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Abstract

Monitoring adherence to personal protective equipment
(PPE) guidelines is critical for infection control in clin-
ical environments. Automated methods for monitoring
require precise localization of PPE in complex real-
world videos. While recent video segmentation mod-
els like SAM2 have shown strong performance, they un-
derperform in healthcare settings due to cluttered back-
grounds and frequent occlusions of small PPE items
such as masks and gloves. We have identified two core
limitations of SAM?2 in this context: (1) difficulty in dis-
tinguishing PPE objects from complex backgrounds, and
(2) tracking drift during occlusion. To address these is-
sues, we propose MAPS: Morphology Aware PPE Seg-
mentation, a training-free extension of SAM2 that in-
corporates two novel components: (1) a morphology-
aware memory module that leverages shape descriptors
to selectively retain reliable memory features and (2) a
person-aware filtering module that removes predictions
that do not align with detected person regions. MAPS
achieves consistent improvements across multiple SAM?2
model scales and outperforms recent SAM2-based ex-
tensions on a newly introduced PPE object tracking
dataset. The code and the new dataset are available at
https://github.com/yangwanzhao/MAPS.

1. Introduction

Recent advancements in vision foundation models, such
as Segment Anything Model 2 (SAM?2) [21], have sig-
nificantly enhanced image analysis performance in com-
puter vision tasks, including zero-shot and few-shot seg-
mentation. The effectiveness of SAM2 has not yet been
evaluated in complex real-world settings, particularly in
healthcare scenarios like personal protective equipment
(PPE) detection and tracking. Monitoring PPE adher-
ence is critical in healthcare environments for infection
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control and medical personnel safety [1, 2, 16]. For
automated monitoring, PPE items such as masks and
gloves frequently become partially or fully occluded due
to provider movements, patient interactions, and proce-
dures, presenting unique challenges that standard seg-
mentation methods have yet to address.

Healthcare environments are inherently complex,
featuring diverse and cluttered backgrounds that can
distract segmentation models, causing mistaken inclu-
sion of unrelated background pixels as objects of inter-
est. During occlusions, models like SAM2 may incor-
rectly shift their focus to unrelated objects, resulting in
segmentation drift and incorrect object re-identification
(Figure 1). To study these challenges, we develop a new
PPE object tracking dataset derived from clinical simu-
lation videos recorded in a resuscitation room. Guided
by the observation that PPE objects of interest are usu-
ally shape-consistent, we propose two modules to ad-
dress these challenges: the Morphology-Aware Memory
module and the Person-Aware Filtering module. The
Morphology-Aware Memory module leverages shape
descriptors to maintain focus on correct PPE objects,
ensuring shape consistency across frames. The Person-
Aware Filtering module provides an effective strategy to
reduce false positives by ensuring PPE regions remain
spatially consistent with the corresponding person re-
gion.

Our main contributions are as follows:

* We developed a specialized PPE visual object
tracking dataset explicitly capturing realistic clini-
cal scenarios involving occlusions and background
complexity.

We conducted the first comprehensive evaluation
and analysis of SAM2 performance for PPE detec-
tion and tracking, highlighting its limitations.

We introduced MAPS, a novel Morphology-
Aware PPE Segmentation framework incorporat-
ing the Morphology-Aware Memory module and



the Person-Aware Filtering module, that signifi-
cantly improve segmentation accuracy and robust-
ness in complex healthcare scenarios.

2. Related Work
2.1. PPE Detection

Automated PPE detection has emerged as an essential
component in various industries to protect individuals
from workplace hazards. In healthcare facilities, an in-
creased emphasis on PPE adherence has emerged for
infection control and healthcare personnel safety in the
wake of the COVID-19 pandemic. Effective monitor-
ing of PPE adherence helps ensure compliance, reduces
the risk of healthcare-associated infections, and miti-
gates manual monitoring workloads. PPE detection us-
ing computer vision has relied on manual supervision or
simplistic methods such as color thresholding or hand-
crafted feature extraction [18, 19]. These methods were
vulnerable to real-world variations including lighting
conditions, camera angles, and partial occlusions.

