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ABSTRACT

Few-shot segmentation (FSS) is typically evaluated under a positive-class assump-
tion, where the reference class is guaranteed to appear in every target image. This
assumption is particularly fragile in remote sensing imagery, where large-scale
scenes are processed in a patch-wise manner and target objects are often entirely
absent. To better reflect real-world application scenarios, evaluation must consider
not only where to segment, but also whether segmentation should be performed
at all. To address this gap, we introduce the Presence-Uncertain Few-Shot Seg-
mentation (PU-FSS) Benchmark, centered on the aerial imagery dataset iSAID,
which naturally exhibits presence uncertainty due to large-scale scenes. We fur-
ther include standard natural image datasets to verify that the proposed evaluation
protocol is not limited to a single domain. We also propose a lightweight training-
free prototype-debiasing (PD) module that suppresses background bias in simi-
larity computation, enabling reliable abstention when the reference class is absent.
The proposed PU-FSS provides an evaluation protocol aligned with the require-
ments of large-scale remote sensing image analysis. Our results show that the high
performance of training-free FSS models under the positive-class assumption does
not translate to reliability in real-world settings, and that prototype debiasing pro-
vides a practical means to evaluate such models under presence uncertainty, par-
ticularly in remote sensing imagery. Our code and dataset are available at PUFSS,

1 INTRODUCTION

Few-shot segmentation (FSS) aims to segment novel classes using only a few annotated reference
images, and has recently attracted attention as a practical alternative to dense annotation. In remote
sensing imagery, however, the assumptions underlying standard FSS evaluation are particularly frag-
ile. Specifically, most benchmarks rely on the positive-class assumption, where the reference class
is guaranteed to appear in every target image.

Such imagery typically covers large-scale scenes and is processed in a patch-wise manner during
inference, resulting in a high proportion of patches where the target object is entirely absent. In
such settings, models must decide not only where to segment but also whether to segment. Under
the positive-class assumption of current FSS benchmarks, training-free generalist models (Zhang
et al.l 2023} [Liu et al} 2023b; Zhang et al., [2024) typically select top-k candidate regions based
on similarity and apply SAM-based refinement. This design yields strong benchmark results but
leads to unreliable predictions in presence-absent scenarios (Figure[I). While several studies (Kang
& Chol [2022; [Liu et al., 2023a; [Yu & Li, |2024) have questioned the positive-class assumption,
such analyses remain largely unexplored in remote sensing, where a standardized, cross-domain
evaluation protocol is still missing. To address this gap, we introduce the Presence-Uncertain Few-
Shot Segmentation (PU-FSS) Benchmark, which explicitly incorporates both target-present and
target-absent scenarios. The benchmark enables systematic evaluation of not only segmentation
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Figure 1: Overview of the proposed Presence-Uncertain Few-shot Segmentation (PU-FSS) Bench-
mark. (a) Positive Class Assumption setting, where all evaluation samples contain the reference
class. (b) Real-world setting, where evaluation includes both reference-matching and non-matching
samples (red polygons = positive; no polygon = negative). (c) Few-shot segmentation pipeline eval-
uated under the PU-FSS protocol.

accuracy when the target class is present, but also abstention reliability under presence uncertainty,
reflecting practical remote sensing settings. To assess generalization, PU-FSS spans both aerial
and natural image domains, and reorganizes existing datasets into presence-aware evaluation splits
(Appendix [A).

The proposed PU-FSS provides an evaluation protocol aligned with real-world large-scale image
analysis. Extensive experiments reveal that existing FSS methods exhibit critical limitations under
presence uncertainty, motivating both the benchmark and our prototype debiasing module.

2  PRESENCE-UNCERTAIN FSS (PU-FSS) BENCHMARK

2.1 PRELIMINARIES

In standard few-shot segmentation (FSS) benchmarks, models are tasked with predicting a pixel-
wise mask of a reference class in a target image, given a small set of annotated reference images.
Typically, a dataset with C classes is partitioned into N disjoint groups to define base and novel
classes. During evaluation, one group is treated as novel classes, while the remaining groups define
the base classes used for model development. Each evaluation instance consists of a target image
¢, together with a reference set B¢ = {(2gop 1 Miyer, o) HE |, where Myt . denotes a binary mask
for class c.

