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SML-IS: a multi-scale annotation
approach to improve instance
segmentation accuracy

Adem Kosar', Onur Erdem Korkmaz*2, Tolga Turay’?, Ebru Ergiin®* & Cengiz Oztireli*

Instance segmentation requires precisely outlining object boundaries in images using polygonal masks.
Conventional single-scale annotations often fail to represent multi-scale appearance variations, which
limits segmentation accuracy and reduces the semantic richness available to learning algorithms.

We introduce Small-Medium-Large Instance Segmentation (SML-1S) labelling, a multi-scale polygon
annotation strategy that provides three different annotation scales for each instance within the same
image. Instead of assigning a single mask, SML-IS replicates each image and applies small, medium,
and large masks for every instance, thereby tripling the number of segmentation masks while keeping
the original imagery unchanged. Unlike data-augmentation methods that modify raw images, SML-
IS enriches only the supervision, improving label quality and scale diversity without altering the
dataset size. On a custom dataset, SML-IS consistently improves mean Average Precision (mAP) by
approximately 5-6% across representative models such as Mask R-CNN and YOLOv7-seg, regardless
of architectural paradigm. For domain-specific verification, the proposed method was further applied
to the Kvasir-SEG colorectal polyp segmentation dataset, where SML-IS demonstrated 7% mAP gain,
confirming its robustness and effectiveness in medical imaging applications. Although validated in the
medical domain, the method remains broadly applicable to other visual domains such as agriculture,
autonomous driving, and industrial inspection, where precise boundary delineation and high-quality
annotations are essential but large-scale data collection is limited.

Keywords Computer vision, Instance segmentation, Dataset labelling, Medical image analysis, Polyp
segmentation

Instance segmentation is a key computer vision task that involves detecting objects and precisely outlining their
boundaries at the pixel level. It plays a crucial role in applications such as autonomous driving, medical diagnostics,
and precision agriculture, where detailed segmentation enhances decision-making. The performance of instance
segmentation models largely depends on two factors: the quality of annotated datasets' and the capabilities
of the underlying deep learning model?. Among these, dataset quality is particularly critical, as annotations
(commonly referred to as “labels”) provide the essential ground truth for training models in object recognition
and segmentation.

A dataset’s composition significantly affects a model’s ability to generalize. Factors such as class diversity,
object scale, occlusions, density, lighting, and background complexity influence performance. Datasets that
account for these elements improve the robustness and accuracy of instance segmentation models, enabling
adaptation to diverse conditions’. Well-annotated, diverse datasets are thus essential for effective training and
real-world applicability.

Conventional instance segmentation annotation methods' typically rely on single-scale polygon masks,
where annotators outline instances using a single set of boundary points and assign a corresponding class label.
An example of this single-scale annotation approach is shown in Fig. 1, derived from the MS COCO! dataset,
displaying an image with its corresponding segmentation masks. While effective for many tasks, this approach
often fails to capture the full semantic complexity of instances, particularly in visually intricate scenes where
instance appearance varies across scales or perspectives. Consequently, conventional annotation practices
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Fig. 1. Visual representation of detection and segmentation annotations in MS COCO (bicycle class)!.

may limit the performance of instance segmentation models, especially in applications where precise instance
boundaries and multi-scale variations are crucial®.

The limitations of single-scale annotation methods are particularly evident in data-scarce domains such
as medical imaging and agriculture, where precise segmentation is essential®. In medical imaging, multi-scale
annotations are often required to detect small yet clinically relevant features, while agricultural applications rely
on them to account for the considerable variation in object sizes, such as pests or crop diseases. Although several
annotation strategies"®” have been proposed to address these challenges, developing a standardized approach
that improves annotation depth without significantly increasing manual effort remains an ongoing challenge.

To overcome these limitations, this study introduces a novel annotation approach called Small-Medium-
Large instance segmentation labelling (SML-IS), which enriches segmentation depth through multi-scale
polygon masks. Unlike conventional methods, SML-IS duplicates each image three times and applies three
distinct polygon scales per instance, effectively tripling the number of segmentation masks without increasing
the raw image set.

The motivation for this approach originates from two key insights: (i) addressing dataset limitations,
particularly in fields such as medical imaging, where deep learning models often struggle to improve due to
insufficient training samples®. Enhancing annotation quality, irrespective of model architecture, is crucial for
advancing segmentation performance; (ii) incorporating the human visual system’s ability to perceive scenes
at multiple scales. Just as humans dynamically adjust focus based on visual cues, machine learning models
can leverage multi-scale information to achieve more precise segmentation across varying contexts. Similarly,
recent segmentation studies have shown that incorporating multi-scale or progressively refined supervision can
enhance boundary representation and segmentation accuracy®. As illustrated in Figure 2, this principle served
as the basis for developing the SML-IS labelling approach, which applies multi-scale polygon annotations to
enhance segmentation depth. Mirroring the collaboration between the human eye and brain, computer vision
systems combine sensory components (e.g., cameras) with computational units (e.g., processors) to interpret
and analyze visual data with greater efficiency.

Experimental analysis of the SML-IS labelling approach, performed on a custom dataset specifically designed
and annotated for this study, demonstrates consistent improvements in segmentation accuracy, leading to a
5-6% increase in mean Average Precision (mAP) across diverse model architectures, including Mask R-CNN?
and YOLO', For further domain-specific validation, the proposed method was also applied to the Kvasir-SEG'!
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Fig. 2. Conceptual analogy between human and computer vision systems.

dataset, an open-source benchmark for colorectal polyp segmentation. When trained on the same segmentation
models, SML-IS achieved an additional 7% improvement in mAP, confirming its robustness and generalizability
across domains. These results highlight the flexibility of the SML-IS labelling approach and its effectiveness in
data-limited environments, where high-quality annotations are critical for reliable segmentation and clinical
decision-making.

This paper is structured as follows: “Related work” examines various dataset annotation techniques used in
instance segmentation. “SML-IS: principles and practical integration” introduces the SML-IS Labelling approach,
outlining its theoretical foundations and implementation. “Performance evaluation and discussion” presents the
experimental results and their significance. “Critical reflections and future research” discusses possible future
research directions, followed by a conclusion summarizing key findings and contributions.

