + What Does a CNN Learn?
e X7 ©HS &2 2AE, WY, My Ojd|e} 22 M= AlZ TAME HA X3

Early convolutional layers first capture low-level visual cues such as edges, orientations, and color contrast.

o FUSUME S IjEHY &2 27t ZYE 0] 2H, 75, S +=2 E¥0| Y

Intermediate layers combine repeated patterns and partial structures to form texture-, part-, and shape-level representations.

o 2 SCR ALE YO, XASAH M, £ Z2 20jH AN JEE o £33 =

As layers deepen, semantic object concepts such as cats, cars, birds, and flowers become more clearly separated.

ASE 53 s52 olsH

From filter responses to semantic concepts

Input images Early layers Intermediate layers Deep layers
g TIREE L LT TN
S\ ::g'e';fi) .-l = Ba {Eyes & fur) : s (Cats) ‘ (Vehicles)
: Ol ] =
Y- E B\ r4ls = "» ¥ o A
~= NEREE |"roteE &8 ==
(Orientation filters) « o p > ?
' » = EYNE> -~ | -
A} CHY (Windows & - - - ‘ l J (Birds) (Flowers)
«~ BULOHS e W (SELE) TR0 U X
g I O RER 282U W oy 2 L J\ ok
sezzy W B $ ﬁ s b s £ ?ﬁi S = >
(simple textures) (I SEi08 SONED DN R e o ou/s | Are/@N

”

e = . (Scenes) (Faces/Objects)
= ‘ - ] s Swve g
o APEEEER o UHEEE | s 3
3 'yl =) A o (Textures & surfaces) '3 ' ) S |
(Filter responses) AR / Zx ! L ~ [ -
J \ . ) - eee

olai A e >x F S 1o =

2 3¢ x| & st s =S
Raw input images Edges, orientations, colors, and textures Parts, textures, and structures Semantic concepts

/
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Algorithm - Contrastive Learning

o HiZ=stE2 Z2 0|0[X|2] MZ CHE SZE2 7F47, CHE ol0|X|= ZA| HiX|[SI=5 B S &a
Contrastive learning pulls augmented views of the same image together and pushes different images apart in feature space.
e HEh 2l 10| positive pair2l negative pairS 75l 20| Y= BEHE AAR SHE
It learns meaningful representations without labels by constructing positive and negative pairs.
o SAE S BZOINE QA MB0| RAAUA| 20 0]F S| KIS 1ET} YA

The learned feature space naturally groups similar samples, forming a structure favorable for clustering.

e - -

° \
Pull s:mllar views together, push different images apart
Positive pair Encoder + contrastive loss Feature space
=) zy1 = g2 T
B - Pull g @ KN
ncoder i ‘4_;' 0.5 |
@) @ \ . —_‘,,} '\ u‘—'-_j;"
S | Contrastive » \\\_,/’ * .__, :
Loss
’ . . P (’*
Encoder |__, | @ ' . )
{0} @ L . } b o %
) .‘*\ ..-://
2 ST Ly Zl
° x - o
22 o|o|x|e] FZ= SZHoM 2711 2ol ot glo] 28 1= ¥4y
Augmented views of the same image push in representation space Cluster structure emerges without labels
N J J

" e e = o

________ - - o
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Algorithm - Contrastive Learning for Clustering
o E O|0XIE 02| WAOE U SY MEQ| iU HES positive pair2 74
Multiple augmentations of the same image are treated as positive pairs.
e I7 UILE:= S0 Z2AUT ST S 5oty 2ol HEst Hx 2SS ¥4
A shared encoder learns augmentation-invariant features and forms clustering-friendly latent representations.
o BY g 2 5 UM AL MES XSz RO St gl 28 2UE &2
After representation learning, similar samples are automatically grouped in the feature space without labels.

zstg 7|4 28E S8
From augmented views to cluster assignment

Augmentation Shared encoder Contrastive objective Clustering
Color VA ‘ P i >
et e | U - (MEE
} e z; ' % ‘\' /  (pull together) ® s | &
! o | \\‘ . i e Py & A
foemee g
4
4
@®

e e e

Crop Rotation Jitter Blu

BB REE

3 A AA
28 15 ‘ ' * &8 o
(Shared weights) ——mad L : A
o — r e = ,/' ; \‘._ Negative ',‘/ 4 "
- ‘ : i ' o ,x # ! (push apart) = 3 "0 T
’.\\‘ < AN —_ zj \‘\ .V ’ ,l/ ‘\\ ‘. /'4 ..' I.l [
1 YA ’ 7 ~ 3
! .
} > >
s o & = A J - z') . 1 J
HE ojojx| Hiole| 52 3% 232H = &4 =3 21
Original images Data augmentation Shared encoder Contrastive objective Clustered output
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Method Overview - Vision Transformer and Attention
e Transformers O|OJX|S A2 X2 LHs 5 2} IiX| Zt BH|S Attention22 84

A Transformer divides an image into patches and learns relationships among patches through attention.