Performance is typically measured by the Intersection-over-Union (IoU) between 3 and the ground-
truth mask y°. Crucially, this evaluation protocol relies on the positive-class assumption, which
guarantees that the reference class is always present in the target image. As a result, models are
never required to abstain from prediction, even when the reference class is absent in practice.

2.2 DETAILS OF THE PU-FSS BENCHMARK

The PU-FSS benchmark is centered on the aerial imagery dataset iSAID (15 classes), where large-
scale scenes, small objects, and densely packed instances naturally induce presence uncertainty. To
evaluate generalization capability, we further incorporate three widely used natural image datasets:
PASCAL VOC (20 classes), PASCAL-Context (59 classes), and COCO-Stuff (171 classes). While
PASCAL VOC provides clean object-centric annotations, PASCAL-Context and COCO-Stuff cover
diverse object and stuff categories, enabling evaluation across a broader range of object and stuff
categories.

Entropy-based uncertainty. To investigate how segmentation performance varies across different
levels of input difficulty, we estimate the uncertainty of each evaluation image using the predictive
entropy of a pretrained segmentation model.

Given softmax probabilities ¢(y; | =) at pixel ¢ for class y; € {1,...,C}, the pixel-level entropy is
defined as

Hi(w) ==Y a(yi = c| z) logq(yi = ¢ | @), )

c=1
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iSAID-PU
Pos.-casy Pos-hard  Negative

Pascal-Context-PU
Pos.-casy Pos.-hard  Negative

COCO-Stuff-PU
Pos.-casy Pos-hard  Negative

Pascal-PU

Methods Pos.-easy Pos.-hard  Negative

Trained generalists

SegIC(Meng et al. 2024 27.07 15.13 99.62/56.84| 4338 33.18 94.99/30.13| 34.11 25.25 95.93/34.27| 64.77 53.35 94.45/ 46.47
SegGPT(Wang et al.}[2023a] 24.96 6.55 99.21/44.04| 4770 31.61 94.08/58.02|  44.90 2491 95.54/52.25| 79.16 60.08 93.62/55.88
Training-free generalists

PerSAM(Zhang et al.;12023} 8.47 4.26 9349/ — 34.97 20.56  78.44/ — 29.97 16.77 86.30/ — 51.25 31.92 8520/ —
Matcher(Liu et al.12023b} 25.08 10.82 88.53/ — 48.11 30.23 79.46/ — 47.52 29.41 8227/ — 60.42 42.58 82.11/ —
GF-SAM({Zhang et al.|2024] 3042 12.40 89.76/ — 56.01 39.97 81.79/ — 54.34 37.88 83.95/ — 73.17 65.67 8498/ —
Ours 45.11 25.78 92.05/33.40| 5521 39.02 81.95/33.80| 61.23 48.41 88.47/59.10) 7281 65.30 85.02/28.40

Table 1: One-shot segmentation performance on the PU-FSS benchmark. For positive classes, we
report Foreground IoU (%). For negative classes, we report Background IoU and Scene-level Accu-
racy (%). All results are averaged over 5-fold cross-validation.

and the image-level entropy for class c is computed by averaging over pixels belonging to its refer-
ence mask m*:

H(z¢) = 1 Z Hi(x). 2)

This entropy score serves as a proxy for sample difficulty, under the assumption that higher pre-
dictive uncertainty reflects intrinsic dataset ambiguity rather than model-specific noise (Smith et al.,
2014; Kwon et al.||2024). Empirically, samples with ambiguous visual content (e.g., small objects or
fuzzy boundaries) yield consistently high entropy across architectures, making the relative ordering
of difficulty largely model-invariant (Cui et al., 2023} |Geirhos et al., 2020; [Toneva et al., [2018)).

For practical estimation, we adopt PSPNet (Zhao et al.,[2017)) from MMSegmentation (Contributors)
2020) as the entropy estimator. Because the entropy captures dataset-driven ambiguity, the result-
ing partition into positive-easy and positive-hard subsets transfers robustly to other segmentation
models, enabling standardized and reproducible evaluation.