Related work

Annotation strategies in instance segmentation

First, to contextualize the proposed SML-IS approach, annotation techniques used in instance segmentation
can be broadly categorized into: (i) Manual labelling, where human annotators draw detailed segmentation
masks (commonly using polygonal tools) to define object boundaries with high precision'; (ii) Semi-automatic
labelling!?, which combines algorithmic suggestions with human verification to accelerate mask creation; (iii)
Fully automatic labelling, which uses algorithms to generate masks without human input'?, offering scalability
at the cost of potential inaccuracies; (iv) Weakly-supervised'* and unsupervised'® labelling techniques, which
attempt to infer segmentation cues from image-level labels or unlabelled data, reducing annotation costs but
generally producing less precise boundaries; and (v) Crowdsourcing approaches’®, enabling rapid dataset
creation through distributed human labour, though often requiring post-processing to ensure consistency. Thus,
the selection of an annotation method is generally influenced by factors such as the complexity of the task, the
availability of data, and the balance between annotation quality and associated costs.

Manual labelling variants
As the SML-IS approach builds on manual labelling, the most prominent sub-variants of manual labelling are
reviewed below.

Single-scale polygon masks: this is the most frequently used (conventional) approach in most datasets like
COCO!, where each instance is annotated once using a single polygon that outlines its visible boundary. While
efficient, this method lacks scale diversity and may fail to capture smaller or more ambiguous regions of the
instance in cluttered or high-variance scenes.

Multi-polygon per instance: some datasets™!” incorporate multiple disconnected regions per instance in an
image, which is particularly useful when the object is fragmented or partially occluded. This annotation style
allows for a more accurate representation of visible object parts but does not inherently address scale variation.
In parallel, Run-Length Encoding (RLE)'® is often employed as a compact representation format for dense binary
masks, especially in cases involving large or complex instances. While RLE itself is not an annotation method,
it can represent multiple masks per instance at varying resolutions, thus facilitating multi-scale annotation
strategies in practice. For example, crowd annotations or fine-grained segmentations in datasets like COCO!
utilize RLE to efficiently encode multiple instance-level masks, including those of differing scales or granularities.

Resolution-aware annotation: in domains like medical imaging or satellite analysis, masks are drawn
considering the resolution of the image, with finer granularity applied to high-resolution data!>%’. This implicitly
introduces scale-awareness but is not always consistent across datasets.

Multi-scale annotation across images: traditional approaches™®2! to scale variation typically rely on different
instances of the same object appearing at various distances in separate images. For example, a car may appear
large in a close-up and small in a distant street shot, and each is annotated accordingly. However, this does not
ensure consistent representation across scales within the same image. In contrast, the SML-IS method proposed
in this study introduces a multi-scale annotation strategy applied directly within the same image, thereby
providing consistent scale-aware supervision for each object instance. This strategy enriches annotation quality
and semantic diversity without requiring additional data, ultimately yielding improved segmentation accuracy
and representing a distinctive contribution to the field.

1,17
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Positioning SML-IS in relation to transformer architectures and data augmentation

In the field of computer vision, instance segmentation approaches are developed either on CNN- or Transformer-
based architectures, with different priorities depending on the application domain. Transformer-based models
have demonstrated notable superiority in accuracy compared to traditional CNN-based models (e.g., Mask
R-CNN?, YOLO??). For instance, DETR?, trained on bounding-box and polygon-mask annotations from the
MS COCO dataset, has achieved strong results in both detection and segmentation tasks. Similarly, SAM?*
and its medical adaptation MedSAM?, trained on pixel-level mask annotations, have had a significant impact
on the segmentation literature. However, these Transformer-based models contain approximately 636 million
parameters®! and reach gigabyte-level sizes, restricting their usability to high-capacity GPUs and limiting
their accessibility in real-time applications. In comparison, CNN-based models such as Mask R-CNN (~41M
parameters)” and the YOLO family (~2.6M parameters)® are relatively lightweight, capable of operating with
lower hardware requirements and higher resource efficiency, and are therefore widely preferred in real-time
systems due to their speed””~%. In particular, the single-stage architecture of YOLO has made it especially
attractive in both industry and academia.

In light of these developments, applying the proposed SML-IS method initially to polygon masks rather than
pixel-level masks can be regarded as an appropriate starting strategy. Success at this stage would demonstrate the
potential to extend SML to pixel-level annotations with alternative methodologies in subsequent studies. Since
all models, whether Transformer- or CNN-based, rely on annotated ground truth for learning, SML provides
annotation richness that can enhance accuracy and thus offers an integrable solution adaptable to different label
types across tasks.

Furthermore, data augmentation techniques (e.g., rotation, cropping, brightness/noise modifications)
increase dataset diversity but do not improve the semantic depth of annotations®>>!. In contrast, SML enriches
annotation quality by introducing scale diversity into labels without altering the raw data. Therefore, SML and
data augmentation are distinct yet complementary; when used together, they can enhance both visual and
annotation diversity, thereby further improving model performance.

SML-IS: principles and practical integration

The goal of SML-IS is to enrich semantic diversity during training, allowing models to better generalize across
object scales and appearances. This is particularly effective for models like Mask RCNN? and YOLOv7-seg?,
which generate segmentation masks through region-based or dense prediction mechanisms. The following
sections describe the conceptual basis and technical implementation of the SML-IS method.

Human-centric rationale for multi-scale masking

As discussed in “Introduction’, the design of the SML-IS method is inspired by the human visual system, which
interprets scenes through dynamic attention at multiple scales®’. As illustrated in Fig. 2, human perception
involves both localized detail and holistic understanding, enabling recognition even when objects are partially
visible or viewed at different distances. In contrast, most instance segmentation models are trained using single-
scale polygon masks, which restrict the model’s semantic scope and adaptability.

Figure 3a shows a Boston Dynamics robot image, Spot®>?, annotated with a conventional tight polygon mask,
reflecting the standard single-scale annotation approach. In contrast, Fig. 3b-d illustrate the SML-IS annotations
at small, medium, and large scales, respectively. Each mask captures distinct semantic cues (ranging from fine-
grained details to broader object context) while remaining semantically valid and independently recognizable.
This demonstrates how multi-scale representations more closely mirror human visual interpretation. Even when
only a coarse or partial view is available, the human visual system can often recognize the object based on
scale-invariant features. By simulating this capacity, SML-IS supplies segmentation models with richer and more
varied training signals, improving their ability to generalize across scale variations, occlusions, and viewpoint
changes commonly encountered in real-world tasks.