® CNNO| T2 71712 24 e X 2|5t= UM Transformers G4 MA|Q] M HAE SAlof| 27

While CNNs mainly process local neighborhoods, Transformers consider global relationships across the whole image.
o g ZUS UrFst HA2 SFT YU FHe| oEH0| 28 HIOIEHAM &

Representations with global context are useful for complex scenes and long-range dependencies.
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Image patches and self-attention structure

Self-Attention Global representation
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i Input image Patch embedding Learning patch relations Global representation
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Method Overview - Transformer-based Deep Image Clustering
e Transformer 7|8t F 22 W{X| Zt 72| A E stSol S S o|0|X|2] MY =& HH

Transformer-based approaches learn long-range relationships among patches to represent global structure in complex images.
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They can learn rich representations from large-scale data and support clustering across diverse image types.

o ZEHTH HH SHI &AM =2 ALt HIE2 HIO|E| 27F0| SR AHAIECE HE

High representation capacity is accompanied by important considerations such as computational cost and data demand.

Transformer 7|4t 2Z&s} Ojo|= 2ol

From patch attention to semantic clusters

3. Transformer encoder

1. Input images 2. Patch embedding

4. Feature space
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Input images Patch embedding Global relation learning Global representations
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Summary - Method Comparison
o AZ UM ZHsWHS B sha WAl mat FHI AL FREH 2k
Deep image clustering methods differ clearly in strengths and limitations depending on how representations are learned.
o QEQIAC{9 CNNE H|ZH XBMQ AXE H|B81, (XSS Transformers T 23 BH s&0 23
Autoencoders and CNNs offer relatively intuitive structures, while contrastive learning and Transformers focus on stronger representations.
e 2H HEO0 A= GIOIE 72, ALt HE, slY 7tsd, SE ZYUS &M 22s] THS =0 &

In practice, method selection should consider data scale, computational cost, interpretability, and the target task.

M} c XpX CbR [ Liriati ALt H|E-ds
HF /| Method CHE 2% / Models =3 / Strengths CtA / Limitations Cigia P
o T8

. o B - 2% B 238t dlo|E{olA 22| 8 H|: &S

r Simple implementation - Compact representation Limited separation for complex data M. S S A
Autoencode S- A G KK
Learns spatial structure - Strong for image analysis Focused on local patterns S S & @Ak

FELE S i 2w BEe - % B oY 57 Ao 21y Hg: 3252
m - OW ;
Contrastive Label-free - Strong representation learning Sensitive to augmentation design As: ok kX

Transforrer DINO - ViT Y oA &5 - w2 HlojE =g A4 F - OOlE 23 =3 HE: | =3
Global relation learning - Suitable for large-scale data High compute and data demand As: A N %
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Applications - Where It Is Used

=

S Y 2= 2HE0| 5T 4N S HE0AM FAFIE MM XS DS EE
Deep image clustering is useful for discovering similar patterns and automatically grouping images in real-world settings with limited labels.

Mz, oz, HAEAL AE2FY, XS dAl S Crdet 20kl HjojE] = mfetat o] &HX|E X3

It supports structure discovery and anomaly screening across manufacturing, medical imaging, remote sensing, autonomous driving, and intelligent surveillance.
Q2 PNL CI2X|2 ZEHOE Fatd olo|E{0|A 20| Yk IES YAt 20| HA 28

Although the input images differ by domain, the shared goal is to form meaningful groups from unlabeled data.
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”ﬁ 7*A|' / Industrial inspection

Representative application areas
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Automatic grouping of normal and defective products Deep lmage Clustering {xbnormalutyftecti)rf nomal/jbnoimal patternilitering )
5 7
@ SI1ZAELAL / Remote sensing Q XNsg Al / Intelhgent surveillance
e A W T R

\

4t #E / Normal behavior 0|4t 8% / Anomalous behavior

2 IiE &g F H|EY WE XS AE
‘ Learning routine patterns and identifying abnormal behavior
E2 4% % Y 083 oY 4 X XY /

Support anomaly detection via clustering of road scenes and objects

EXIHI% 8 IS EF ¥ 93 X9 g

Land cover classification and change area detection
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Applications - Industrial Inspection
o LY ZAME HREES HIE SY0| Y HS0IH =2 A= dUEH2z o 2HE 257} 023

In industrial inspection, most product images are normal samples, while defective cases are scarce and costly to label.
o A3 G4 ATs= Y HEES XS2E [ 2X0M Blojt MES o|d2CE E2|5t= O R &
Deep image clustering is useful for grouping normal patterns and separating samples that deviate from the distribution as anomalies.

o HLX-Mx SED 22 S A EZ0AM AMZE A xSt olY BX|o #& Jts

It can support visual inspection automation and anomaly detection in quality-control settings such as semiconductors and manufacturing processes.