Reference (Visual Prompts). From each dataset, we select reference samples exclusively from
the positive-easy subset to ensure clear and unambiguous visual prompts. Each reference consists
of an image paired with its corresponding target-class mask. To mitigate reference-image bias, we
provide five distinct reference samples for every source corpus.

3 METHODOLOGY

Motivation. We propose a lightweight and training-free Prototype-Debiasing (PD) module for
few-shot segmentation under presence uncertainty. The core challenge in this setting is that
similarity-based generalist models inevitably produce non-zero responses by matching global scene
or class-level semantics, even when the reference object is absent. PD addresses this issue by ex-
plicitly normalizing similarity computation to focus on object-specific cues rather than global con-
text. As a result, similarity responses naturally collapse in no-target scenarios, enabling reliable
abstention without heuristic thresholds. The proposed method consists of three stages: (i) debiased
prototype construction from the reference image, (ii) orthogonal similarity estimation on the target
image, and (iii) prompt-based segmentation using the resulting similarity map. Detailed mathemat-
ical formulations are provided in Appendix

Prototype-Debiased Similarity and Segmentation. Given a reference image and its binary mask,
we extract spatial features and a global class token from a frozen Vision Transformer. A foreground
prototype is obtained by aggregating masked features. however, it is often biased toward global
scene and background semantics. PD removes this bias by orthogonally projecting out class-level
and background components, yielding an object-specific prototype. For a target image, features
are processed with the same encoder and similarly decorrelated from the global token, suppressing
spurious similarity induced by global context. Cosine similarity between the debiased prototype and
target features produces an orthogonal similarity map that responds only to true object alignment.
This map is used to derive point prompts for segmentation: when the reference object is absent,
similarity responses remain low and no prompts are selected, without heuristic thresholds. Selected
prompts are passed to the Segment Anything Model (Kirillov et al.| 2023)), and the final mask is
obtained using GF-SAM-style graph filtering.
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Figure 2: Qualitative comparison on the negative set of PU-FSS. Training-free methods such as
Matcher, PerSAM and GF-SAM produce clear false positives, while trained generalist models
(SeglC and SegGPT) avoid such errors.

4 EXPERIMENTAL RESULTS

Datasets. We primarily evaluate our approach on the proposed PU-FSS Benchmark, which ex-
plicitly includes both positive and negative cases where the reference class may or may not appear
in the target image. PU-FSS is constructed from iSAID, PASCAL VOC, PASCAL-Context, and
COCO-Stuff, with iSAID images tiled into non-overlapping 896 x896 patches due to their large
resolution. The benchmark is organized into five folds to mitigate reference-image bias. In addi-
tion, we report results on standard few-shot segmentation benchmarks (iSAID-5/, PASCAL-5, and
COCO-20') to verify that our method remains competitive under conventional evaluation protocols.
Further details are provided in Appendix [D]

Results on the PU-FSS Benchmark. Table [I] summarizes the quantitative results on the PU-
FSS Benchmark. Overall, performance on iSAID-PU is consistently lower than on natural-image
datasets, reflecting the intrinsic difficulty of remote sensing imagery, where objects are small,
densely distributed, and embedded in cluttered backgrounds.

Even under the positive-class assumption, training-free generalist models exhibit a pronounced per-
formance gap between the positive-easy and positive-hard subsets on iSAID-PU, highlighting the
challenges posed by small, ambiguous objects embedded in cluttered remote sensing scenes. This
gap further widens as evaluation moves to harder subsets.

More critically, PU-FSS exposes a fundamental limitation of training-free approaches. In nega-
tive cases, where the reference class is absent, similarity-based methods inevitably generate false
positives, making reliable scene-level evaluation impossible. Figure [2| qualitatively illustrates this
behavior in remote sensing imagery, with additional qualitative results and visualizations of the
proposed prototype debiasing strategy provided in Appendix [E]