The role of anchor boxes in instance segmentation

Anchor boxes are fundamental components in many instance segmentation architectures, including Mask
RCNN? and YOLOv7-seg®?, where they serve as spatial priors for object localization. In these models, anchors
help guide the detection process before mask prediction, enabling effective handling of objects at various scales
and aspect ratios. However, conventional annotation practices typically provide a single mask per instance,
limiting the diversity of anchor-level supervision. By introducing multiple masks at different scales for each
instance, the proposed SML-IS labelling method enhances anchor coverage during training, leading to more
robust mask predictions under scale variation.

Anchor boxes and proposal generation in mask RCNN

Mask RCNN?, built upon the Faster RCNN>* architecture, utilizes anchor boxes as the foundation for generating
object proposals via its Region Proposal Network (RPN). These anchor boxes are predefined at multiple scales
and aspect ratios [typically combining scales per pixel with three aspect ratios (e.g., 1:1, 1:2, 2:1)] enabling the
model to hypothesize object locations across a wide range of shapes and sizes. This built-in diversity allows the
RPN to cover varied object geometries effectively and contributes to the overall robustness of the detection and
segmentation process.

Once proposals are generated, they are refined through bounding box regression and subsequently passed to
the RolAlign layer, which preserves spatial alignment. This enables the extraction of semantically rich features
for classification and mask generation. A dedicated mask head then predicts a binary segmentation mask for
each object class within these regions.
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Fig. 3. Demonstration of SML-IS mask generation at multiple scales.

Formally, the bounding box regression targets are computed as follows, where (Za, Ya, Wa, ha) are the
anchor box parameters and (z, y, w, h) denote the corresponding ground truth box:

f, = B Ta) tyzw, thlog(wﬂ>, th:log(hi). 1)

Wq ha a a
These normalized offsets facilitate efficient learning by minimizing spatial variance between anchor and ground
truth boxes. The overall multi-task loss used in Mask RCNN is defined as:

1 * 1 * *
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where p;, ts, and m; represent predicted class probabilities, bounding box offsets, and binary masks, respectively,
and p;, t7, and m; are their ground truth counterparts.

While the architecture incorporates a built-in multi-scale mechanism via anchor box design, it remains
constrained by the scale limitations of conventional annotations. By providing additional masks per instance at
varying scales, the SML-IS method introduces more variation into anchor-to-mask associations during training,
allowing the model to benefit from richer supervision without altering its architectural components.

Anchor boxes in YOLO-based instance segmentation

YOLO-based instance segmentation models, such as YOLOv7-seg?, extend the original YOLO detection
framework by integrating a segmentation head alongside the object detection pipeline. These models adopt a
single-stage architecture in which bounding box regression, classification, and mask prediction are performed
simultaneously. The input image is divided into an .S’ x S grid, where each grid cell is responsible for predicting
multiple anchor-aligned bounding boxes, class probabilities, and instance masks.
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Unlike Faster RCNN’s use of fixed anchor configurations, YOLOv7-seg employs a data-driven anchor
generation strategy using k-means clustering® to adaptively match the distribution of object sizes and aspect
ratios in the training dataset. Each predicted bounding box b; is compared to its corresponding ground truth
b} using the Intersection over Union (IoU) criterion. If the IoU exceeds a certain threshold (typically 0.5), the
anchor is assigned as positive and supervised accordingly.

The model then jointly optimizes localization, classification, objectness, and segmentation losses. For a
matched anchor j, the total loss can be expressed as:

L(bs, i, mi) = Abbox Lbbox (bi, b7 ) 4+ Acts Lets (€4, €7 ) 4+ AobjLobj (04, 07 ) + Amask Lmask (M, m; ), (3)

where c; and m; are the predicted class probabilities and segmentation mask, while o; is the objectness score;
each *-marked term denotes the corresponding ground truth.

While this structure enables efficient joint learning, conventional datasets typically provide only one mask
per object, limiting the variation that anchors encounter during training. By introducing additional masks per
instance at multiple scales, SML-IS modestly increases the diversity of mask-level supervision, helping the model
capture object variations more effectively without altering its architecture or learning process.

Models without anchor boxes

Anchor-free instance segmentation models such as CenterMask®® and YOLOv8-seg® eliminate predefined
anchor boxes by directly predicting object locations and segmentation masks from dense feature maps. These
methods typically employ heatmap- or keypoint-based localization together with lightweight mask heads for
instance-level prediction. While this design simplifies the detection pipeline, it also increases sensitivity to the
quality and diversity of ground-truth annotations.

Although anchor-based models (e.g., Mask R-CNN2, YOLOv7-seg??) and anchor-free approaches differ in
their detection mechanisms, both rely on high-quality annotations for effective learning. Conventional labelling
provides only a single polygon mask per instance, limiting multi-scale representation. SML-IS addresses this
limitation by providing multiple masks at different scales without modifying the network architecture or
requiring additional image data.

Implementation procedure of SML-IS labelling

Figures 1 and 3a illustrate conventional instance segmentation annotations generated using single-scale polygon
masks. In contrast, Fig. 3b-d depict the SML-IS labelling process, in which the same image is annotated
three times (triple sampling), with each version containing polygon masks drawn at a distinct scale. The scale
definitions were established in a standardized quantitative manner, with geometric scaling factors systematically
applied relative to the Medium (M) mask. Specifically, the Small (S) masks were scaled down by approximately
10-20%, and the Large (L) masks were scaled up by approximately 10-20% relative to the original Medium (M)
mask. To ensure consistency, polygon areas were calculated from the mask vertices using the Python-based
Shapely geometry library, and the resulting S and L masks were manually adjusted to satisfy the target area
constraints. These scaling operations were strictly confined within this range, ensuring proportional consistency
while preserving consistent object representations across all annotation scales. All polygon masks were manually
refined by the annotators to maintain smooth contours and uniform margin consistency throughout the dataset.
Figure 3b-d correspond to these three scale levels: Small (S) annotation (Fig. 3b), Medium (M) annotation
(Fig. 3¢), which represents the conventional single-scale method, and Large (L) annotation (Fig. 3d). It should
be further emphasized that the additional S and L annotations are introduced solely as n annotations for
auxiliary supervision during training. They are not intended to replace the original M annotation or represent
alternative ground-truth annotations. Instead, they provide multiple annotation scales of the same object to
enrich supervision during learning, while the original M annotation remains the sole reference ground truth for
model evaluation.