Deep learning-based object detection methods, such
as YOLO [22], Faster R-CNN [23], and Mask R-CNN
[11], improved the robustness and accuracy of PPE de-
tection by handling these environmental variations us-
ing extensive annotated datasets [3, 6, 10, 17, 31]. The
inherently data-intensive nature of these fully super-
vised models limits their scalability and flexibility. Re-
cent research has shifted towards few-shot and zero-
shot detection strategies [20, 21, 25], that aim to ad-
dress data limitations resulting from ground truth and
training dataset size by learning generalized represen-
tations from generic datasets. These generalized meth-
ods often fail to adequately handle the unique and di-
verse complexities inherent to healthcare environments,
such as varying object scales, cluttered backgrounds,
and dynamic interactions among healthcare personnel.
Our paper aims to bridge this gap by evaluating and en-
hancing advanced segmentation models tailored for real-
world healthcare scenarios. In this paper, we propose the
Morphology-Aware Memory and Person-Aware Filter-
ing mechanisms to improve PPE detection and tracking
accuracy.

2.2. Segment Anything Model 2

Segment Anything Model 2 [21] builds upon the orig-
inal SAM model by incorporating interactive prompt-
ing mechanisms, refined segmentation capabilities, and
advanced temporal tracking using a memory bank sys-
tem. The memory bank in SAM2 stores segmenta-
tion data from preceding frames, improving prediction
consistency and stability over video sequences. Sev-
eral variants of SAM2 have been proposed to address
specific segmentation and tracking challenges. SAMU-
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RAI [29] primarily integrates a Kalman Filter-based
tracking strategy to enhance temporal predictions, ef-
fectively addressing object drift and improving track-
ing accuracy. SAM2.1++ [27] uses a distractor-aware
memory update module designed to manage and miti-
gate distractions, significantly enhancing object track-
ing stability. SAM2Long [7] introduces a constrained
memory tree structure that optimizes the retrieval of his-
torical segmentation predictions, maintaining robustness
and accuracy over extended temporal sequences. De-
spite these advancements, current SAM2 variants pri-
marily target generic object tracking scenarios and do
not address the challenges posed by complicated envi-
ronments like healthcare settings. These methods are not
tailored to manage the complexities arising from clut-
tered backgrounds, frequent occlusions, and small ob-
ject sizes commonly encountered in PPE tracking tasks.
Our work addresses this gap by leveraging the consistent
morphological characteristics of PPE items and intro-
ducing morphology-aware and spatial consistency con-
straints, enhancing segmentation performance in com-
plex healthcare scenarios.

2.3. Morphology in Computer Vision

Morphological techniques have long served as a foun-
dation in computer vision, offering fundamental oper-
ations such as erosion, dilation, opening, and closing
for manipulating shapes in binary and grayscale images.
These operations support tasks such as noise removal,
segmentation, and boundary extraction, and are com-
monly used as pre-processing steps in vision pipelines
[15, 24]. Building on these basic operations, shape de-
scriptors like Hu moments [12] provide invariant fea-
tures that are robust to translation, scale, and rotation.
Hu moments enable quantitative shape comparison and
have been widely applied in object recognition and pat-
tern matching across domains such as industrial inspec-
tion and biomedical imaging [26]. More recently, the
integration of morphological operations with deep learn-
ing frameworks has received growing attention. A meta-
learning-based method was proposed to embed morpho-
logical operators into deep neural networks, showing
that these nonlinear, shape-preserving transformations
can enhance feature representations and improve perfor-
mance in tasks such as image classification and edge de-
tection [13]. Architectures that combine morphological
and convolutional layers have achieved improved results
in medical image classification, showing the synergy be-
tween classical morphology and contemporary learning-
based methods [4].

Despite these advances, challenges remain in achiev-
ing invariance and robustness under real-world variabil-
ity. The application of morphological methods to PPE
segmentation and tracking, especially in dynamic and
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Figure 1. Overview of SAM2 limitations and MAPS improvements. Left: Scatter plots compare the normalized first Hu Moment
(Hul) for each frame between the ground truth and SAM2 predictions across two representative videos of PPE types, mask and
glove. Ground truth values cluster tightly, reflecting consistent shape over time, while SAM2 values are scattered, indicating
shape inconsistency. Right: Example frames show SAM2 predictions (top) include unrelated background pixels or drift off-target,
highlighted with orange bounding boxes, while MAPS predictions (bottom) maintain focus by incorporating morphology-aware

memory and person-aware filtering.

visually complex healthcare environments, has not been
investigated. To address this gap, our study introduces
an adaptive, Hu Moments-based filtering approach de-
signed to maintain segmentation consistency and relia-
bility in PPE tracking.