Although our method does not eliminate all false positives, it substantially reduces them and, im-
portantly, avoids forcing a foreground prediction when the reference class is absent. This enables
negative scenes to be explicitly observed and evaluated, underscoring the necessity of presence-
uncertain benchmarks such as PU-FSS for remote sensing applications. Results on standard few-
shot segmentation benchmarks are reported in Appendix[F| and further ablation studies are provided

in Appendix

5 CONCLUSION

In this work, we introduced the Presence-Uncertain Few-Shot Segmentation (PU-FSS) Bench-
mark to study few-shot segmentation under realistic conditions where the target object may be
absent, with a particular focus on remote sensing imagery. Our experiments reveal that training-free
few-shot methods, which perform well under the positive-class assumption, are especially vulnera-
ble in remote sensing scenarios with small objects and cluttered scenes. By enabling explicit eval-
uation of such failure cases, PU-FSS provides a practical framework for analyzing and comparing
few-shot segmentation methods in real-world remote sensing imagery.
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A EXAMPLE OF THE ISAID-PU DATASET AND PASCAL-PU DATASET

Reference Positive-easy Positive-hard Negative Reference Positive-hard Negative

(a) Pascal-PU dataset (b) iISAID-PU dataset

Figure Appendix.1: Example of the Pascal-PU dataset for the class light (a) and the iSAID-PU
dataset for the class fennis_court (b). From left to right we show the visual prompt (Reference) and
representative reference images from the positive-easy, positive-hard, and negative subsets, which
are defined based on entropy-based uncertainty.

B MATHEMATICAL DETAILS
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Figure Appendix.2: Prototype-Debiasing (PD) module overview: (i) extract and orthogonally purify
the foreground prototype from a reference; (ii) compute an orthogonal cosine map against decorre-
lated reference features; (iii) perform prompt-based SAM segmentation.

Given a reference image with a binary mask, we extract spatial features {f;}¥; and a global class
token f,; from a frozen Vision Transformer encoder, where N = H X W The binary mask is
flattened into m € {0, 1}V, with m; = 1 indicating foreground pixels.

Foreground and background prototypes are computed as
1 1
Ptg = = mifi, Pog = = ) (1 —mi)fi. 3)
S & P g

The global class token encodes scene-level semantics, while the background prototype captures
dominant non-target information. To suppress these biases, we construct an orthonormal basis
{Ucis, Upg } via Gram-Schmidt orthogonalization.

The debiased foreground prototype is defined as
IN)fg = Pfg — CV(Pfg . ucls)ucls - ﬁ(pfg ' ubg)ubgv (4)
where o and (3 control the projection strength. We set « = 8 = 0.6 in all experiments.

This operation removes global and background components from the prototype, emphasizing fea-
tures distinctive to the reference object.
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B.1 QUERY-SIDE DEBIASING AND SIMILARITY COMPUTATION

For a target image, spatial features {g; }?, and a global class token f?_ are extracted using the same
encoder. Each spatial feature is orthogonally projected away from the normalized class token:

8 = & — ag(g - ulul (5)

q
where u/

= £/ lI£e [l and ag = 0.6.

Cosine similarity between the debiased prototype and debiased target features yields

f)fg : gz

= . (6)
[Bre &l

Si
Reshaping {s;} produces the orthogonal cosine similarity map used for prompt selection.

C IMPLEMENTATION DETAILS

Backbones and resolution. For fair comparison with prior work, we use a frozen DINOv2 ViT-
L/14 encoder to extract spatial and class tokens (layer 23) and a ViT-H-based SAM for prompt-based
mask generation. All input images are resized to 518 x 518 for feature encoding and 1024 x 1024 for
SAM inference following prior work. All experiments were conducted on a single NVIDIA Quadro
RTX 8000 GPU.

Projection strength. We explored the projection strength A from 0.1 to 0.9. Small values retain
noticeable feature bias, while large values over-suppress class-discriminative signals. We use A =
0.6 as a stable default across datasets and subsets.

D ADDITIONAL DATASET DETAILS

PU-FSS benchmark construction. The proposed PU-FSS benchmark is constructed from four
segmentation datasets: PASCAL VOC, PASCAL-Context, COCO-Stuff, and iSAID. For each
dataset, evaluation episodes include both positive samples, where the reference class is present in
the target image, and negative samples, where the reference class is absent. We refer to the resulting
presence-uncertain variants as Pascal-PU, Pascal-Context-PU, COCO-Stuff-PU, and iSAID-PU,
respectively.

