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Motivation

Brightfield captures images by transmitting
standard white light through the sample

https://www.revvity.com/product/opera-phenix-plus-system-hh14001000
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Figure 1. Revvity-2b Dataset.
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Pixel Decoder Block

- -Refines multi-scale features.
- Lightweight depth-wise convolutions.
- CoordConv injects explicit positional information.

- Squeeze-and-Excitation (SE) block enhances
Pixel Decoder Block

coords. feature refinement.

- -» X X||-- SE |




Each query encodes features about a potential object

RN XD

queries Learnable queries g €
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Transformer Decoder Block

- Learns instance-level representations.

add & norm - Learnable queries as potential objects.

?

FFN - Queries attend to mask features.
\

| - Refine semantic and spatial content.

add & norm
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Transformer Decoder

self-attention l
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LIVECell EVICAN2gy  EVICAN2); EVICAN2p ISBI2014
Models backbones | num queries | AP APzo| AP APs9| AP AP59 | AP AP59| AP  APgg | #params. | FLOPs
Models with Convolution-Based Backbones
Mask R-CNN [14] R50 100 447 742 | 48.1 759 | 20.7 425 19.1 398 | 58.9 88.7 44M 115G
PointRend [34] R50 100 440 735 | 266 479 | 18.0 385 134 283 | 60.0 88.7 56M 66G
Mask2Former [19] R50 100 437 73.8 | 534 89.1 | 29.1 549 242 504 | 585 875 44M 67G
MaskDINO [20] R50 100 433 735 | 507 839 | 293 579 | 220 419 | 554 B86.8 44M 64G
IAUNet (ours) 453 753 | S8.0 918 | 32.1 59.0 249 454 | 56.0 B85.0
Mask R-CNN [14] R101 100 442 732 | 415 699 | 233 469 178 36.7 | 60.7 88.8 63M 134G
PointRend [34] R101 100 440 73.7 | 413 652 | 202 393 148 32.1 | 60.3 89.2 75M 86G
Mask2Former [19] R101 100 440 735 | 544 878 | 27.1 S51.7 204 424 | 595 8B.6 63M 86G
MaskDINO [20 R101 100 434 736 | 53.7 850 | 31.8 592 27.1 513 | 557 874 63M 84G
IAUNet (ours) 454 755 | 583 92.7 | 329 59.6 26.9 50.0 | 565 87.1
Models with Transformer-Based Backbones
Mask R-CNN [14] Swin-S 100 443 733 | 526 O91.7 | 27.0 592 202 50.2 | 61.9 90.7 69M 141G
PointRend [34] Swin-S 100 439 735 | 551 89.2 | 30.1 61.6 244 546 | 62.1 91.0 81M 93G
Mask2Former [19] Swin-S 100 446 743 | 652 968 | 362 66.7 | 309 62.7 | 57.1 873 69M 93G
MaskDINO [20] Swin-S 100 439 738 | 570 869 | 33.6 649 276 569 | 527 853 7IM 181G
MaskDINO [20 Swin-S 300 448 75.1 | 565 91.8 | 35.0 70.7 30.2 643 | 51.2 834 7IM 187G
IAUNet (ours) 454 754 | 588 93.1 | 322 61.9 277 54.1 | 61.1 90.1
IAUNet (ours) 456 764 | 609 936 | 332 620 296 58.0 | 61.8 89.8
Mask R-CNN [14] Swin-B 100 442 73.1 | 520 89.0 | 26.7 60.3 248 555 | 624 915 107M 186G
PointRend [34] Swin-B 100 440 737 | 586 910 | 341 64.6 258 520 | 62.7 91.5 119M 137G
Mask2Former [19] Swin-B 100 449 747 | 550 925 | 314 60.9 277 56.6 | 58.1 884 107M 138G
MaskDINO [20] Swin-B 100 443 741 | 573 091.1 | 373 75.7 30.1 656 | 535 86.6 110M 226G

MaskDINO [20
IAUNet (ours)

IAUNet (ours)

Swin-B

300

45.2 75.8

45.5 75.6
45.8 76.7

579 91.6

39.6 935
61.2 94.8

39.1  78.8
342 65.7
38.0 69.6

34.0  72.3
289 56.9
30.7 59.9

53.3 84.8

61.5 90.8
63.0 91.5

110M

232G

Table 1. Instance segmentation on LIVECell, EVICAN?2 (Easy, Medium, Difficult test subsets), and ISBI2014.
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LIVECell EVICAN2r  EVICAN2,y EVICAN2Zp ISBI2014

