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Abstract

Accurate surgical instrument segmentation is essential in cataract surgery for tasks
such as skill assessment and workflow optimization. However, limited annotated data
makes it difficult to develop fully automatic models. Prompt-based methods like SAM2
offer flexibility yet remain highly sensitive to the point prompt placement, often leading
to inconsistent segmentations. We address this issue by introducing RP-SAM?2, which
incorporates a novel shift block and a compound loss function to stabilize point prompts.
Our approach reduces annotator reliance on precise point positioning while maintaining
robust segmentation capabilities. Experiments on the Cataractlk dataset demonstrate that
RP-SAM2 improves segmentation accuracy, with a 2% mDSC gain, a 21.36% reduction
in mHDO95, and decreased variance across random single-point prompt results compared
to SAM2. Additionally, on the CaDIS dataset, pseudo masks generated by RP-SAM2
for fine-tuning SAM2’s mask decoder outperformed those generated by SAM2. These
results highlight RP-SAM?2 as a practical, stable and reliable solution for semi-automatic
instrument segmentation in data-constrained medical settings. The code for RP-SAM2
is available at: https://github.com/BioMedIA-MBZUAT /RP-SAM2.

1 Introduction

In cataract surgery, tracking and segmenting surgical instruments is crucial for evaluating
surgeon precision, analyzing instrument-tissue interactions, and optimizing workflows. Past
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@ (ii) (iii) (vi) )
Figure 1: Zero-shot performance of SAM?2 on surgical instrument segmentation using single-
point prompts. Rows represent instrument classes, with column (i) showing ground truth
(GT) masks (blue shade). Columns (ii)-(vi) display single-point prompts (star symbol) and
their segmentation masks, while column (v) presents a heatmap of dice scores for different
point locations. Significant variance in results observed depending on prompt placement.

advancements in deep learning have enabled accurate segmentation models in the medical
domain [1, 3, 4, 13, 19, 20, 30, 33, 34], with modern approaches, trained on a large corpus of
data, capable of generalizing well to unseen classes without additional supervision [15, 27,
35]. However, this task still poses a significant challenge in surgical contexts due to complex
scenes with insufficient contrast, object occlusions, and lighting and motion-related artifacts.
Furthermore, acquiring high-quality, large-scale annotated datasets in this domain is both
challenging and expensive due to the specialized expertise required, privacy constraints, and
the time-consuming nature of manual labeling. As a result, the available annotated data is
often limited in terms of both quantity and diversity. To address this gap, semi-automatic or
interactive segmentation techniques have become a practical alternative, enabling efficient
annotation with minimal user input [2, 5, 6, 7, 16, 18, 21, 29, 32]. For instance, a few
clicks or coarse scribbles, while leveraging robust pretrained models to refine segmentation
automatically, can significantly speed up the labeling process.

Existing prompt-based segmentation models, such as the Segment Anything Model (SAM)
[15] and its extended version trained on large-scale video datasets SAM?2 [27], provide flexi-
ble ways to delineate objects through text prompts [22, 24, 25], masks [19, 31, 34], bounding
boxes [19, 34], or point prompts [19, 23, 34]. However, while text-based prompts can be use-
ful for certain natural imaging tasks, recent studies have shown that point prompts generally
yield higher segmentation accuracy for SAM in medical imaging settings [24]. Meanwhile,
bounding-box prompts often become ambiguous when multiple instruments are closely po-
sitioned or partially occlude one another, encompassing more than one object in a single
box. Consequently, point prompts emerge as a more reliable and user-friendly choice for
semi-automatic instrument segmentation.

Despite their convenience, point prompts contain an inherent flaw: even a slight change
in the point location may dramatically alter the model’s output. Most existing models based
on SAM?2 focus on improving segmentation performance given high-quality prompts [14,
17, 34]. As a result, these methods have limited consistency in the segmentation given point
prompts from different regions of the object. A grid-based sampling of points across each
instrument region in cataract surgery images shows significant fluctuations in the resulting
prediction masks (Fig. 1). These findings highlight that SAM?2’s segmentation performance
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heavily depends on the point location. In practice, suboptimal placements can yield poor
masks, and adding more points does not always help; in certain cases, additional points may
even degrade the final segmentation quality.