For images containing multiple object instances, which is common in our custom dataset, SML-IS is applied
consistently across all replicated images. Each duplicated version receives new polygon annotations reflecting
a specific scale for all present objects. Figure 4 demonstrates this with an image featuring three different robot
classes (Spot®¥, Atlas®®®, and Handle®). Figure 4a shows the standard single-scale annotations, while
Figure 4b-d illustrate the multi-scale masks. A controlled blur effect is applied to these latter figures to emphasize
that the annotated mask regions alone contain sufficient semantic information to recognize the objects, even
without full scene context.

In quantitative terms, a dataset containing m annotated object instances will result in 3m polygon masks
after applying SML-IS. This augmentation is also applied to the test set, maintaining consistency throughout
training and evaluation pipelines for fair performance comparison across scales.

Performance evaluation and discussion

This section presents a detailed evaluation of the proposed SML-IS labelling framework conducted on two
distinct datasets: a custom instance segmentation dataset developed and annotated for this study, and the Kvasir-
SEG!! dataset, a publicly available benchmark for colorectal polyp segmentation. The first part of the analysis
focuses on the custom dataset, providing a systematic comparison between the proposed SML-IS approach and
traditional single-scale polygon annotations!' to assess its fundamental performance advantages. In the latter
part, the method is further validated through its first domain-oriented application on the Kvasir-SEG dataset,
demonstrating its contribution to practical medical imaging scenarios by evaluating its effect on colorectal polyp
segmentation accuracy.
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Fig. 4. Demonstration of SML-IS multi-scale annotation application across diverse robot instances.

1 Class (1 instance) 240 | atlas:80, handle:80, spot:80 60 | atlas:20, handle:20, spot:20
2 Classes (2 instances) | 81 | atlas:46, handle:54, spot:62 18 | atlas:10, handle:12, spot:14
3 Classes (3 instances) | 64 | atlas:60, handle:63, spot:69 16 | atlas:15, handle:15, spot:18
3 Classes (4 instances) | 10 | atlas:12, handle:16, spot:12 3 | atlas:4, handle:4, spot:4
Instances with RLE!® | 5| atlas:2, handle:1, spot:2 3| atlas:1, handle:1, spot:1

Total number 400 | atlas:200, handle:214, spot:225 | 100 | atlas:50, handle:52, spot:57

Table 1. Distribution of object classes across training and test splits.

For comprehensive assessment, two advanced instance segmentation architectures (Mask R-CNN? and
YOLO?) were utilized in the experiments. Their performances were measured using mAP across multiple
Intersection over Union (IoU) thresholds. The findings from both datasets indicate that the SML-IS labelling
approach significantly improves segmentation performance across various object scales and boundary structures,
consistently surpassing conventional single-scale annotation methods.

Evaluations on custom dataset

A custom dataset (https://www.kaggle.com/datasets/ademkosar/custom-instance-segmentation-dataset) was
carefully constructed to support the evaluation of the proposed SML-IS labelling strategy, with particular
emphasis on improving model generalization and maintaining compatibility with leading instance segmentation
frameworks such as Mask RCNN? and YOLOv7-seg?. All images were uniformly resized to a resolution of
640 x 640 pixels to ensure computational consistency across training platforms, including Detectron2?’ and
Ultralytics*..

The dataset adheres to the MS COCO format' and contains both bounding box and polygon mask
annotations. While bounding boxes were included to maintain compatibility with detection frameworks, all
experiments in this study rely exclusively on polygon annotations for segmentation. The dataset features three
object categories developed by Boston Dynamics: Spot®??, Atlas®?3, and Handle®%. Figure 3 presents a single-
class sample (Spot®), and Fig. 4 depicts an example containing all three classes.

To ensure a balanced representation of object categories and instance compositions, the dataset was
intentionally designed to include images with varying numbers of object classes and instances, as summarized
in Table 1. Specifically, the dataset contains 300 images with a single object class (one instance), 99 images
containing two object classes (two instances), and 93 images containing all three object classes, including both
three-instance and four-instance configurations. Additionally, 8 images containing occluded instances were
annotated using Run-Length Encoding (RLE)'®, which is widely adopted in segmentation benchmarks such as
MS COCO, further enhancing the dataset’s ability to evaluate robustness under challenging visual conditions.
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Although limited in scale with only 500 base images, the dataset was designed to reflect a broad range of
object interactions and conditions. By applying SML, the number of annotations is effectively tripled without
the need to increase the image count. This results in richer training data and more informative ground truth
supervision, enabling reliable segmentation performance evaluations while avoiding the annotation overhead
associated with large-scale datasets.

Multi-scale dataset variants

The dataset used in this study was expanded into multiple variants, each reflecting a different polygon-based
labelling strategy. The baseline variant, denoted as M, represents conventional single-scale annotation. Additional
variants (S, L, SM, SL, ML, and SML-IS) were generated to capture different combinations of polygon mask
scales. For instance, the SML-IS-labelled dataset includes three distinct polygon masks per object, corresponding
to small (S), medium (M), and large (L) scales.

To conduct a comprehensive assessment of the proposed SML-IS method, all dataset variants were derived
from the same base set of 500 images (Table 1). This ensured a consistent comparison across different labelling
strategies by isolating the effect of annotation scale from other variables. While the image content remained
unchanged, the SML-IS approach increased the total number of instance masks threefold by introducing
scale-specific polygon annotations for each object. This demonstrates the adaptability of SML-IS in enhancing
segmentation quality without necessitating any additional image data. Table 2 provides a breakdown of the
image distribution for training and testing across all annotation variants.

Details of training process

The effectiveness of the proposed SML-IS labelling method was assessed using the dataset variants listed in
Table 2. For this evaluation, both two-stage and one-stage instance segmentation architectures were selected.
The two-stage models included Mask RCNN R101-FPN and X101-FPN backbones, implemented using the
Detectron2 framework*’. For one-stage segmentation, we employed YOLOv7-seg??, a high-performance anchor-
based model, and YOLOv8I-seg®’, which adopts an anchor-free design. This diverse model selection allows us to
examine the applicability of SML-IS across distinct learning paradigms, particularly between anchor-based and
anchor-free approaches.