3. Exploring SAM2 for PPE detection
3.1. PPE Tracking Dataset

We curate a specialized PPE object tracking dataset
based on the R2PPE dataset [30], which was origi-
nally developed for PPE adherence monitoring in health-
care. The R2PPE dataset consists of images and videos
recorded from medical simulations conducted in a re-
suscitation room. It captures various challenging sce-
narios, including small PPE objects, frequent occlusions
due to personnel movements and interactions, and visu-
ally similar PPE adherence states. Original R2PPE an-
notations are bounding boxes for masks, gloves, gowns,
and eyewear provided at 1 frame per second (fps). In
this study, we focused on gloves and masks due to their
role in infection control and tracking challenges.

To construct our visual object tracking dataset, we
reviewed each video in R2PPE. When we identify a
frame with annotated bounding boxes of targeted ob-
jects (masks or gloves), we extracted a one-minute video
clip starting from that frame at 15 fps, yielding 900
frames per clip. SAM2 was then applied to each iden-
tified object in the initial frame using its bounding box
as the prompt, propagating segmentation outputs across
all frames in the one-minute clip. We repeated this pro-
cess for subsequent frames in the original R2PPE videos
to generate tracks. The SAM2-generated segmenta-

tion outputs served as guides to align with the original
bounding box annotations available at 1 fps. By com-
paring object class IDs and spatial locations, we tracked
each PPE object throughout the one-minute clips, cre-
ating consistent bounding box trajectories. Finally, a
human-in-the-loop refinement step ensured the precision
and correctness of the generated tracks. Human annota-
tors reviewed and refined bounding box coordinates and
corrected any inaccuracies or drift in tracking caused by
SAM2. This refinement guarantees high-quality bound-
ing box trajectories suitable for robust evaluation.

Our final PPE object tracking dataset comprises 160
one-minute video clips, including 112 glove and 48
mask clips, representing a resource for evaluating track-
ing performance in realistic clinical scenarios. This
dataset is designed for evaluation purposes and is com-
parable in scale to widely used public object tracking
datasets such as OTB100 [28], LaSOT [8], LaSOT[9],
and GOT-10k[14].

3.2. SAM2 Evaluation

We evaluated the performance of SAM2 for tracking
PPE items within our PPE object tracking dataset. A key
advantage of SAM2 is its interactive prompting capabil-
ity, allowing manual correction of segmentation results
at selected frames. To investigate this capability, we ap-
plied SAM2 to our dataset using different numbers of
prompts. We first used only the bounding box from the
first frame as a single prompt. We then increased the
number of prompts, ensuring new prompts were evenly
distributed throughout the video clips to maximize ef-
fectiveness.

The tracking performance of SAM2 on our dataset
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Figure 2. AUC of SAM2 on the PPE dataset for gloves and
masks, using 1, 2, and 3 prompts. Each scatter point repre-
sents the AUC for an individual video, while the solid lines
and highlighted markers indicate the mean AUC for each set-
ting.

is shown using one, two, and three prompts (Figure
2). The scatter plot shows per-video Area Under Curve
(AUC) values along with their means for both gloves
and masks. Despite the increased number of prompts,
the overall improvement in segmentation performance
remains marginal. The per-video AUCs exhibit con-
siderable variability, and the mean AUCs show limited
change across different prompt counts. These results
suggest that SAM2 frequently loses track of PPE items
and fails to maintain consistent segmentation over time,
even with additional user guidance.

In addition to the prompt-based evaluation, we fur-
ther explored SAM2’s segmentation quality through vi-
sual and statistical analysis (Figure 1). This figure
displays the distribution of the first Hu Moment val-
ues—a shape descriptor—for both SAM?2 predictions
and ground truth annotations, along with qualitative ex-
amples from representative video clips. The distribu-
tions reveal that SAM?2 produces more variable shape
representations compared to the consistent shapes in the
ground truth, indicating the difficulty in preserving ob-
ject morphology. The accompanying visual examples
highlight cases where SAM?2 outputs deviate from object
boundaries or include unrelated background content, re-
inforcing the segmentation challenges in real-world clin-
ical environments.