One solution would be to fine-tune SAM?2 for surgical instrument segmentation. How-
ever, fine-tuning typically requires large amounts of annotated data, which are often un-
available in surgical settings, making this approach impractical. Some efforts [9, 12, 26]
have focused on improving the stability of SAM given different numbers of points or noisy
bounding boxes. More specifically, Stable-SAM [9] demonstrated instability in SAM’s per-
formance by averaging its performance scores across different numbers of points sampled
from the object of interest and comparing them to its performance using a bounding box
prompt. Stable-SAM then proposed a deformable sampling plugin that improves SAM’s
consistency by shifting the decoder’s attention to the target region. Meanwhile, RoBox-SAM
[12] introduced a prompt refinement module to transform a low-quality box prompt into a
high-quality one, and PP-SAM [26] employed variably perturbed bounding box prompts
during training to enhance SAM’s robustness to noisy inputs. However, to the best of our
knowledge, no publication has analyzed how shifting the same point across an object im-
pacts the segmentation performance of SAM-based models. In this work, we address the
underexplored problem of point prompt sensitivity in semi-automatic segmentation. Our
contributions can be summarized as follows:

* We introduce a novel shift block to SAM2 resulting in Robust Point prompt SAM?2
model, called RP-SAM2.

* We propose a compound loss for RP-SAM2 that enhances the segmentation perfor-
mance regardless of the user’s point prompt location.

* Our approach eases the annotator’s burden while maintaining the robust segmentation
capabilities of foundation models such as SAM?2.

2 Methodology

2.1 Problem Formulation

A pre-trained foundation model for prompt based image segmentation can be defined as:
S(I,P) = D(E(I), &(P)), where I € R¥*W>3 is the input image, P = (x,) is the user’s point
prompt, E is the i image encoder, £ is the prompt encoder, and D is the mask decoder. S(1, P)
is trained to predict M, such that M ~ M, where M and M are the true and predicted masks
for an object of interest, respectively. As such, we also denote segmentation performance
metric of S(I,P) as d = Dice(M,M). There exists a set of candidate points G = {Gi W,
on the object, where each point G; = (x{,y¥) has corresponding prediction mask M with
dg > d. In this work, we propose RP-SAM2 with the goal of refining P into P’ = (¥/, y’ ) with
corresponding prediction mask M’ to get d’ > d.

2.2 Candidate Points Generation

As depicted in Fig. 2, we perform a grid-based point sampling on the object of interest and
for each sampled point, we compute its segmentation performance d; = Dice(M;,M). We
then determine the maximum performance value d,,,, = max;d;, and define the candidate
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Figure 2: Proposed RP-SAM?2 architecture. (a) A Shift Block with 12.1M trainable parame-
ters is integrated into SAM2 (with 236.5M frozen parameters) to reposition the user’s input
point prompt via cross-attention with image embeddings. (b) The algorithm employs grid-
based point sampling to compute dice scores at multiple locations on the object and selects
candidate point prompt coordinates.

set G as the collection of points G; satisfying dm,x — € < d; < dmax Where € is a predefined
tolerance. This selection ensures that G includes only those points whose corresponding
segmentation masks yield performance close to the best observed. This process happens
on-the-fly during training.

2.3 Shift Block

In its present state, SAM2 treats input point prompt independently from the image and the
object of interest before the mask decoder. Hence, it is susceptible to variations due to
different points on the same object. This is amplified for surgical instruments, since they are
mostly occluded by other instruments or organs. We hypothesize that adding dependence
between the prompt and the image is an important step towards addressing this problem.
Motivated by this, as depicted in Fig. 2, in RP-SAM2, we propose a novel shift block
F(P,i, p) that generates refined point prompts based on the image and original point prompts.
Thus, the segmentation model is changed to: S(1,P) =D(E(I),& (F(P,i,p))) where i = E(I)
and p = £(P) are image and point embeddings, respectively. Similar to vision transformers
[8], we add learnable positional embeddings pp,s and i, so the model can incorporate
spatial information about the point and the image features. As aresult, we get p* = p+ppos €
RXCand i* =i+i pos € R=w)XC where h and w are dimensions of the latent image. We
then perform point-to-image cross attention to get point offset token Ap € R!*C:

,_ xp(0(r") K())
rexp(Q(p") - K(i")7)

where Q, K,V are query, key, and value embedding projection functions, respectively. Next,
we decode Ap to reconstruct a refined point P’

V(i) (1)

P'= P+ 6(su.s5,) - tanh(5(Ap)). @
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Here, o is the sigmoid function, ¢ is a linear embedding function, and (sy, sy) are learnable
tokens that scale the shift in the x and y directions. We separate them because surgical in-
struments have non-uniform shapes, demanding independent offsets along each axis.