All images were resized to 640 x 640 pixels to maintain uniform input dimensions. Each model was trained
for 50 epochs with a batch size of 10. The initial learning rate was set to 0.001 and decayed by a factor of 10
after 30 epochs via a step scheduler. Weight decay was fixed at 10™*, and optimization was performed using
stochastic gradient descent (SGD) with a momentum of 0.9. For YOLO-based models implemented via the
Ultralytics framework®, training hyperparameters were modified from their defaults to align with the Mask
RCNN training regime, ensuring a balanced comparison.

Models were trained using S, M, L, SM, SL, ML, and SML-IS-labelled datasets and evaluated on both the
M-labelled and SML-IS-labelled test sets. This setup enabled a controlled comparison of conventional versus
multi-scale annotation strategies. Model performance was quantified using mAP across multiple Intersection
over Union (IoU) thresholds, following the COCO evaluation standard'. The evaluation included mAP@[.5:.95],
mAP@®.5,and mAP@.75 metrics, offering insights into both general and fine-grained segmentation performance.

Training and convergence behavior

Figure 5 presents the convergence behavior of the Mask R-CNN R101-FPN and YOLOv7-seg models trained
with M-labelled and SML-IS-labelled datasets. The comparison clearly demonstrates the effect of the proposed
SML-IS annotation approach during training. Both models show smooth convergence trends, and in each case,
the SML-IS-labelled datasets achieve lower final loss values than the conventional M-labelled ones. The learning-
rate decay introduced at the 30th epoch triggers a stabilization phase, confirming convergence. After this point,
the SML-IS-labelled configuration exhibits improved responsiveness to fine-grained features, emphasizing the
advantages of multi-scale representation. Mask R-CNN attains a slightly lower final loss (= 0.97) compared to
YOLOV7-seg (= 1.03) when trained on the SML-IS-labelled dataset.

In the early epochs (especially the first 10), YOLOv7-seg shows stronger oscillations in total loss than Mask
R-CNN. This behavior stems from its one-stage architecture, which simultaneously optimizes classification
and localization, making it more sensitive to learning-rate changes and early gradient instability. Additionally,
the anchor-based bounding-box assignment in YOLOv7-seg varies more before stabilizing, while the region-
proposal mechanism in Mask R-CNN provides a more structured and steady gradient flow from the beginning.

Generated dataset names | Training (image number) | Test (image number)
S 400 100
M 400 100
L 400 100
SM 800 200
SL 800 200
ML 800 200
SML-IS 1200 300

Table 2. Dataset variants derived from annotation scale combinations. Significant values are in bold.
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Fig. 5. Comparison of total loss convergence across different labelling strategies for mask R-CNN R101-FPN

and YOLOv7-seg models.

Mask R-CNN R101-FPN Mask R-CNN X101-FPN
Dataset | mAP@[.5,.95] | mAP@.5 | mAP@.75 | mAP@[.5,.95] | mAP@.5 | mAP@.75
S 26.6 339 27.7 28.4 35.0 30.1
M 38.9 53.9 41.6 422 57.5 443
L 342 47.2 36.0 37.0 50.2 39.8
SM 412 546 47.7 45.0 59.9 515
SL 385 544 424 424 57.4 443
ML 44.4 54.9 50.3 47.4 61.0 52.8
SML-IS | 45.7 55.1 522 48.7 59.0 55.6
YOLOV7-seg YOLOVS8I-seg
mAP@[.5,.95] | mAP@.5 | mAP@.75 | mAP@[.5,.95] | mAP@.5 | mAP@.75
S 26.3 326 27.4 27.8 342 30.3
M 40.6 55.0 4.9 43.3 58.9 45.6
L 34.5 47.7 35.8 383 49.8 39.9
SM 422 55.1 485 445 58.8 50.1
SL 40.1 54.1 425 433 585 459
ML 43.6 55.4 49.1 46.1 59.2 519
SML-IS | 45.2 56.1 51.0 48.5 59.4 54.4
Table 3. Performance comparison on M-labelled test set for models trained with varying annotation strategies.

Significant values are in bold.

Performance on M-labelled test dataset
The evaluation findings on the M-labelled test set, as detailed in Table 3, highlight a notable outcome: the marked
enhancement in segmentation accuracy achieved through SML-IS labelling when compared to conventional
(M) labelling. For example, the Mask RCNN R101-FPN model trained on the SML-IS-annotated dataset
demonstrated a 6% increase in mAP@][.5, .95], a 1% gain in mAP@.5, and an 11% rise in mAP@.75 relative
to the same model trained with M-labelled data. These results demonstrate the effectiveness of SML-IS as a
data-centric strategy for improving segmentation performance without requiring additional image data. The
performance improvements were consistently observed across all models, with Mask RCNN architectures
showing slightly greater benefits compared to YOLO-based models (approximately 6% versus 4-5% in mAP@
[.5, .95], respectively). This stronger performance in Mask RCNN models may be attributed to their anchor
box-driven architecture, which appears to benefit more substantially from the enriched contextual information
offered by multi-scale annotations. On the other hand, YOLO’s efficient anchor implementation appears
comparatively limited in fully utilizing the added semantic diversity introduced through SML-IS labelling (refer
to “SML-IS: principles and practical integration”).

The impact of SML-IS labelling was most evident in the mAP@.75 metric, where Mask RCNN models
exhibited improvements of 10-11%, and YOLO-based models achieved gains of 8-9%. In contrast, the increase
observed in mAP@.5 remained relatively modest at 1-2% across all models. This divergence is attributed to
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the lower IoU threshold of mAP@.5, which imposes less stringent mask alignment requirements and therefore
benefits less from the richer supervision provided by SML-IS. These results highlight the capacity of SML-IS to
improve segmentation performance particularly under more demanding evaluation conditions, emphasizing its
utility in scenarios that require precise mask delineation.

A closer inspection of the results shows that training on the S-labelled dataset leads to significantly lower
performance than the L-labelled version, as small-scale polygon annotations lack the semantic richness
necessary for accurate instance segmentation. As seen in Table 3, the Mask R-CNN R101-FPN model drops by
approximately 12% in mAP for S, while the decline for L is around 5%. This trend is consistent across mAP@.5
and mAP@.75 for all models. Among the combined-scale variants, ML yields higher accuracy than SM, further
underscoring the contribution of large-scale masks (e.g., Mask R-CNN X101-FPN improves by 5% with ML,
compared to 3% with SM). Interestingly, the SL-labelled dataset performs almost identically to the M-labelled
one: Mask R-CNN X101-FPN shows a 0.02% increase, Mask R-CNN R101-FPN and YOLOv7-seg show a slight
0.05% decrease, while YOLOVS8I-seg records identical results. These observations confirm the robustness of
M-labelling as a baseline while showing that small-scale masks alone lack sufficient semantic information to
outperform conventional medium-scale annotations.