3.3. SAM?2 Limitations on PPE Datasets

The results from prompt-based experiments, along with
the insights from the first Hu Moment analysis, reveal
limitations in SAM2’s ability to maintain consistent and
accurate PPE segmentation. These analyses identify two
primary failure modes of SAM?2 in PPE tracking tasks:

» Background Distraction: SAM2 struggles to maintain
accurate segmentation when operating in cluttered and
dynamic clinical environments. It often includes addi-
tional pixels from the surrounding background, lead-
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ing to incorrect object boundaries and noisy predic-
tions. This limitation is exacerbated in healthcare set-
tings where various instruments, uniforms, and over-
lapping body parts create visual distractions.
Tracking Drift: When PPE items become partially oc-
cluded or change shape due to movement, SAM?2 of-
ten fails to adapt, resulting in segmentation outputs
drifting toward nearby regions. This drifting reduces
tracking reliability and may lead to loss of object iden-
tity across frames.

These critical limitations observed in our dataset mo-
tivates our proposed approach, aiming to enhance seg-
mentation robustness and accuracy by addressing both
background distractions and tracking drift. The targeted
morphological and spatial consistency modules intro-
duced in subsequent sections mitigate these challenges.

4. Methodology

To address the limitations encountered by SAM2 during
PPE segmentation and tracking tasks, we introduce the
MAPS model (Figure 3). In this section, we first intro-
duce the preliminaries of Hu Moments in section 4.1.
The proposed Morphology-Aware Memory module and
Person-Aware Filtering module in MAPS are introduced
in section 4.2 and 4.3, respectively.

4.1. Hu Moments

Morphological descriptors are valuable in PPE segmen-
tation tasks due to the consistent and distinctive shapes
of PPE items such as masks and gloves. Among these
descriptors, Hu Moments are particularly useful because
they are invariant to translation, rotation, and scaling.
This property makes them effective for assessing shape
consistency across frames, especially in dynamic set-
tings.

Given a binary segmentation output /(z,y), central
moments fi,, are computed as:

Hpg = ZZ(&L‘—E‘)p(y—y)qI($7y), (1)

where p and ¢ are non-negative integers that specify the
order of the moment with respect to the x and y coordi-
nates, and = and ¥ are the centroid coordinates:

2oy l@y) 3,0, yl(z,y)
oo, @y VT Iy

These central moments are normalized to form scale-
invariant moments 7,4
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From these normalized central moments, Hu defined
seven moment invariants (hq, hs, ..., hy) through non-
linear combinations. These moments capture different
shape characteristics: i quantifies overall compactness,
ho measures symmetry, and hg through h7 represent
higher-order shape variations such as elongation, skew-
ness, and spatial complexity.

These invariants allow comparison of object shapes
regardless of their position, orientation, or scale. In this
study, we focus on the first Hu Moment hy = 120 + 792
due to its ability to reflect the general compactness and
outline of PPE shapes, which is particularly relevant for
evaluating segmentation quality.

As described in Section 3.2, we compare the first Hu
Moment distributions between ground truth and SAM2
predictions to assess shape consistency (Figure 1). We
used two representative videos—one for gloves and one
for masks—and compute h; for each frame. Each point
in the scatter plot corresponds to the h; value of a
ground truth PPE region (x-axis) and a SAM2 predic-
tion (y-axis). Ground truth values cluster tightly, indi-
cating consistent shapes, while SAM2 values are more
dispersed, reflecting greater variability.

These findings highlight SAM2’s limitations in pre-
serving shape consistency across frames, reinforcing the
need for shape-aware filtering strategies.

4.2. Morphology-Aware Memory Module

Hu Moments are invariant under translation, rota-
tion, and scaling, making them suitable for compar-
ing shapes of PPE masks and gloves, which typically
exhibit consistent morphological characteristics across
frames. Building on this property, we introduce the
Morphology-Aware Memory mechanism to identify and
retain temporally consistent predictions during PPE
tracking.
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To quantify the shape consistency of segmentation
predictions over time, we used an Exponential Moving
Average (EMA) strategy to maintain running estimates
of both the mean and variance of the first Hu Moment
values. The design of our filtering module is inspired
by Gaussian-based confidence bounds. We assume that
consistent Hu Moments values over time should fol-
low a distribution centered around a dynamic mean with
bounded variance. We treat the first Hu Moment val-
ues as samples from a distribution and define validity
based on how many standard deviations a sample devi-
ates from the current mean. A prediction is considered

valid if:
|ze — pue] < Ep - /v €]

where z; is the first Hu Moment value calculated from
the segmentation prediction at time ¢, p; is the EMA
mean, v; is the EMA variance, and k; is the confidence
interval coefficient that controls the strictness of the Hu-
based memory selection boundary.