2.4 Compound Loss

To optimize S(I,P) = D(E(I),&(F(P,i,p))) ~ M, we freeze E, &, D and train only the shift
block parameters using the following compound loss function: L;0; = &Lgice + B Laist +
YLou, Where Ly (P, G;) minimizes distance between the shifted point P’ and closest can-
didate G;, L, (P',M) restricts P’ to stay within object of interest, £gi..(M’, M) maximizes
the overlap between predicted and true mask regions, and «, 3,y are hyperparameters set to
control the weight of each loss component.

Dice Loss. Lyice (M/ ,M) measures how well the predicted refined segmentation mask 4
aligns with the ground-truth mask M. Notably, it helps the shift block learn a more accurate
prompt location by guiding the refined segmentation toward better overlap.

Distance Loss. To guide the shift block more effectively, we supervise it by providing
multiple candidate points. To this end, we propose an exponential-based distance loss func-
tion, Lg;s, to measure the discrepancy between each refined point and its closest candidate.
Specifically, L£;;5; imposes stronger penalties as the distance grows, thereby encouraging re-
fined points to stay near their candidates. Formally, for each refined point P’ = (x',y), we
compute its distance to every candidate point G; = (x‘lg , ylg ) € G as follows:

1 .
Laist(P',G;) = 3 [exP(e = xf]) +exp(0- ]y — i) _2], 3)

where 0 is a regularization term that exponentially penalizes larger deviations from a can-
didate. Finally, minimum distance across all G; is taken as final loss. This approach avoids
a purely deterministic strategy of focusing on a single target, since multiple candidates may
yield equally high segmentation performance.

Outside-Object Loss Function. We propose an additional binary cross entropy-based loss,
Lout» to constrain P’ to lie within the target object’s boundaries in the binary mask M. As
depicted in Fig. 3, since (x',)’) are floating-point coordinates, we compute /i via bilinear
interpolation of the mask values at the neighboring pixels in M. Specifically, consider a
point with coordinates (x',y’). Let

Figure 3: Examples of the predicted point considered as inside (green point) and outside (red
point) of an object of interest
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and define the fractional distances as
Ax=x—j Ay=y —i.

The four neighboring mask values are M (i, j), M(i,j+ 1), M(i+1,j), and M(i+1,j+1).
The bilinearly interpolated value 72 is computed as:

= (1= A)(1 = Ay) (i, )+ Ax(1 — Ay) M(i, j+1)

L o @
F(I=A)AYM(i+1,j) +AxAYM(i+1,j+1).

If n < 0.5, the point is deemed outside the object, and we penalize it accordingly.

3 Experimental Setup

3.1 Datasets

We report results on the Cataractlk [10] for in-distribution and CaDIS [11] for out-of-
distribution (OOD) analysis. In Cataractlk, there are 30 cataract surgery videos with 2256
frames and pixel-level annotations for 10 instrument classes. We use the shuffle 0, consist-
ing of 2256 frames divided into training (60%), validation (20%), and test (20%) splits as
provided in the dataset. We report OOD results on the test split of CaDIS dataset (Task 2
[11]). Additionally, we fine-tuned the shift block on subsets of the training split, generated
by stratified sampling to keep the class balance, for 50 epochs each, and evaluated perfor-
mance on the same test split.

3.2 Implementation Details

We use SAM?2 with a Hiera-Large [28] image encoder and integrate our shift block into it,
keeping all SAM?2 components frozen and only training our shift block. To replicate a real-
world scenario, we do a grid sampling of points in each object and refine 10 random points
during training. This approach reflects the variability of the user clicking different regions
on the object of interest. We empirically set the hyperparameters, including the learning rate
to le-4 and the batch size to 4. We kept all other hyperparameters and data augmentations
the same as those used to train SAM2. We use 6 layers of point-to-image attention blocks.
We initialize (sy,sy) with 0.1 each, choose € as 0.5%, and set 0 in Ly to 15, o, B,y weights
in Lypq to 1.0, 0.1 and 1.0, respectively. We train shift block for 1500 epochs on NVIDIA
RTX 5000 Ada and choose the best checkpoint based on validation results.