Another key insight from Table 3 is that SML-IS labelling yields only modest gains in the mAP@.5 metric
(limited to 1-2% across all models), whereas more substantial improvements are observed in mAP@[.5, .95] and
mAP@.75. This modest increase is attributed to the relatively lenient IoU threshold of 0.5, which reduces the
impact of refined annotation strategies such as SML-IS. These findings indicate that the advantages of SML-IS
become more evident under stricter IoU thresholds.

Extended accuracy metrics: object size and class-level evaluation

To gain further insights into the effectiveness of the dataset, we examined the extended accuracy metrics
summarized in Table 4, based on evaluations conducted with the M-labelled test set. These metrics include mAP-S,
mAP-M, and mAP-L, which correspond to performance across object sizes: small (under32 x 32pizels),
medium (32 X 32t096 x 96pizels), and large (over 96x96 pixels). Additionally, class-specific scores (mAP-
Atlas, mAP-Handle, and mAP-Spot) offer a detailed perspective on per-class performance. The relatively
uniform mAP@[.5, .95] values among classes suggest a balanced dataset in terms of class representation. Results
indicate that segmentation models consistently perform better on medium-sized objects, while performance
on small-scale instances is substantially lower than on large ones. This pattern reaffirms the limitations of the
S-labelled dataset, previously noted, and reinforces the need for multi-scale and semantically rich annotation
strategies to improve segmentation across diverse object sizes.

In addition to these findings, the most striking observation in Table 4 is the performance behavior of
YOLOVS8I-seg, particularly its unexpectedly high mAP-S score and comparatively lower mAP-L score relative to
other models. As detailed in “Models without anchor boxes”, this can be attributed to the anchor-free nature of
YOLOvV8I-seg, which detects object centers directly rather than relying on anchor box overlap. This architectural
characteristic improves recall for small or densely packed objects, such as those that are partially occluded or
clustered. However, it may lead to diminished precision when segmenting larger objects, contributing to the
observed drop in mAP-L performance. It is also important to clarify that YOLOv8I-seg achieving the highest
overall mAP does not imply that anchor-free models are inherently superior. Recent studies*>** demonstrate that
Mask R-CNN (when equipped with more advanced backbones beyond R101-FPN or X101-FPN) continues to
outperform in producing top-tier mAP scores, maintaining its position at the forefront of instance segmentation
benchmarks.

Mask R-CNN R101-FPN
mAP/mAP@.5/mAP@.75/mAP-S/mAP-M/mAP-L/mAP-Atlas/mAP-Handle/mAP-Spot
M 38.9/539/41.6/13.5/77.8/42.8/38.0/40.3/38.9

SML-IS |45.7/55.1/52.2/17.6/81.6/46.6/44.5/47.1/43.9

Mask R-CNN X101-FPN
mAP/mAP@.5/mAP®@.75/mAP-S/mAP-M/mAP-L/mAP-Atlas/mAP-Handle/mAP-Spot

Dataset

M 42.2/57.5/44.3/154/80.0/44.3/43.1/41.9/41.1
SML-IS | 48.7/59.0/55.6/18.0/83.2/47.6/49.7/ 47.5/ 48.5
YOLOV7-seg
mAP/mAP®@.5/mAP@.75/mAP-S/mAP-M/mAP-L/mAP-Atlas/mAP-Handle/mAP-Spot
M 40.6/55.0/42.9/14.5/79.2/44.1/41.1/40.2/41.1

SML-IS | 45.2/56.1/51.0/17.1/82.6/46.7/46.1/45.6/44.3

YOLOVSI-seg
mAP/mAP@.5/mAP@.75/mAP-S/mAP-M/mAP-L/mAP-Atlas/mAP-Handle/mAP-Spot

M 43.3/58.9/45.6/26.9/81.1/39.8/43.3/43.7/44.0

SML-IS | 48.5/59.4/54.4/29.7/83.9/40.9/48.9/48.2/50.1

Table 4. Comparative extended performance metrics for conventional (M) and multi-scale (SML-IS)
annotations.
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Performance on SML-1S-labelled test dataset

Tables 3 and 4 present the primary evaluation results of this study, obtained on the conventional M-labelled test
set, which follows the standard evaluation protocol and reflects practical deployment scenarios where only a
single ground-truth annotation is available. To complement these primary results and provide additional insight
into the behavior of the proposed annotation strategy under a more challenging evaluation setting, further
analyses were also conducted using the SML-IS-labelled test set (in Table 5).

As shown in Table 5, testing on the SML-IS-labelled test set consistently results in lower mAP scores for both
M-trained and SML-IS-trained models compared to their performance on the M-labelled test set. For example,
YOLOV7-seg trained with M-labelled data achieves an mAP of 40.6% on the M test set but drops to 32.6% when
evaluated on the SML-IS-labelled test set. Similarly, when trained on SML-IS-labelled data, its mAP declines
from 45.2% to 41.3%. This performance drop highlights the increased complexity of the SML-IS-labelled test
set, which includes multi-scale polygon annotations (S, M, and L) for each instance, thereby posing a more
challenging evaluation scenario. Notably, the reduction in accuracy is more pronounced for M-trained models
(an 8.0% drop for YOLOv7-seg) than for SML-IS-trained models (a 3.9% drop), emphasizing the enhanced
generalization capacity of models trained with multi-scale annotations.

Although achieving higher performance on the SML-IS-labelled test set would further substantiate the
effectiveness of SML-IS, its demonstrated superiority on the M-labelled test set (prepared using standard
labelling practices) already serves as a robust benchmark. This confirms that SML-IS delivers substantial
performance gains over conventional annotations, reinforcing its practical value and potential for real-world
instance segmentation tasks. These improvements are attributable to the complementary nature of multi-scale
annotations: small masks emphasize fine-grained object details, large masks capture contextual surroundings,
and medium masks provide a balanced representation. Their integration allows the model to jointly learn object-
specific details and contextual cues, showing that the observed accuracy gains are driven by genuine semantic
diversity rather than marginal statistical effects.