We initialize the EMA from the first Hu Moment
value x( from the first frame, which is used as a prompt
and is trusted. The mean is updated in two steps. First,
an intermediate estimate is computed as

(&)

allowing recent predictions to influence the estimate.
Then, this estimate is anchored to the initial value with

(6)

preserving alignment with the prompt while allowing
adaptation to the evolving statistics. The variance is up-
dated with the standard EMA formula:

fee1 = oqmy + (1 — o) e,

1 = Bexo + (1 — Be)fte41,

24 (1= ap)vy. (7)

This formulation enables the filter to adaptively reflect
the distribution of consistent Hu values over time.

To progressively shift the filtering behavior from le-
nient to strict, we schedule the parameters oy, [3;, and
k: based on the normalized frame index r; = t/T. oy
increases over time to give more weight to recent pre-
dictions, making the filter more adaptive as confidence
builds. (3; decreases over time to reduce the influence
of the initial prompt frame, allowing the filter to evolve
based on observed consistency. k; decreases over time
to tighten the acceptance range, enforcing stricter shape
consistency as more data accumulates. These schedul-
ing functions are defined as:

Vt4+1 = at(xt - Mt)

O = Olstart + (aend - astart)(l - ei’wt); (8)
51& = Bend + (ﬂslart - ﬂend)eiwrt; (9)

Kstart — Ken
ke = kend + —55 (10)

14+ eA(r:—0.5)



where Qgtart, Clends Bstarts Sends Kstart> and keng are the start
and end values for each parameter, and -y and A control
the decay and sharpness of the scheduling transitions.

To integrate this module into the SAM?2 framework,
we maintain a separate EMA agent instance for each ob-
ject being tracked. At each new frame, only predictions
from prior frames whose Hu values are deemed valid
by the EMA agent are included in the memory bank.
Frames with no prediction or an invalidated shape are
excluded. This selective memory mechanism ensures
that only morphologically consistent predictions con-
tribute to subsequent segmentation, improving the tem-
poral stability and robustness of PPE tracking in com-
plex environments. Because this approach operates en-
tirely during inference, it does not require any model
training.

4.3. Person-Aware Filtering Module

To further enhance segmentation reliability, we intro-
duce the Person-Aware Filtering module, leveraging the
spatial relationship between PPE objects and their cor-
responding persons. This approach is based on the as-
sumption that PPE objects such as masks and gloves are
worn on a person’s body and must therefore spatially
overlap with a person’s segmentation region. Given the
initial bounding box prompt at the first frame, we ap-
plied YOLO-World [5], a flexible zero-shot object detec-
tion model, to detect persons by setting person as the tar-
get category. Among the detected bounding boxes, we
select the one containing the provided prompt bounding
box, robustly associating the PPE object with its cor-
responding person. Users can also directly provide a
bounding box around the person along with the prompt
point, enabling straightforward initialization.

With the selected person bounding box, we run a par-
allel SAM?2 instance dedicated to segmenting and track-
ing the person across subsequent frames. Person detec-
tion and tracking using SAM?2 are generally reliable due
to the large size and well-defined boundaries of human
figures, making this process stable even across long tem-
poral sequences.

The resulting person segmentation regions are then
used as spatial constraints for PPE segmentation predic-
tions. For each frame, we compute the overlap ratio be-
tween the predicted PPE segmentation region M. and
the corresponding person segmentation region Mperson
as:

‘Mppe N Mperson|

) =
| Mppe |

Overlap(Mppe, Mperson (1 1 )

This overlap ratio quantifies how much of the PPE pre-
diction lies within the detected person region. A low
ratio suggests that the PPE prediction has likely drifted
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to the background or another object, indicating a false
positive. In these cases, the prediction is rejected.