3.3 Evaluation Metrics

We compare all the models using the mean Dice Similarity Coefficient (mDSC) and mean
95th percentile Hausdorff Distance (mHD95). We report the average and standard deviation
scores for 10 different points on the object generated by different random seeds.
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Table 1: Average performance and stability of SOTA methods (with corresponding trainable
parameter counts) on the Cataractlk test set, evaluated over 10 single-point prompts. For
each prompt, performance is first averaged across samples, and then the overall mean and
standard deviation are computed across the prompts. Rows correspond to instrument classes,
with bold indicating the best performance and underlined indicating the second best.

Classes | SAM2[27112365M |  HQ-SAM2[14]15.IM | MedSAM2[34]1389M | SurgSAM2[17]1115M | RP-SAM2 (Ours)|12.IM
| mDSC(%)t mHDY95| | mDSC(%)? mHD95| | mDSC(%)? mHD95| |mDSC(%)? mHDY5| |mDSC(%)? mHDY5|

CC | 80.1743.05  31.56£9.94 | 6637+4.13  64.73£18.58 | 73.1842.67  49.76£12.59 | 78.29£325  38.13£1647 | 81.16£3.10  22.98+6.71
CF | 73.984¢1.96  4728+1541 | 51.97#3.06  10627427.73 | 61.6543.60  52.39+13.90 | 76.762.00  43.90£1521 | 73.40¢3.63  51.14%16.07
G | 7998179  3374%692 | 69.91£1.72 5827803 | 72804227  43.9+7.86 7875+1.49  33.57+4.75 | 78294118 41454597

TA | 78008123  66.93+5.99 | 55.43+1.85 143501106 | 62.81£1.45  88.906.01 | 69.15+1.81  119.61£10.19 | 81.42+0.88  55.39+4.31
IK | 89.144971  80.78427.62 | 75208763  59.01+17.60 | 82.46£9.44  30.52+1826 | 87912843  3L11224.70 | 91.52+4.02  72.35£19.37
KF | 7164556  6032427.63 | 70.46£4.13 35051244 | 74312318  26.93:26.06 | 70.16£439 145903254 | 73.1242.45  59.17+12.46
LI | 67.5244.34  137.26£16.96 | 52.60£6.18  16247+12.72 | 48.65+7.83  160.68428.09 | 63.03£4.67  140.01220.66 | 75.41:3.41  109.19+11.11
PhT | 72944225  106.85+8.01 | 5484%1.70  167.62+6.35 | 56.78+2.39  135.68+8.61 | 6245:1.53  179.617.79 | 75.33+0.75  89.285.10
SK | 89.75+3.03  67.88+75.68 | 83.86£1538 66.51+65.02 | 86.88+4.92  27.80+47.58 | 83.03+1.55  193.5335.52 | 92.85:0.08  5.38+0.05

S | 7433:1.04 10288999 | 7345:1.01  64.53:622 | 66.62£1.28  83334.04 | 76.57+1.08  69.53+558 | 75.03+138  71.96£5.48

Avg. 77.74+3.40  73.54+20.42 | 65.41+4.68 92.80+18.57 | 68.62+3.90 70.89+17.30  74.61£3.02  99.49+17.34 | 79.75+2.09  57.83+8.66
W. Avg. 75.73+1.8 82.24+9.28 63.52+1.92 106.94+9.23 | 64.36+2.15 89.66+7.94 71.89+1.7 100.58+8.54 | 77.17+1.33  66.49+5.98

