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1. Introduction

* “Camouflage” is a defense mechanism that animals use to conceal their appearance by
blending in with their environment

* Applications: search-and-rescue work, wild species discovery and preservation, medical
diagnostic, etc.

Exemplary camouflaged samples extracted from CAMO-FS dataset




1. Introduction

* One-shot Camouflage Instance Segmentation (One-shot CIS) is formulated as a two-stage N
training task:

» Base training phase on abundant annotated data of general domain <\*
» Novel fine-tuning phase on one-shot sample of novel domain /X
"\\;/f
Abundant annotated base data ’é -
Abundant annotated data per class ../
. Train v
d Train Instance :zg,::entation -
Instance Segmentation
= Model _
—
Fine-tune

Fully supervised learning

One-shot learning




1. Introduction

Focused challenge: high-performance methods require training on large annotated datasets, 0

which are costly and impractical to collect in camouflage scenarios |
Contribution: we propose Generative One-shot Camouflage Instance Segmentation, dubbed \/’
CAMO-GenOS %
/ Feature Space \ ‘//
K=
Instance Feature | | > N
Extractor
Features :-:: N:;fn[ :[l::s (//// \
\ : 0

Instance Segmentation
Model

~_Fig. Our CAMO-GenOS Conceptlidea Presentation




2. Related work

7\,"
‘ [ J
* Image Segmentation Research S
 Camouflage Instance Segmentation ,,
—6» . e, ® . . \ /'/H
* Multi-conditional Image Synthesis in Low-shot CIS VA
A /«"l/’/\><
* Few-shot Camouflaged Datasets for Instance Segmentation
| X
.
|
#Annot. #Meta- | #Obj. | Bbox. Obj. Ins. e
Dataset Year Venue TYP | Camo.Img. | Cat. | Cat. GT | Mask GT | Mask GT | Few-shot S
Camouflaged Animals 2016 ECCV Video 181 - 6 X v v X S
MoCA 2020 ACCV Video 7,617 - 67 v X X X ya
CHAMELEON 2018 - Image 76 - - X v X X
CAMO 2019 CVIU Image 1,250 2 8 X v X X
COD 2020 CVPR Image 5,066 5 69 v v v X
— NC4K 2021 CVPR Image 4,121 5 69 v v v X =
CAMO++ 2022 TIP Image 2.695 10 47 v v v X




3. Method

CAMO-GenOS has 2 main components: P> Diffusion-based Multi-Conditional Instance Synthesis \
P One-shot Instance Segmentation Pipeline

One-shot Data

[ Metadata

Feature Extractor

Diffusion-based Multi-Conditional Instance Synthesis

RPN

v
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Cosine-similarity
Classifier

Histogram

—b[ Backbone ]—»L Rol Align Extractor |

Rol Feature i

Class-specific
Box Regressor

Matching

Input Image

[ Class: Octopus

Output Category

Ny g synthesized instances

Up-
sampling

Results

Output Bounding Box

Class-specific
Mask Predictor

N
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Output Mask N

Overview of our CAMO-GenOS framework leveraging generative models to enhance one-shot camouflage instance segmentation

CAMO-GenOS employs the Diffusion-based Multi-Conditional Instance Synthesis to enhance the
diversity of camouflage instances to boost the One-shot CIS performance




3. Method

Diffusion-based Multi-Conditional Instance Synthesis

"‘f:‘ 7/ —
\ i . [ One-shot Data Diffusion-based Multi-Conditional Instance Synthesis ° | N S p i re d by I n Stsynt h [2 1’46] , CA M O_G e N O S %\f\/y
— /) Metadata . 5 e Sav AN
> synthesizes Ngy, 4 samples from multiple conditions:
Metadata- Histogram
Driven Prompt Matching

> A referenced query image I; € Cppper,
» A ground truth mask M,

Octopus I l

» A guided text prompt F,

e - VIR R ~ |t * Metadata-Driven Conditional Text Prompt: A
" Input Image Naug synthesized instances “a photo of a/an [size] [meta-class] [instance class]”
Focus: Diffusion-based Multi-Conditional Instance Synthex . . )
The synthesized instances are post-processed with

the Histogram Matching technique _=




3. Method

Diffusion-based Multi-Conditional Instance Synthesis

Original Image w/ Difflnpainting Synthesis Histogram Matching Results
’ N -, SR Al L . \ .
't\‘ One-shot Data Diffusion-based Multi-Conditional Instance Synthesis
7X| [ Metadata
4 » ‘\
Histogram A
v Octopus Matching /-
| ““ ,/’\
K=
\ 4 JJ /
L
b 5 8 F & 4 =3 | WS .~ GO ,‘,.
Input Image Ngy g synthesized instances 4 %& i v SN -
Focus: Diffusion-based Multi-Conditional Instance Synthesis Exemplary histogram matching results on the synthesized instances

e Histogram Matching Post-processing adjusts the synthesized pixel intensity to match the
original image




3. Method

One-shot Instance Segmentation Pipeline

 Following FS-CDIS! and iMTFA!1ll, our CAMO-GenOS formulates the one-shot CIS task with:

Feature Extractor

\ 1}
a 4k 2
Class: Octopus 3 o

ERITT
Output Category Output Bounding Box

Output Mask

Task Heads
> Cosine-similarity
REN Classifier
4 ‘ ]

; I Rol Feature i Class-specific

Sackbane ]_.l Rot Align Extractor r . Box Regressor

Up- Class-specific

sampling Mask Predictor
jeESERERnaEy

Results |
! ——
1

I
1 —

Focus: One-shot Instance Segmentation Pipeline

» Base training phase: on 80 COCO classes

» Novel fine-tuning phase

: on 47 CAMO-FS classes

|
| Generation Path !