Models backbones | num queries | AP APzy| AP APsq| AP AP59 | AP AP59| AP APjy
Models with Convolution-Based Backbones

Mask R-CNN [14] R50 100 447 742 | 48.1 759 | 20.7 425 19.1 398 | 58.9 88.7
PointRend [34] R50 100 440 735 | 266 479 | 18.0 385 134 283 | 60.0 88.7
Mask2Former [19] R50 100 437 73.8 | 534 89.1 | 29.1 549 242 504 | 585 875
MaskDINO [20] R50 100 433 735 | 507 839 | 293 579 220 419 | 554 B86.8
IAUNet (ours) R50 100 453 753 | S8.0 918 | 32.1 59.0 249 454 | 56.0 B85.0
Mask R-CNN [14] R101 100 442 732 | 415 699 | 233 46.9 178 36.7 | 60.7 88.8
PointRend [34] R101 100 440 73.7 | 413 652 | 202 393 148 32.1 | 60.3 89.2
Mask2Former [19] R101 100 440 735 | 544 878 | 27.1 S51.7 204 424 | 595 B88.6
MaskDINO [20] R101 100 434 736 | 537 850 | 31.8 592 27.1 513 | 557 874
IAUNet (ours) R101 100 454 755 | 583 92.7 | 329 59.6 26.9 50.0 | 565 87.1
Models with Transformer-Based Backbones

Mask R-CNN [14] Swin-S 100 443 733 | 526 91.7 | 27.0 59.2 202 50.2 | 61.9 90.7
PointRend [34] Swin-S 100 439 735 | 551 89.2 | 30.1 61.6 244 546 | 62.1 91.0
Mask2Former [19] Swin-S 100 446 743 | 652 968 | 362 66.7 | 309 62.7 | 57.1 873
MaskDINO [20] Swin-S 100 439 738 | 570 869 | 33.6 649 276 569 | 527 853
MaskDINO [20] Swin-S 300 448 75.1 | 565 91.8 | 35.0 70.7 30.2 643 | 51.2 834
IAUNet (ours) Swin-S 100 454 754 | 588 93.1 | 322 61.9 277 54.1 | 61.1 90.1
IAUNet (ours) Swin-S 300 456 764 | 609 936 | 33.2 62.0 296 580 | 61.8 89.8
Mask R-CNN [14] Swin-B 100 442 73.1 | 520 89.0 | 26.7 60.3 248 555 | 624 915
PointRend [34] Swin-B 100 440 737 | 586 91.0 | 341 64.6 258 520 | 62.7 91.5
Mask2Former [19] Swin-B 100 449 747 | 550 925 | 314 609 277 56.6 | 58.1 884
MaskDINO [20] Swin-B 100 443 741 | 573 091.1 | 373 75.7 30.1 656 | 535 86.6
MaskDINO [20] Swin-B 300 452 758 | 579 916 | 39.1 78.8 340 723 | 533 848
IAUNet (ours) Swin-B 100 455 756 | 59.6 935 | 342 65.7 289 569 | 61.5 90.8
IAUNet (ours) Swin-B 300 458 76.7 | 61.2 948 | 38.0 69.6 30.7 599 | 63.0 0915

Table 1. Instance segmentation on LIVECell, EVICAN?2 (Easy, Medium, Difficult test subsets), and ISBI2014.
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Revvity-25

Models backbones | num queries | AP APso AP75| APg AP,ps APy | #params. | FLOPs
Models with Convolution-Based Backbones

Mask R-CNN [14] R50 100 39.7 772 374 | 0.6 19.0 44.6 44M 115G
PointRend [34] R50 100 422 794 409 | 04 21.7 473 56M 66G
Mask2Former [19] R50 100 464 798 499 | 0.7 25.7 52.8 44M 67G
MaskDINO [20 R50 100 456 804 48.2 | 1.8 223 51.8 44M 64G
IAUNet (ours) 497 82.1 548 | 0.6 273 56.0

Mask R-CNN [14] R101 100 407 775 399 | 04 20.1 45.8 63M 134G
PointRend [34] R101 100 429 793 425 | 0.0 184 48.9 75M 86G
Mask2Former [19] R101 100 472 80.1 518 | 1.7 25.7 533 63M 86G
MaskDINO [20] R101 100 473 81.0 504 | 0.9 23.0 53.5 63M 84G
IAUNet (ours) R101 100 515 84.7 56.1 | 1.7 29.2 57.8 58M 69G
Models with Transformer-Based Backbones