4 Results and Discussion

Table 1 summarizes the segmentation results on the Cataractlk test set for 10 single-point
prompts sampled on the target instruments: Casulorhexis Cystotome (CC), Capsulorhexis
Forceps (CF), Gauge (G), Irrigation-Aspiration (IA), Incision Knife (IK), Katena Forceps
(KF), Lens Injector (LI), Phacoemulsification Tip (PhT), Slit Knife (SK) and Spatula (S). On
average, our method achieves around 2% gain in mDSC and 16-points (21.36%) decrease in
mHD95 compared to SAM?2 across all instruments classes, outperforming all state-of-the-
art (SOTA) methods. In particular, our approach demonstrates better stability (i.e., lower
variance across prompts) compared to competing methods, as evident from the standard
deviation values, £2.09% for mDSC and +8.66 for mHD95. Among individual instrument
classes, LI shows the largest gain of 7.89% in mDSC compared to SAM2. We hypothesize
that this is because the lens injector is mainly transparent and has fewer discernible regions
for user clicks, making it more sensitive to point locations as shown in Fig. 1. We computed
a p-value of 1.24e-05 for the differences in DSC scores between SAM2 and RP-SAM2,
confirming that the observed improvements are statistically significant.

While our experiments evaluated both single and multiple point prompts, we ultimately
decided to emphasize single-point prompting due to the critical insights highlighted in Ta-
ble 2. Although it might seem intuitive that providing more positive points on an object
should improve segmentation accuracy, our results clearly indicate otherwise. Specifically,
the addition of multiple randomly placed positive points does not consistently yield improved
performance. Rather, it introduces instability, which aligns with the core motivation of our
study to address the sensitivity of segmentation methods to prompt locations. Table 2 demon-
strates that the quality of segmentation significantly depends on the placement of the initial
prompt point. Notably, shifting the first point strategically can substantially enhance seg-
mentation accuracy across various instrument classes. This finding underscores the pivotal
role of the first point’s location, reinforcing our decision to focus primarily on optimizing
single-point prompts. By refining the initial prompt location, we consistently achieve more
stable and accurate segmentations compared to scenarios where multiple points are arbitrar-
ily selected.

To assess generalizability, we conducted an OOD analysis on the CaDIS dataset (Fig.
4(a)). Although our model did not surpass SAM2 in the zero-shot setting, using just 10%
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Table 2: Average performance and stability of RP-SAM?2 in multiple points setting without
shifting point prompts and shifting the first point on the Cataractlk test set, evaluated over 10
different prompts. For each prompt, performance is first averaged across samples, and then
the overall mean and standard deviation are computed across the prompts. Rows correspond
to instrument classes, with bold indicating the best performance.

| 2 points | 3 points | 5 points

Classes | no shift | shift first | no shift | shift first | no shift | shift first
mDSC(%) mHD95 | mDSC(%) mHD95 | mDSC(%) mHD95 | mDSC(%) mHD95 | mDSC(%) mHD95 | mDSC(%) t mHD95 |
cc 83.17£2.05 23.09+8.18 84.49+1.01 17.20+3.12 83.99+1.18 20.86+5.83 84.43+1.31 16.88+2.84 84.20+£1.77 28.74£15.04 84.47+1.86 21.89+9.64
CF 78.78+3.81 34.52£13.90 | 77.90+2.32 37.20+11.33 | 82.08+1.27 28.5417.10 80.70+3.46 34.34£17.62 82.02+1.44 33.83+6.88 81.69+2.02 33.03£7.52
G [ 82783090 27961645 | 81.60:107  3096:6.17 | 8347070  27.77£437 | 83.00:0.92 28854354 | 83.U2+0.66 38244638 | 82924088  37.89:5.59
1A 80.78+0.69 62.116.73 81.10+0.58 80.95+0.73 76.93+5.66 81.12+0.94 75.20£6.69 82.22+0.61 71.91£4.58 82.15+0.23 69.51£3.32
IK 92.20+2.65 84.48+31.31 92.2242.04 90.88+4.07 111.16+32.46 | 90.95+1.90 116.54+30.92 | 85.50+4.85 126.38+29.60 | 87.34+2.37 119.81+32.30

KF 75.74+4.78 39.24+29.58 | 71.81+5.87 67.37+4.36 110.66+32.20 | 66.68+3.71 115.48+38.16 | 64. 5 129.76+28.28 | 64.62+6.68 128.17+27.80
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Figure 4: An illustration of (a) OOD performance on the CaDIS test set, evaluated over
10 single-point prompts, where the vertical axis shows the mean dice score across instru-
ments (with shaded standard deviation) and the horizontal axis indicates the percentage of
the CaDIS training set used to fine-tune the shift block (with the remainder used to generate
pseudo masks for fine-tuning SAM2’s mask decoder, referred to as SAM2-FT), (b) ablation
study of loss components, the number of layers in point-to-image attention blocks, and the
number of points sampled per object during training RP-SAM?2 on Cataractlk dataset and
the results are shown for Cataractlk test set.