5. Experiments

We evaluated the performance of MAPS by comparing
it with SAM2 and other state-of-the-art segmentation
models on the PPE tracking dataset. Following the orig-
inal SAM2 paper [21] and recent extensions [7, 27, 29],
we adopted two groups of evaluation metrics. Center-
based metrics include precision (P@20) and normalized
precision (Pporm). IoU-based metrics include area under
the curve (AUC), average overlap (AO), and overlap pre-
cision at different IoU thresholds (OP@0.5, OP@0.75).
For our Morphology-Aware Memory module, we em-
pirically set the scheduling ranges for the parameters as
follows: « from 0.2 to 0.8, § from 1.0 to 0.1, and &
from 6 to 2. The decay coefficients A and ~y are set to 10
and 5, respectively. We used the updated SAM2.1 model
suite for all SAM2-based experiments. Unless otherwise
noted, all baselines and variants, including MAPS, were
initialized from the same pretrained SAM2.1 check-
points and inherit the original configurations.

5.1. Comparison with SAM2

To show the effectiveness of the proposed morphology-
aware method, we conducted a detailed comparison of
SAM?2 and MAPS on our PPE tracking dataset across
four model sizes (Table 1). MAPS consistently outper-
forms SAM2 in all evaluation metrics and improvements
are observed across all scales. The performance gain is
most noticeable in center-based metrics such as P@20
and Ppom, suggesting enhanced spatial accuracy of the
segmentation predictions. Gains in IoU-based metrics
indicate that MAPS provides more reliable segmentation
boundaries over time. These improvements are particu-
larly meaningful for PPE items like masks and gloves,
where maintaining tight alignment with the actual ob-
ject shape is crucial for adherence tracking.

5.2. Comparison with SOTA

To further validate the robustness of MAPS, we com-
pared it with recent extensions of the SAM2 frame-
work, including SAMURALI [29], SAM2.1++ [27], and
SAM2Long [7]. We report results separately for two
critical PPE types—mask and glove—using AUC, Ppom,
and OP@0.75 as evaluation metrics (Table 2). These
three metrics are selected because AUC captures overall
segmentation quality, while P, and OP@0.75 repre-
sent center-based and IoU-based criteria, respectively.
For mask tracking, MAPS achieves the highest scores
across all metrics, surpassing other methods by a no-
table margin. This result highlights the effectiveness
of the proposed modules in handling subtle facial PPE



Table 1. PPE object tracking performance comparison between MAPS and SAM?2 across model sizes.

Model AUC(%) P@20(%) Prorm(%) AO(%) OP@0.5(%) OP@0.75(%)
SAM2.1-tiny 50.38 72.21 78.26 50.30 56.60 22.70
MAPS-tiny 51.52 (1.141) 79.14 (6.931) 8237 (4.111) 51.42(1.127) 59.52(2.921) 24.14 (1.441)
SAM2.1-small 52.13 77.58 81.48 52.05 59.64 23.28
MAPS-small 53.29 (1.161) 82.17 (4.591) 83.84 (2.361) 53.21(1.167) 61.44(1.807) 25.34 (2.061)
SAM2.1-base 51.82 77.60 80.54 51.73 58.41 23.67
MAPS-base 53.51 (1.691) 83.57 (5.971) 84.94 (4.407) 53.42(1.697) 60.53 (2.121) 25.21 (1.547)
SAM2.1-large 53.00 81.94 83.88 52.93 59.91 23.32
MAPS-large 54.74 (1.741) 86.64 (4.701) 87.02 (3.141) 54.67 (1.7417) 62.40 (2.491) 25.98 (2.661)
Table 2. Comparison of MAPS with SOTA SAM2-based mod- SAMZ2.1(PAN) @
els on PPE object tracking. Results are reported separately for 0.91 ShHOToRGIFAE
PPE type of mask and glove. ‘
0.90 * MAPS-v2
Mack _E 0.8 SAMZ.:L;HPAF) SAMAL !
8 0.88 SAMzLongMAPS'Vl
Method AUC(%) Phrom(%) OP@0.75(%) @ SAMURAI(PAF)
[a
SAMURAI 3323 66.03 13.33 7 SAMZ.LF%
SAM2.1++ 42.18 72.13 22.43 086
SAM2Long 45.04 73.72 24.90 0.85 { @SAMURAI
MAPS 49.84 78.79 28.78 0.47 048 049 050 051 052 053
AUC
Glove
Method AUC(%) Puoom(%) OP@0.75(%) Figure 4. AUC and precision for SAM2.1, its extensions,
and MAPS models with and without the Person-Aware Filter-
SAMURAI 52.80 84.07 20.36 ing module (PAF). MAPS-v1 includes only the Morphology-
SAM2.1++ 53.19 83.74 22.05 Aware module while MAPS-v2 additionally applies PAF. PAF-
SAM2Long  55.39 85.93 22.56 enhanced variants consistently improve precision and AUC
MAPS 55.08 87.57 23.68 across all models.

with precise spatial constraints. For glove tracking,
MAPS maintains competitive performance. SAM2Long
slightly outperforms MAPS in AUC for gloves, which
may be attributed to its use of multiple segmentation
pathways. These results indicate that MAPS improves
robustness across PPE types while retaining the overall
strengths compared with existing SAM?2 extensions.

