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Abstract

The emergence of foundational models has significantly advanced segmentation ap-
proaches. However, challenges still remain in dense scenarios, where occlusions, scale
variations, and clutter impede precise instance delineation. To address this, we pro-
pose PerSense, an end-to-end, training-free, and model-agnostic one-shot framework for
Personalized instance Segmentation in dense images. We start with developing a new
baseline capable of automatically generating instance-level point prompts via proposing
a novel Instance Detection Module (IDM) that leverages density maps (DMs), encapsu-
lating spatial distribution of objects in an image. To reduce false positives, we design
the Point Prompt Selection Module (PPSM), which refines the output of IDM based on
an adaptive threshold and spatial gating. Both IDM and PPSM seamlessly integrate into
our model-agnostic framework. Furthermore, we introduce a feedback mechanism that
enables PerSense to improve the accuracy of DMs by automating the exemplar selection
process for DM generation. Finally, to advance research in this relatively underexplored
area, we introduce PerSense-D, an evaluation benchmark for instance segmentation in
dense images. Our extensive experiments establish PerSense’s superiority over SOTA in
dense settings. Code is available at GitHub.

1 Introduction
Imagine working in a food processing sector where the goal is to automate the quality control
process for vegetables, such as potatoes, using vision sensors. The challenge is to segment
all potato instances in densely packed environments, where variations in scale, occlusions,
and background clutter add complexity to the task. We refer to this task as personalized
instance segmentation in dense images, building on the concept of personalized segmenta-
tion, first introduced in [37]. The term personalized refers to the segmentation of a specific
visual category / concept within an image. Our task setting focuses on personalized instance
segmentation, particularly in dense scenarios.
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Figure 1: (a) Recent methods struggle in dense scenes, while SAM’s “everything mode”
segments all regions indiscriminately. (b) Introducing PerSense: a training-free, model-
agnostic one-shot framework for personalized instance segmentation in dense images.

A natural approach to address this problem is leveraging state-of-the-art (SOTA) foun-
dation models. One key contribution is Segment Anything Model (SAM) [10], which intro-
duces a prompt-driven segmentation framework. However, SAM lacks the ability to segment
distinct visual concepts [37]. Its "everything mode" uses a point grid to segment all objects,
including both foreground and background (Fig. 1). Alternatively, users can provide man-
ual prompts to isolate specific instances, making the process labor-intensive and impractical.
One approach to automation is using box prompts from a pre-trained object detector to iso-
late the object of interest. Grounded-SAM [28] follows this strategy by forwarding bounding
boxes from GroundingDINO [17] to SAM [10] for segmentation. However, bounding boxes
are limited by box shape, occlusions, and the orientation of objects [35]. A standard axis-
aligned box for a particular object may include portions of adjacent instances. Additionally,
when using non-max suppression (NMS), bounding box-based detections may group closely
positioned instances of the same object together. Although techniques like bipartite match-
ing introduced in DETR [2] can address the NMS issue, bounding box-based detections are
still challenged due to variations in object scale, occlusions, and background clutter. These
challenges become even more pronounced in dense scenes [31], making precise instance
segmentation increasingly difficult (Fig. 1). Point-based prompting, mostly based on manual
user input, is generally better than box-based prompting for tasks that require high accuracy,
fine-grained control, and the ability to handle occlusions, clutter, and dense instances [20].
However, the automated generation of point prompts using low-shot data, for personalized
segmentation in dense scenarios, has largely remained unexplored. Recent works, such as
SegGPT [33], PerSAM [37] and Matcher [18], introduce frameworks for one-shot person-
alized segmentation. Despite their effectiveness in sparsely populated scenes with clearly
delineated objects, these methods show limited performance in dense scenarios (Fig. 1).

We approach this problem by exploring density estimation methods, which utilize den-
sity maps (DMs) to capture the spatial distribution of objects in dense scenes. While DMs
effectively estimate global object counts, they struggle with precise instance-level localiza-
tion [25]. To this end, we introduce PerSense, an end-to-end, training-free and model-
agnostic one-shot framework (Fig. 2), wherein we first develop a new baseline capable
of autonomously generating instance-level candidate point prompts via a proposed Instance
Detection Module (IDM), which exploits DMs for precise localization. We generate DMs
using a density map generator (DMG) which highlights spatial distribution of object of in-
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