Medical imaging application: Kvasir-SEG dataset

To further assess the effectiveness of the proposed method within a medical context, the Kvasir-SEG dataset!!
was utilized as a benchmark for colorectal polyp segmentation and is publicly available at https://datasets.sim
ula.no/kvasir-seg/. The Kvasir-SEG dataset was chosen for three key reasons. First, it represents a challenging
medical imaging domain where accurate segmentation is vital for early diagnosis and clinical decision-making.
Second, medical datasets are typically limited in scale, making the SML-IS-labelling method particularly
advantageous because it improves supervisory quality without expanding the dataset size. Third, the small
and morphologically diverse structure of colorectal polyps provides an excellent benchmark for validating the
method’s ability to capture subtle spatial variations that single-scale annotations often overlook.

The dataset contains 1000 endoscopic images along with their corresponding masks, illustrating colorectal
polyps captured under realistic clinical conditions. The original binary mask annotations were first converted
into contour-based polygon annotations and stored in a COCO-compatible JSON format to enable their use
with instance segmentation models while ensuring alignment with the experimental framework described
earlier. Manual annotations (S and L) were then generated according to the SML-IS labelling protocol. A
representative example of a conventional M-labelled image is shown in Fig. 6a, while Fig. 6b-d illustrate the
corresponding Small (S), Medium (M), and Large (L) scale masks produced using the proposed approach. A
deliberate blur effect was applied to Fig. 6b—d to emphasize that the information contained within the polygon
mask annotations alone is sufficient for class identification, as similarly demonstrated in Fig. 4. This visualization
underscores how multi-scale annotations enhance spatial precision and semantic richness in medical imagery.

For experimental evaluation, the dataset was divided into 800 training and 200 testing samples, following
the same 4:1 ratio used for the custom dataset. The conventional M-labelled dataset was directly derived from
the original masks, whereas the SML-IS-labelled dataset was generated using the same scaling policy described
earlier, resulting in three times more annotations per image across S, M, and L scales.

The training configuration for the Kvasir-SEG experiments followed the same setup described in “Details
of training process”. The training convergence behavior is illustrated in Fig. 7. The results from the M-labelled
test set are reported in Table 6, while those corresponding to the SML-IS-labelled test set are summarized in
Table 7 (presented as a complementary analysis, whereas the M-labelled test set in Table 6 serves as the primary
evaluation following the standard evaluation protocol).

Dataset | Mask R-CNN R101-FPN Mask R-CNN X101-FPN
mAP@[.5,.95] | mAP@.5 | mAP®@.75 | mAP@][.5,.95] | mAP@.5 | mAP®@.75
M 299 52.8 234 31.7 56.6 25.0
SML-IS | 40.4 54.3 37.1 43.6 58.7 40.3
YOLOV7-seg YOLOv8I-seg
mAP@|[.5,.95] | mAP@.5 | mAP@.75 | mAP@|[.5,.95] | mAP@.5 | mAP@.75
M 32.6 54.4 26.5 353 57.0 29.5
SML-IS | 41.3 55.5 38.1 44.7 58.7 41.6

Table 5. Performance comparison on SML-IS-labelled test set for models trained with varying annotation
strategies.
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Fig. 6. Application of SML-IS labelling method on a sample from the Kvasir-SEG dataset.
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Fig. 7. Training-loss convergence patterns on the Kvasir-SEG dataset for mask R-CNN and YOLO models
using M- and SML-IS-labelled training data.

As shown in Fig. 7, both Mask R-CNN R101-FPN and YOLOv7-seg models exhibited smooth and stable
training-loss convergence throughout the learning process on the Kvasir-SEG dataset. Compared with the
custom dataset, the overall loss curves were flatter and more stable due to the homogeneous texture and reduced
semantic complexity of medical images. For the Mask R-CNN R101-FPN model, the training loss gradually
decreased to approximately 0.65 with M-labelled data, whereas the SML-IS-labelled configuration achieved faster
convergence, dropping to around 0.39. This faster and smoother decline highlights the improved supervision
efficiency provided by the SML-IS annotation. The YOLOv7-seg model demonstrated a similar pattern, with
final loss values of about 0.61 for M-labelled and 0.35 for SML-IS-labelled datasets. These results indicate that
the proposed labelling strategy accelerates convergence and enhances learning stability once models reach their
plateau phase, emphasizing its effectiveness in medical-image segmentation tasks.
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Dataset | Mask R-CNN R101-FPN Mask R-CNN X101-FPN

mAP@[.5,.95] | mAP@.5 | mAP@.75 | mDice | mAP@[.5,.95] | mAP®@.5 | mAP@.75 | mDice
M 65.6 82.8 67.7 80.3 68.1 85.8 69.5 81.8
SML 72.4 83.9 76.7 84.2 75.7 86.3 79.3 86.9

YOLOV7-seg YOLOVSI-seg

mAP@[.5,95] | mAP@.5 | mAP@.75 | mDice | mAP@|[.5,95] | mAP@.5 | mAP@.75 | mDice
M 67.5 82.3 68.9 81.1 69.1 86.5 69.5 82.0
SML 73.7 83.8 75.8 86.5 75.7 87.9 77.9 87.6

Table 6. M-labelled test set evaluations of mask R-CNN and YOLO models trained with Kvasir-SEG dataset.
The mean Dice coefficient (mDice) is expressed as a percentage (%).

Dataset | Mask R-CNN R101-FPN Mask R-CNN X101-FPN

mAP@|[.5,.95] | mAP@.5 | mAP@.75 | mDice | mAP@][.5,.95] | mAP@.5 | mAP®@.75 | mDice
M 58.8 75.9 534 73.8 60.8 77.1 56.8 74.7
SML 69.3 76.9 67.5 81.8 72.3 79.1 69.7 82.6

YOLOV7-seg YOLOv8I-seg

mAP@[.5,.95] | mAP@.5 | mAP@.75 | mDice | mAP@[.5,.95] | mAP@.5 | mAP@.75 | mDice
M 59.6 76.5 54.7 74.5 61.1 78.3 57.3 759
SML 68.1 77.2 66.4 82.2 70.1 79.9 70.6 83.6

Table 7. SML-IS-labelled test set evaluations of mask R-CNN and YOLO models trained with Kvasir-SEG
dataset. The mean Dice coefficient (mDice) is expressed as a percentage (%).