5.3. Ablation Studies

Effect of the first Hu Moment constraint. To fur-
ther show the morphological consistency improvements
brought by MAPS, we analyzed the distribution of Hul
values from segmentation predictions. Compared with
SAM2, the standard deviation of Hul decreases by 9%,
from 0.33 to 0.30, indicating more stable shape predic-
tions over time. This improvement is achieved even
though the Hul constraint is not directly applied to the
predicted regions. It is instead used as a soft filtering
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mechanism during memory selection. Despite this in-
direct influence, the constraint still enhances the overall
consistency. In addition, we compared the AUC scores
of the proposed model when only the Morphology-
Aware Memory module is applied (MAPS-v1) (Figure
4). This variant already outperforms SAM?2.1 and all
other recent extensions of SAM2 by a clear margin,
showing the effectiveness of incorporating morpholog-
ical filtering.

Effect of the Person-Aware Filtering module. The
Person-Aware Filtering module is designed to remove
predicted PPE regions that do not sufficiently overlap
with person regions, which often occurs due to tracking
drift caused by PPE occlusions (Figure 1). This mecha-
nism effectively reduces false positives that appear out-
side of reasonable human body regions. The module fea-
tures a plug-and-play design that enables it to be seam-
lessly integrated into any person-related object tracking



Table 3. Ablation on the sensitivity of the confidence interval
coefficient k.

k' AUC(%) Poom(%) OP@0.75(%)
1 5347 84.68 25.58
2 5351 84.94 25.21
3 5334 84.80 25.23

framework without requiring retraining. To evaluate the
effectiveness of the Person-Aware Filtering module, we
analyzed changes in precision, which reflects how well
false positives are suppressed. We applied the filtering
module to several baselines, including SAM2.1 and its
extensions. We compared each model’s AUC and preci-
sion (Figure 4). MAPS-vl and MAPS-v2 represent the
proposed model without and with the Person-Aware Fil-
tering module, respectively. Applying the module con-
sistently improved precision by approximately 2% and
leads to corresponding increases in AUC. These findings
confirm the module’s effectiveness in enhancing predic-
tion reliability and segmentation quality.

Effect of the confidence interval coefficient k. The
confidence interval coefficient k plays a critical role in
determining whether a segmentation prediction’s first
Hu Moment is accepted into the memory bank. This ef-
fect is especially important in later stages of prediction
when the mean and variance estimates are more stable,
making the threshold sensitive to new observations. To
examine the effect of k, we evaluate three fixed values
(Table 3). &k = 2 offers the best balance across AUC,
Piorm, and OP@0.75, providing a reasonable filtering
threshold without being overly restrictive.

6. Conclusion

We identified two key limitations of SAM?2 in PPE ob-
ject tracking in clinical settings: its tendency to include
irrelevant background regions and frequent tracking drift
due to occlusions. To address these challenges, we
proposed MAPS, which introduces two targeted mod-
ules: a Morphology-Aware Memory module that filters
out shape-inconsistent predictions based on shape de-
scriptors, and a Person-Aware Filtering module that re-
moves off-target predictions by enforcing spatial align-
ment with person regions. Our experiments show that
MAPS consistently outperforms SAM?2 and its state-
of-the-art extensions across various metrics and model
sizes, confirming the effectiveness of our approach for
tracking PPE items such as masks and gloves.

While MAPS achieves strong results, it still has limi-
tations. It underperforms when compared to SAM2Long
in glove tracking AUC, likely due to the inherently vari-
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able morphology of gloves caused by finger movements.
MAPS relies on several scheduled parameters, which
increases design complexity. In future work, we aim
to explore higher-order Hu moments to better represent
deformable PPE shapes, develop parameter-free alterna-
tives to simplify deployment, and extend our system to
support a broader set of PPE categories to enhance broad
infection control coverage.
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