of the CaDIS training data to fine-tune shift block allowed it to match SAM2’s mDSC,
and employing 40% resulted in significant improvements in both mDSC and stability. To
demonstrate real-world applicability for semi-automatic labeling, we fine-tuned the mask
decoder of SAM?2 (hereafter SAM2-FT) using pseudo masks generated by both SAM?2 and
RP-SAM2. Specifically, we fine-tuned the shift block on 5-60% of the training set and
generated pseudo masks on the remaining 40-95%, with the pseudo masks from RP-SAM?2
yielding a higher performance boost.

We find that although RP-SAM?2 occasionally underperformed in the 0-5% range, due
to instances where points were shifted outside the instrument, leading to a zero dice score,
and hence, a reduced mDSC. These cases were infrequent and did not significantly impact
SAM2-FT’s overall performance. Our model was trained on shifting only the first click and



ZHAKSYLYK ET. AL.: RP-SAM?2 9

samz HQ-SAM2 MedSAM2 SurgSAM2 RP-SAM2 (Ours) SAM2 RP-SAM2 (Ours)

(a) (®)
Figure 5: An illustration of (a) Qualitative comparison with SOTA and (b) An example of
strong light-reflection artefacts on the instrument. Columns represent SOTA methods, row (i)
GT masks for given instrument, rows (ii)-(vi) different single-point clicks on the instrument
and corresponding predicted masks and (v) heatmap of dice scores for different single-point
prompts.

using it to shift subsequent clicks will not yield significant boost in performance. Neverthe-
less, this shows a possible area of improvement to motivate future research.

Regarding the ablation study, Fig. 4(b) shows that while combining Lg;, with Lgic,
does not improve mDSC, it reduces mHD95, and adding L,,, boosts both performance and
stability on Cataract1k test set. Additionally, refining 10 points per instrument yields the best
results, and even 6 or 8 points show improvement over SAM2. We also trained RP-SAM2
with 2 layers of point-to-image attention blocks cutting number of trainable parameters for
shift block from 12.1M down to 5.8M and it is still showing superior performance compared
to SAM2.

4.1 Qualitative Results

Fig. 5(a) compares segmentation masks from various SOTA methods with RP-SAM?2 model.
Our model’s DSC heatmap (row v) is more uniform, ensuring consistent segmentation re-
gardless of the selected point location, whereas SOTA methods have large DSC fluctuations
with slight changes in point locations. Furthermore, our approach effectively handles light-
reflection artifacts. For example, in Fig. 5(b) (row ii), where SAM?2 segments the reflection,
our method shifts its target to recover the instrument boundary accurately. This behavior
demonstrates greater robustness to noisy prompts and highlights that RP-SAM?2 leverages
contextual cues to avoid mis-segmentation of reflective areas.
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5 Conclusion

We present RP-SAM2, a refined version of SAM2 that is robust to user’s point prompts
for surgical instrument segmentation. RP-SAM?2 shows improved stability, robustness to
noise, and generalizability, coupled with quantifiable performance gains, which position RP-
SAM2 as a valuable tool for advancing automatic surgical workflows and reducing annota-
tion burdens in medical image analysis. The findings suggest that RP-SAM?2 holds signifi-
cant promise for practical applications in surgical image understanding. A natural extension
of this study is to evaluate RP-SAM?2 in the context of video segmentation, either by tracking
the spatial position of refined prompts across frames or by recomputing optimal points dur-
ing inference. Another promising research avenue is to explore strategies for selecting sub-
sequent prompts after the initial interaction. This could include developing mechanisms that
actively guide users by suggesting optimal regions for placing additional points to maximize
segmentation accuracy. Furthermore, while our experiments focused on surgical instrument
segmentation, the proposed approach is inherently general. Future work will therefore in-
clude validating RP-SAM?2 on diverse datasets beyond the surgical domain, demonstrating
its applicability to a broad range of segmentation tasks driven by point prompts.
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