Tables 6 and 7 quantitatively confirm these observations. Consistent with the convergence behavior, models
trained with SML-IS-labelled data outperformed those trained with conventional M-labelled data across all
evaluated COCO metrics. In Table 6, the Mask R-CNN R101-FPN achieved a 7% improvement in mAP (mAP@
[.5,.95] = 72.4 vs. 65.6) on the M-labelled test set, while comparable increases were observed for the remaining
Mask R-CNN and YOLO-based architectures. This improvement is particularly significant considering the
limited size of the Kvasir-SEG dataset, where data scarcity typically constrains model generalization. Likewise,
Table 7 indicates that evaluations on the SML-IS-labelled test set produced performance trends consistent with
those observed on the custom dataset, further demonstrating the robustness and generalizability of the proposed
annotation strategy.

In addition to the standard COCO evaluation metrics, the mean Dice coefficient (mDice) was also reported to
facilitate direct comparison with previous medical image segmentation studies based on the Kvasir-SEG dataset.
Although mDice is more commonly employed in semantic segmentation literature, it was included here as a
complementary evaluation metric. Consistent with the mAP results, the proposed SML-IS annotation strategy
also achieved consistently higher mDice scores than the conventional M annotation strategy across all evaluated
instance segmentation models, further confirming that the proposed approach improves segmentation accuracy
while preserving its effectiveness under the standard instance segmentation evaluation protocol.

Critical reflections and future research
While the proposed SML-IS labelling method demonstrated promising outcomes, certain limitations persist that
warrant detailed exploration in future research.

First, assessing the generalizability of SML-IS across diverse instance segmentation datasets is essential for
defining its broader applicability. As detailed in “SML-IS: principles and practical integration”, the method can
be applied to existing datasets with polygon-based annotations. However, a significant limitation lies in the
increased manual effort required for generating multi-scale polygon masks, especially in large-scale datasets
(such as MS COCO! and Pascal VOC?!). This process, which followed consistent standards throughout this
study, proved to be more time-intensive than conventional single-scale annotation. Based on our annotation
experience, preparing SML-IS annotations typically required approximately twice the annotation time of
conventional single-scale labelling. This increase is considerably lower than a threefold increase because the
three polygon masks are generated sequentially on the same object, allowing each annotation to guide the
next rather than requiring three independent annotation processes. Consequently, automating the multi-scale
annotation workflow and integrating it into semi-supervised or assisted labelling pipelines will be a key direction
for future work to reduce annotation effort while preserving the benefits of the proposed strategy. Furthermore,
SML-IS introduces additional computational overhead during model training due to the enlarged dataset. This
higher demand in training time and GPU resources must be addressed through architectural optimizations or
more efficient data handling techniques.

Second, an interesting anomaly observed in Table 3 is the increasing gap between mAP and mAP®.75 scores
when using SML-IS. While the gap for M-labelled datasets is around 2%, this difference grows to approximately
6-7% for all models trained with SML-IS. For instance, YOLOvV7-seg shows a 2.3% gap for M labelling and a
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5.8% gap for SML-IS. Comparable trends are evident in Tables 6 and 7 for the Kvasir-SEG dataset, indicating
that the observed gap between mAP and mAP®@.75 remains consistent, thereby reinforcing the reliability of
this pattern across datasets. Although this may be partially explained by the higher IoU threshold of mAP®@.75,
which enforces stricter spatial alignment, the consistent discrepancy across models suggests a more complex
interaction between label structure and model sensitivity to fine-grained accuracy. Unpacking these dynamics
will be critical for understanding how multi-scale labels affect learning across varying levels of localization
precision.

Further insights can be drawn from comparisons between the M-labelled and SML-IS-labelled test sets. As
seen in Table 3, models generally perform better on the M-labelled test set in terms of mAP@.75 than mAP,
whereas in Table 5, this trend reverses slightly for the SML-IS-labelled test set. The lower mAP@.75 in the SML-
IS-labelled test set could be related to increased annotation complexity, but the exact reasons remain unclear.
Likewise, minor declines in mAP@.5 across test sets are observed. A similar but less pronounced trend can also
be observed in the Kvasir-SEG results presented in Tables 6 and 7, providing further validation of this behavior
across datasets. While these results do not present a practical limitation (given that real-world evaluation
typically relies on standard M-labelled data), they highlight an important methodological question that future
work should address to improve interpretability of results under varying label structures.

Another promising future research direction is to conduct a comprehensive comparative study between
SML-IS and representative mask perturbation methods***> under identical experimental settings, including the
same datasets, model architectures, training protocols, and evaluation metrics, to enable a fair and systematic
performance comparison.

Finally, model evaluations in this study were limited to pre-annotated test sets, either M-labelled or SML-
IS-labelled. While necessary for standardized benchmarking, this approach may not fully reflect real-time
deployment conditions. In real-world applications where ground truth labels are unavailable, models trained
with SML-IS are expected to deliver more consistent and adaptive segmentation outputs. With appropriate
confidence thresholds, such models could offer increased resilience to noise and variability in unseen
environments. Therefore, future research should empirically validate the practical effectiveness of SML-IS in
live segmentation scenarios, potentially confirming its superiority as a data-centric enhancement strategy for
real-time applications.

Conclusion

This study presented the SML-IS labelling method, a multi-scale polygon annotation strategy designed to enrich
training data and improve instance segmentation performance. Unlike conventional single-scale annotations,
SML-IS provides three complementary masks for each object instance, thereby increasing semantic depth
without requiring additional images. Empirical evaluations demonstrated that SML-IS consistently improves
mAP across different segmentation architectures, confirming its model-agnostic effectiveness. A notable
distinction is that SML-IS differs from data augmentation: while augmentation creates new samples by
transforming raw images, SML-IS retains the original images and instead enhances the quality and diversity
of labels. This characteristic makes SML-IS particularly advantageous in data-scarce domains such as medical
imaging, agriculture, and autonomous systems, where high-quality annotations are critical. Overall, SML-IS
represents a practical and scalable data-centric solution that contributes both to academic research and to real-
world applications requiring robust instance segmentation.

Data availability

The custom dataset used in this study is publicly available at: https://www.kaggle.com/datasets/ademkosar/cust
om-instance-segmentation-dataset. The Kvasir-SEG dataset used in this study, originally introduced by Jha et al.
[9], is publicly available for research purposes at: https://datasets.simula.no/kvasir-seg/.
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