Mask R-CNN [14] Swin-S 100 2477 634 125 | 0.0 7.3 28.9 69M 141G
PointRend [34] Swin-S 100 436 80.0 43.0 | 0.5 21.5 489 81M 93G
Mask2Former [19] Swin-S 100 512 833 564 | 2.7 27.7 58.0 69M 93G
MaskDINO [20] Swin-S 100 503 832 539 | 4.7 27.6  56.1 71M 181G
MaskDINO [20 Swin-S 300 494 83.6 533 | 2.9 258 55.3 71M 187G
IAUNet (ours) 53.0 85.7 57.0 | 13 29.7 59.1

IAUNet (ours) 533 860 596 | 1.6 294 59.8

Mask R-CNN [14] Swin-B 100 271 649 17.2 | 0.1 9.7 31.2 107M 186G
PointRend [34] Swin-B 100 452 80.1 479 | 0.1 23.0 509 119M 137G
Mask2Former [19] Swin-B 100 520 83.6 584 | 1.1 27.8 59.0 107M 138G
MaskDINO [20] Swin-B 100 505 835 549 | 2.0 27.1 564 110M 226G
MaskDINO [20 Swin-B 300 504 843 548 | 0.8 26.3  56.6 110M 232G

IAUNet (ours)

IAUNet (ours)

Table 2. Instance segmentation on our Revvity-25 dataset. |AUNet outperforms strong query-
based baselines as well as other state-of-the-art models when training with fewer parameters
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Revvity-25 LIVECell
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PointRend-R50 Mask2Former-R50 MaskDINO-R50 IAUNet-R50 (ours)

Figure 2. Visualization of instance segmentation predictions across different state-of-the-art models
(using ResNetb50 backbone). We also report per-image AP score.
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Conclusions ™™

- We introduce IAUNet, a novel model for cell instance segmentation that
integrates a lightweight convolutional and a Transformer
decoder for efficient multi-scale object query refinement.
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Conclusions ™™

- We introduce IAUNet, a novel model for cell instance segmentation that
integrates a lightweight convolutional and a Transformer
decoder for efficient multi-scale object query refinement.

- We present the 2025 Revvity Full Cell Segmentation Dataset, featuring

detailed and validated annotations for evaluating segmentation models on
brightfield images.
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Appendix



Ablations

We investigate the benefit of adding different decoder components.
Adding CoordConv improves object localization.

Decoder AP  AP59 APry5| #params. | FLOPs

TAUNet (R50) 438 73.1 474 34M 42G
+ mask branch X, 440 732 479 34M 42G
+ FFN (2048 — 1024) 44.1 73.2 48.0 32M 42G
+ SE block [68] 442 73.3 48.1 32M 42G
+ CoordConv [67] 4477 T74.1 48.7 32M 42G
+ L (1 — 3) (round-robin.) | 443 74.0 48.1 39M 49G
+ L (1 — 3) (seq.) 45.1 744 494 39M 49G
+ deep supervision 453 753 494 39M 49G

Figure <>. Visualization of instance segmentation predictions across different state-of-the-art models
(using ResNetb0 backbone). We also report per-image AP score.



Ablations

We observe consistent gains when increasing
the query count from 100 to 300 and 500

num queries | AP AP59 AP75| FLOPs
100 453 753 494 | 49G
300 459 76.5 504 | 61G
500 46.1 768 50.8 | 73G
1000 453 76.3 50.0 | 104G

Figure <>. Scaling the number of object queries benefits the model



Ablations

We observe consistent gains when increasing
the query count from 100 to 300 and 500

Pixel Decoder AP AP5yp AP7s| FLOPs
+ full skip 44.7 739 489 | 146G
+1 x 1skipconcat | 442 73.8 483 | 135G
+ 1 x 1 skip add 443 733 482 | 132G
+ light mask head 438 73.1 474 | 42G

Figure <>. Scaling the number of object queries benefits the model
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Revvity-25

- High-resolution (1080 x 1080)
- 110 brightfield images
- 2,937 expert-validated cell instances
- average of 60 points per cell and up to 400
points for cells with complex morphology
- On average 27 manually labeled
- / cell lines
mouse fibroblasts (NIH/3T3)
canine kidney epithelial cells (MDCK)
numan cervical adenocarcinoma (HelLa)
numan breast adenocarcinoma (MCF7)

numan lung carcinoma (A549)
numan hepatocellular carcinoma (HepG2)

numan fibrosarcoma (HT1080)
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