! 5 1
1| Segmentation Path
1




4. Experiments

* Pioneer in one-shot learning on camouflage instance segmentation domain N
O . i ]
* Our CAMO-GenOS improves over the SoTA FS-CDIS!"thanks to the generative approach /
in both tasks on CAMO-FS benchmark N
P\ N
: Tab. State-of-the-art comparison on CAMO-FS dataset. The chosen backbones are COCO-80 FPN-ResNet-101. LXK
v Instance Segmentation // 7
\ A
Method Synthesis Base nAP nAP50 nAP75 nAPs nAPm nAPl nARl1 nAR10 nARs pARm pARI k/
Mask-RCNN [28] 2.99 5.73 326 2068 306 274 1245 1381  21.85 834 13.74 &
iMTFA [11] 3.66 5.37 409 2242 435 201 1130 1358 2597 1296 12.53
iFS-RCNN [10] 427 5.98 475 2157 571 487 1170 1351 2335 1175 1428 ‘
FS-CDIS [7] 446 - 7.34 484 2550 560 348 1477 1726 2720 1351 17.11
CAMO-GenOS BlendedDiff [19] | 4.80 +0.34 7.79 537 2859 567 332 1785 1953 2900 1345 2065 P
) Difflnpainting [17] | 491  +0.45 7.84 547 2654 506 402 17.18 1872 2770 975 1923 /
(ours GLIGEN [18] 474  +0.28 7.53 531 28.10 479 528 17.65 1938 2933 1229 2042
Object Detection
= Method Synthesis Base nAP nAP50 nAP75 nAPs nAPm nAPlI nARl1 nARI0 nARs nARm nARI
Mask-RCNN [28] 3.74 6.15 433 2660 595 437 1683 1844 2757 1185 19.66
iMTFA [11] 2.93 5.86 220 2095 418 203 925 1084 2174 1149 877 —
iFS-RCNN [10] 3.79 5.92 446 2095 517 455 1004 1167 2115 1060 13.01
FS-CDIS [7] 388 - 771 321 2238 640 332 1266 1485 2267 1189 1536
BlendedDiff [19] | 490 +1.02 8.09 478 2912 749 361 1770 1934 2913 1524 2042
&ﬁr)O'Ge“OS DiffInpainting [17] | 5.00 +1.12 8.33 5.26 6.57 405 18.04
L GLIGEN [18] 483  +0.95 7.94 4.85 628 397 1846

——
*The increased values in blue are compared to the SoTA baseline FS-CDIS [7].



4. Experiments — Ablation study

Tab. Ablation study of our CAMO-GenQOS

on multiple generation-based methods evaluated on CAMO-FS \
Instance Segmentation Object Detection
Method nAP nAP50 nAP75| nAP nAP50 nAP75
FS-CDIS [7] 4.46 7.34 484 | 388 7.71 321
+ ITL 4.55 7.52 494 | 3.99 7.92 3.47 . . . .
T MS 2oa Tae 3es | 2ot <os a4 * Different diffusion-based instance
+ Both 4.10 7.40 415 | 3.99 7.82 3.40 . .
— synthesis methods stably increase the
CAMO-GenOS (ours) .
w/ BlendedDiff [19] 480 +034] 7.79 537 | 490 +1.02] 8.09 4.78 nAP of the baselines on both tasks
+ ITL 516 +061] 825 573 | 497 +098] 854 5.08
+ IMS 419 +025] 798 454 | 475 +074] 838 5.16 . .
+ Both 425 +0.15| 736 471 | 479 +080] 771 452 * Instance triplet loss (ITL, built on top
w/ DiffInpainting [17] | 491 +045] 7.84 5.47 500 +1.12] 833 5.26 Of FS_CD|S) ie|ds better contri bution
+ ITL 480 +025] 7.90 532 | 497 +098) 829 4.61 y
+ IMS 404 +0.10] 721 434 | 468 +0.69] 784 4.84 ;
+ Both 429  +0.19] 7.30 460 | 470 +071] 783 4.86 to the final nAP
w/ GLIGEN [18] 474 +028] 753 531 | 483 +095| 794 4.85
+ ITL 530 +0.75] 826 6.02 | 523 +124| 863 5.61 —_—
+ IMS 439 +045] 7.28 486 | 452 +051] 787 452 Z
+ Both 433 +023] 7.28 474 | 475 +076] 7.62 5.52

*The increased values in blue are compared to the SoTA baseline FS-CDIS [7] with the
corresponding ITL, IMS, and both of them.




5. Conclusion

\
, - : TS
: In this work: S
W/ * We proposed CAMO-GenOS - a pioneer framework addressing one-shot camouflage L
XN 3 . ere . . . . . e
instance segmentation utilizing a generative approach to enrich the training samples N
* Experimental results proves our SOTA results among the surveyed methods on CAMO-FS \
benchmark *
In the future: “
* Generalize our proposals to the general domain <
 Automate the multiple conditional image generation procedure
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