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Introduction — Context

* Camouflage is a complex biological strategy that animals use to conceal their appearance by
blending in with their habitat

* |ldentifying camouflaged objects has various applications: search-and-rescue work, wildlife
population monitoring, media forensics, etc.

-—
—

Exemplary camouflaged samples extracted from CAMO-FS dataset
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Problem statement

* Camouflage object detection and instance segmentation:

Output |

=

Inbui irhc;ge— | Class Bodndin_cj .
* Challenges: Lacking fine-grained annotated data for camouflage domain

=>» Few-shot learning

* Remaining challenges: few-shot data lacks diversity due to limited number of samples

=» Data enhancement

l How to efficiently enhance data for camouflage FSOD and FSIS? I
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Problem statement

[ How to efficiently enhance data for camouflage FSOD and FSIS? ]
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Key contributions

* CAMO-InstSynth framework with a generative multi-conditional background synthesis

method to enhance existing few-shot camouflage samples on FSOD and FSIS

* Extensive experiments on CAMO-FS benchmark to demonstrate the robustness of

CAMO-InstSynth over existing SoTAs
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Proposed method — CAMO-InstSynth
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Multi-Conditional Background Synthesis

* We consider image /., consisting of a foreground /;; and a background /,,
Ireal :Ifg®M + Ing(l_M)

* Then, we synthesize two background with two versions:

IOISB:Ifg@M+fbg@(1_M) InisB = Ipg © (1 — M)

Metadata B

Input Image Mask M Input Image Mask 1-M

Metadata

* These inputs are fed into the Diffusion-based Background Generator, i.e., Blended Diffusion!t!

[1] Avrahami, O., Lischinski, D., Fried, O.: Blended diffusion for text-driven editing of natural images. In: CVPR 2022
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Sampling strategy

Notation:
* Real image: fg — bg + fg — bg + bg
* Real foreground: fg

» Synthetic background: bg

=> Sampling ratio: 1 fg —bg:1fg — bg:1bg

—EER—

Real image
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Experiments — SOTA comparison

Model Novel AP
) Instance Segmentation Object Detection

Method Year Baseline r—

2 3 5 |Aveg.| 1 2 3 5 |Avg.
MTFA [4] 2021 2.48 6.67 581 6.40 | 5.34 §1.98 6.47 582 6.17 | 5.11 : : ,
M-RCNN' [9] 2017 ResNet-50 4.08 6.79 6.90 829 ] 6.52 §2.82 5.09 546 6.18 | 4.89 - L S;%)t;se.
iFS-RCNN [22] 2022 417 6.26 5.73 6.38 | 5.64 §3.92 6.06 547 6.60 | 5.51 N & g EA
MTFA [4] 2021 3.66 6.21 6.16 595 | 5.50 [2.93 590 584 5814 |5.13 % 35
M-RCNN' [9] 2017 439 7.69 794 10.09)] 7.53 §3.03 5.80 6.20 7.79 |5.71 : ¥
iFS-RCNN [22] 2022 427 6.55 6.07 7.80 | 6.17 §3.79 6.28 6.01 8.08 | 6.04
FS-CDIS-ITL [28] 2024 ResNet-101 4.46 5.57 6.41 8.48 | 6.23 J4.04 7.28 7.49 9.76 7.14
FS-CDIS-IMS [28] 2024 546 6.95 7.36 9.61 | 7.35 |4.50 6.95 T7.55 10.36 | 7.34
CAMO-Freq [24] 2025 5.71 - - 831 ) 7.01 |5.56 - - 8.89 | 7.23
CAMO-GenOS [26] 2025 491 - - - 4.91 |5.00 - - - 5.00

Our Performance

CAMO-InstSynth’ 2026 6.17 851 881 9.52 ] 8.25591 832 868 810 |7.75
CAMO-InstSynth't 2026 ResNet-101 19 g69 916 10.48)] 8.60 |5.79 855 8.63 8.33 |7.83

M-RCNN' is Mask R-CNN [9] with sigmoid classifier.
CAMO-InstSynth! utilizes OISB; CAMO-InstSynth'" utilizes NISB; Both are built on top of iFS-RCNN [22].