A dArore] 28t =

From product images to anomaly-aware grouping
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: &L > €] (Reject / Review) (\Q 7N
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Che W4 MET A4 B 4 NZFY/AACE St S3 BN Zae U, 2 JIMOR WM OIYE B2 o1y erx) o BR Ha 27 A
Mostly normal samples, few defects ANZAH EF & ZE0AM ot HE2 22l AL 23 2AHEHE Anomaly detection and
Visual feature extraction Normal samples cluster tightly, Cluster-based sepa.ration for quality classification output
with neural network/encoder outliers deviate from distribution inspection decision
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Applications - Medical Imaging

o SRFY2 HE7I2tETY HIE0| =1 5|7 EetXEH S=¢t Y HIOIEE &HESH| 022 32t BS

| —

Medical imaging often involves expensive expert labeling, and sufficient labeled data are difficult to obtain, especially for rare diseases.
o &3 BY 2T3E=CT-MRI SUM FAF =% IE S XIS 2 LASH T A0 o] S B0 =22 &+ US
Deep image clustering can automatically discover similar tissue patterns in CT and MR, supporting pattern discovery and abnormal-region screening.
o A TY ER, X I B, oY BX|2t Z2 o5 Y =4 Y 28 Jts
It can be applied to tasks such as cancer image categorization, tissue-pattern exploration, and anomaly detection in medical images.
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Pattern discovery in medical imaging
O 23 o= FY O B3 35 © SZ 37 (YHY) 0O =23 3N © &3 (HE oA
Input medical images Representation learning Feature space (embedding) Group interpretation Output (example applications)
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4 3 Similar tissue group
ST YEH =8 FALZE IS - B R - /ol goz 2 Y ZE QU FALTEZ
Feature extraction Clusters correspond to similar tissue
patterns, lesion types, or normal/abnormal regions .
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Applications - Remote Sensing
o 94 PNS W2 XIHI Cfo| T2ty ClO|EIS Edto| 3t HROt iAol B2 AIZtat HIZ0| WL

Satellite imagery covers broad regions and large volumes of unlabeled data, making manual classification and interpretation time-consuming and expensive.

o 23 Y 2Us= |AISH EX| D51 XY I{HE XISCE OE386 EX| 0|8 241t HEl EX|o] /&
Deep image clustering automatically groups similar land-cover and terrain patterns, which is useful for land-use analysis and change detection.
o Al -2 SBX| 2 OfL|2} &4 W3l S, 2h2f S Mt BX| EX0x 8 Jts

It can support the separation of urban, forest, water, and farmland regions, as well as forest-change, flood, and fire-related screening.

(=) P —
TN WY 2L 52
From earth observatlon images to semantic land groups
QO ¥ 9y 3 © ux /53 F&
Patch / feature extraction

Input satellite images

Diverse regions and time points Patch sampling and CNN features ‘ Group samples with similar features Spatially coherent grouping result
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© sz 32 238 O E=x ns 183 (5 B-ERE TR
Clustering in feature space Land-cover grouping Output & applications
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Semantic classes and change detection
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Applications - Autonomous Driving
o XEFY ALY FtH2tet MMERE Yrist Tt T SYS 448 ZE EHE U= Fa 57| o3 S

Autonomous driving systems generate massive unlabeled driving data from cameras and sensors, making manual organization of all scenes impractical.
o #E FY ZUS: FASHEE UM A HES O35t EF JEO|L 0| FHE A= 2SS E + US

Deep image clustering can group similar road scenes and object patterns while helping identify rare situations or anomalous scenes.
o LE Y ER X I B, oY ¥ X S XNHSFY HIO|E el EM0 & Jts