Folds and reference selection. To mitigate reference-image bias, each PU-FSS variant is orga-
nized into five folds. For each fold, a fixed set of reference images is selected from the positive-easy
subset, and all methods are evaluated using the same references. Results reported in the paper are
averaged over the five folds.

iSAID tiling strategy. Due to the large spatial resolution of iSAID images, each image is divided
into non-overlapping 896 x 896 tiles prior to evaluation. This tiling strategy follows common practice
in remote sensing segmentation and ensures that both positive and negative patches naturally arise
within a single scene. All other datasets are evaluated using their original image resolutions.

Standard FSS benchmarks. In addition to PU-FSS, we evaluate all methods on standard few-shot
segmentation benchmarks, including PASCAL-5/, COCO-20/, and iSAID-5'. These benchmarks
follow the conventional positive-class assumption and are used to verify that the proposed prototype-
debiasing module remains competitive under established evaluation protocols.
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E ADDITIONAL QUALITATIVE RESULTS

Pascal-PU
iSAID-PU

COCO-Stwuff-PU

Figure Appendix.3: Qualitative comparison of our method with GF-SAM on Pascal-PU, COCO-
Stuff-PU, iSAID-PU, and Pascal-Context-PU datasets. Blue regions on reference images indicate
masks, while red regions on target images represent ground truth (GT) masks.

Reference Image Target Image Similarity Similarity Prediction Prediction
(Negative) (w/o PD) (w/ PD) (w/o PD) (w/ PD)

Figure Appendix.4: Visualization of similarity maps and predictions demonstrating the effectiveness
of our Prototype Debiasing (PD) strategy.

Figure[Appendix.3|provides qualitative comparisons on PU-FSS across datasets. Figure[Appendix.4|

visualizes similarity maps and predictions to illustrate the effect of PD. Figure 2] further compares
methods on the negative subset.

F ADDITIONAL QUANTITATIVE RESULTS

Standard FSS benchmarks. Table reports results on PASCAL-5%, COCO-20%, and
iSAID-5" for direct comparison with prior work.

Methods Pascal-5' (Shaban et al.]2017) COCO-20' (Nguyen & Todorovic|2019} iSAID-5' (Yao et al.|[2021]

specialist model

64.0 39.2 34.1
65.5 41.3 -
69.4 50.0 -
70.1 51.0 —
70.4 52.1 -
43.1 23.0 19.2
48.5 235 20.3
68.1 52.7 333
71.9 539 -
72.1 58.7 47.1
72.4(0.3) 60.1(1.4) 53.7(6.6)

Table Appendix.l: Mean IoU performance on standard FSS benchmarks (Pascal-5/, COCO-20/, and
iSAID-5"), where mloU is the average of foreground IoU and background IoU.

G ADDITIONAL ABLATION STUDIES

Ablation. Table[Appendix.2]reports the effect of PD when integrated into baselines.
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Tar. Img

Ref. Img

Variant Pascal-PU
Pos.—easy Pos.—hard Negative
Baseline (Matcher 2023b)) 69.2 447 64.3
+ Prototype Debiasing 73.2(4.0) 46.70.0) 66.602.3)
Baseline (GF-SAM 2024)) 75.2 55.8 89.4
76.5(1.3) 58.103) 90.10.7)

+ Prototype Debiasing

Table Appendix.2: Effect of the PD module on multiple baselines (Pascal-PU.

w/o debiasing

P

w/ debiasing

= 1TE
"- n

(a) Inputs (b) VIiT-S

(c) ViT-B

(d) ViT-L (e) VIT-G

Figure Appendix.5: Qualitative ablation study of Prototype Debiasing. The leftmost column
shows the target (top) and reference (bottom) images, while the remaining columns depict similarity
maps produced by DINOv2 with four Vision Transformer backbones—(b) ViT-S, (¢) ViT-B, (d)

ViT-L, and (e) ViT-G—on the same query.

Figure shows qualitative ablations of similarity maps across ViT backbones, demon-
strating that PD consistently mitigates feature bias across model scales.
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