 CAMO-InstSynth achieves the highest average accuracy over SoTAs
on CAMO-FS benchmark

Image Ground-truth Prediction
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Experiments — Ablation study

# | Method | AP AP50 AP75 APs APm APl ARl ARI0O AR100 ARs ARm ARI
Instance Segmentation

Baseline 5.49 814  6.04 2586 548 440 2349 2826 2839 3605 20.01 28.69 )

1 [iFS-RCNN | OISB | 617 896 7.00 27.63 634 6.55 2441 2076  20.80 3871 19.93 29.71 * Both OISB and NISB variants Outperform
iFS-RCNN | NISB = 612 887 681 2664 557 531 2428 30.33 3035 37.85 2151 30.07 A
Baseline 807 12.08 927 3259 619 6.40 2747 36.62  36.86 4149 23.89 36.86 the vanilla iFS-RCNN

2 |iFS-RCNN + OISB | 851 1262 10.10 3445 6.88 6.51 28.79 36.97  37.19 4287 24.83 36.40 i ) )
iFS-RCNN + NISB | 862 1253 9.98 3429 7.99 556 2948 37.17 3741 41.63 26.16 36.75 * IFS-RCNN + NISB con5|stently achieves
Baseline 826 12.23 937 36.68 6.98 6.92 29.83 39.92  40.43 4437 25.00 39.55

the best performance

3 |iFS-RCNN 4 OISB | 881 12.78 9.97 38.29 7.12 6.08 3041 39.76 40.06 4748 27.19 38.64
iFS-RCNN + NISB | 9.16 13.22 10.24 36.78 7.24 8.69 30.15 39.37 39.61 4443 26.81 38.30

Baseline 876 1341 10.04 3873 6.02 836 2880 4051 4140 43.38 27.06 41.03
5 | iFS-RCNN + OISB | 9.52 1439 1077 39.02 6.73 748 20.71 4121 4169 43.67 27.75 40.90
FS- 15 54 - ¢ =10 903 2908 A A1 76 49 K- 9 41.55 H
iFS-RCNN + NISB | 10.48 15.84 11.040;8.18[) 7.19 9.03 29.06 41.14 41.76 42.83 29.41 41.55 9 Background_aware Synthe5|s better
ject Detection . .
Baseline 525 816 590 2974 7.06 4.17 2060 2553 2572 34.33 19.34 26.95 captures camouflage characteristics where
1 [iFS-RCNN + OISB | 591 911 675 30.05 791 647 2256 27.65  27.72 34.91 1950 27.89

iFS-RCNN + NISB | 5.79 8.93 6.63 2944 7.59 5.03 2273 28.13 28.23 35.04 20.86 29.08 fo regro un d an d ba C kg roun d are St ro ng Iy

Baseline 776 1213 9.15 3256 844 6.34 24.93 32.83 3298 3827 22.65 33.82 entangled
2 |iFS-RCNN + OISB | 832 1255 9.60 34.56 10.17 6.26 27.70 34.93  35.08 40.53 23.69 34.50
iFS-RCNN + NISB | 855 1240 9.68 3500 1048 518 28.13 3538 3565 39.86 24.65 35.35
Baseline 707 1232 847 37.18 852 6.33 2636 3528 3570 41.37 22.84 36.22
3 |iFS-RCNN | OISB | 868 1264 9.95 39.36 1229 6.36 29.36 3832 3868 4555 2599 38.36
iFS-RCNN + NISB | 863 13.13  9.29 3808 1150 8.08 28.34 36.62  36.88 4202 25.66 36.36
Baseline 7.20 1387 7.4 3345 727 6.81 24.32 33.67 3452 36.09 21.76 34.69
5 | iFS-RCNN + OISB | 810 1452  7.99 33.10 10.58 6.89 25.58 34.00  34.98 3497 22.81 34.95
iFS-RCNN | NISB | 833 1621 814 3270 1043 7.66 2418 3514 3587 3521 23.17 36.10

The breakdown improvement of our proposed CAMO-InstSynth over
two different approaches on top of baseline iFS-RCNN
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Experiments — Ablation study

Exemplary background synthesis results between the two variants of OISB and NISB

Non-Instance on Synthesis Background (NISB)
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Conclusion

In this work, we contribute:

* CAMO-InstSynth framework with a generative multi-conditional background synthesis method to
enhance existing few-shot camouflage samples on FSOD and FSIS

* Extensive experiments on CAMO-FS benchmark to demonstrate the robustness of CAMO-InstSynth
over existing SoTAs

In the future,

* Handle more complex camouflage scenarios, i.e., multi-object, multi-scale, cluttered environments

* Investigate the framework generalization and consider an end-to-end manner
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