It can support autonomous-driving data organization and analysis for road-scene categorization, object-pattern discovery, and anomaly detection.
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From driving scenes to scenario groups
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Input driving images Feature extraction (encoder) Feature space (clustering) Scenario grouping Output: grouped results
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Diverse driving scenes from cameras and sensors Extract visual feature vectors Similar scenarios form clusters | Define scenario groups Support scenario-wise organization
with deep encoder in feature space from clusters and analysis
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Applications - Intelligent Surveillance

o ZA| FY2 A - CHHER ZXE|0] AIEH0| BE FHE T 2elsh| o2i{S
Surveillance videos accumulate over long periods and multiple channels, making manual review difficult.
o AEFYHAUS=HYASHHS XSCE T EXM slojLt ASS 0|4 FHE 22
Deep image clustering can group routine behavior patterns and separate outlying behaviors as anomaly candidates.

o ZUS EM, 0|Y4US EHX|, O|HIE EM S X|SH ZA| A|AH| OjoE He|o] &E Jts
It can support crowd behavior analysis, abnormal-event detection, and video data organization.
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From CCTV videos to behavior groups !
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Input CCTV videos Frame / Motion Feature Extraction Behavior Feature Space Behavior Grouping Output / Application
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Crowd Analysis Anomaly Event Search qu 1 |
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Research Trends - Emerging Directions
o HZATEC M 2pd, o 23 BY, O 2 DUS VSO YOS WH
Recent research is moving toward fewer labels, stronger representations, and larger models.

e Self-supervised Learning, Vision Transformer, Multi-modal Learning, Foundation Models7} 2 S &
Self-supervised learning, Vision Transformers, multi-modal learning, and foundation models are major trends.

o IS CHY YD2ES Ho| WS BHS Y Cl0jE| TX YA BAE B
Clustering is expanding from a single algorithmic task to discovering data structure through general-purpose representations.
x ol S=
S S 28 A S8
From representation learning to foundation models
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: Reconstruc.tlon—bas'ed Structure Igarnlng in Global context modeling General-purpose representations :
: representation learning representation space with attention sbroscinbdilitios:and faske :
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Challenges - Open Issues

o =27t H|E3 U2 stg XA R+ = HH HEQ F2 FH

High computational cost and large training requirements remain practical barriers.
o o £ 20| FYEUAE=X 2B517| 02 sy 7tsdn LEY &HEIF 32

It is often difficult to explain why clusters are formed, making interpretability and reliability important.
o [GOJE| Mg TOQl H3s} Y EXls ChYs 30 MY HES Mgt

Data bias, domain shift, and scalability can limit robust use across diverse environments.
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Key challenges for practical deployment
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Computational cost Interpretability Data bias Domain shift Reliability & scalability
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B A
) o0 - s
f dh . | EEEE . BE || 2
D |, || SBE | Fe 8.
‘ 2 8 AIZt ‘ B T . ‘ ’. = =
& y 3 3 Ch2 CIOJE] - Tt 812

GPUs Long training time XAt
¢ . :‘: :,. A DIEE 27 (Skewed clusters) HAE Z0Q! (Test domain) Large-scale data - Diverse environments
da. a ; X !
7 (7 , YN .

.. M & a / \d ® ® - | PP

IL i i Ny = [ agdee N (2% oPYo| 1 YBE &
off oj 2¥o| | Soceligo, | 0 AN &5 Stable and consistent output
A = 15 \ A o

o YIS \SeTwe, / 87 - £ w3}

=SS O 29 Why are these o e o/ (%" Changes in environment [ ofece } [ols%s | (e
Complex large models clusters formed? - S sndconiiittons ,; *% [oe

\ Y e N ~ 2K N Y,
\s J/

AE HAF 223 Deep Image Clustering: Algorithms, Applications, and Emerging Trends CAU AutoML Lab




S NEX|QY | BB ERAUN AR FHA

Special Symposium | Toward Integrative Taxonomic Al

=2 i HAX|
Summary - Key Takeaways

o CHHO| RFSH FY CIOIEAME 2J0] A= 72 E ALY = US
Deep image clustering can discover meaningful structure even when labels are limited.
o UMM FA| THO| ofL|2t 2E S0l et BH S2HE &= A
The key is learning representation spaces suitable for clustering, rather than using raw pixels directly.

o [CiZ=3stE3 Transformer, Foundation Models2 2&E|H CjYst A S22 = HE
Recent trends connect contrastive learning, Transformers, foundation models, and practical applications.

ctd 2R ° EY s s 0 Ciget S8 ° oj2f 2 7tsS

No labels required Automatic feature learning Diverse applications Future scalability
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: Deep image clustering at a glance '
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: Unlabeled data Representation learning Cluster formation Applications :
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Deep image clustering is evolving into a key technology for discovering hidden meaning in visual data.
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