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Abstract

Holistic surgical video segmentation is crucial for real-time applications such as proxim-
ity analysis of surgical components. For effective integration into clinical workflows, these
models must deliver accurate and consistent outputs while being computationally efficient.
However, current state-of-the-art (SOTA) architectures are complex, while lighter models
fall short of baseline performance. Additionally, temporal consistency is often overlooked
in existing surgical segmentation frameworks. To address these limitations, this work intro-
duces FlowRefineSeg, a lightweight segmentation model that achieves SOTA performance
with low computational costs. It features a Linear Self-Attention module for effective low-
level feature processing, a Gaussian Refinement block to enhance spatial coherence, and
a Temporal Refinery module to ensure consistency across video frames. Our experiments
show that FlowRefineSeg achieves new benchmark performance on EndoVisl8 (74% mloU,
78% Dice) and SOTA performance on CholecSeg8k (75% mloU, 80% Dice) with under 25M
parameters, establishing a new standard for lightweight holistic surgical segmentation.

Keywords: Lightweight Segmentation Model, Holistic Surgical Scene Segmentation, Pyra-
midal Convolution, Lightweight Attention

1. Introduction

Surgical scene segmentation is crucial to accurately define the pixel-level boundaries of key
surgical components (Ahmed et al., 2024), and is integral to various downstream applica-
tions, such as tool-anatomy interaction analysis during a surgical procedure (Sun and Chen,
2024). These tasks require precise localization of both instruments and anatomy to obtain a
comprehensive understanding of their spatial relationships and interactions within the sur-
gical context. However, prevailing research focuses mainly on tool segmentation (Gonzilez
et al., 2020; Matasyoh et al., 2024; Sun and Chen, 2024; Wei et al., 2024), with noticeably
fewer studies addressing the complexities of holistic segmentation in these environments.
Current approaches to holistic segmentation range from lightweight models, such as
work by Zhou et al. (2023); Ni et al. (2022), to more complex transformer architectures,
including the works of Abdel-Ghani et al. (2025); Ahmed et al. (2025a); Liu et al. (2023b)
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and video-centric segmentation frameworks such as Grammatikopoulou et al. (2024); Jin
et al. (2022). While video-centric models achieve state-of-the-art (SOTA) performance, their
high computational demands hinder clinical deployment (Abdel-Ghani et al., 2025; Ahmed
et al., 2025b). Minimally invasive surgical videos stream at 25-30 frames per second (FPS)
(Zi Ye, 2025), and models must meet this throughput to minimize integration overhead
in downstream applications. While lightweight models reduce processing times, they often
fall short of performance benchmarks (Zhang et al., 2026). Thus, there is a clear need for
high-precision, lightweight segmentation models for effective clinical integration.

Ensuring temporal consistency over consecutive frames poses another significant chal-
lenge for surgical video segmentation frameworks. These models often generate per-frame
predictions independently, which may lead to discrepancies and contradictory predictions
across subsequent frames, posing critical issues when integrated into surgical decision-
making frameworks. Few surgical segmentation models address this challenge, despite its
importance for clinical deployment (Jin et al., 2022). Temporal consistency solutions in-
clude compute time feature integration with concurrent predictions through MultiLayer
Perceptrons (Ayobi et al., 2023), processing sequential frames for temporal information
(Grammatikopoulou et al., 2024; Jin et al., 2022) or video-specific augmentations to encour-
age temporal consistency in model finetuning (Dhanakshirur et al., 2024). These methods,
however, either utilize sequential input to produce single refined frames or rely on heavy
transformer backbones and high-end GPU resources, which limits reproducibility in less
equipped environments.

To address the aforementioned challenges, we introduce FlowRefineSeg, a streamlined
segmentation framework designed to deliver precise segmentation while optimizing compu-
tational efficiency. FlowRefineSeg utilizes a novel Linear Self-Attention module that en-
hances low-level features of surgical tools by applying transformer-inspired attention mech-
anisms, thereby improving holistic segmentation accuracy at reduced computational cost.
The model also includes two refinement components. First, a Gaussian Refinement block en-
hances spatial coherence and reduces pixel-level inconsistencies in the segmentation results.
Second, a Temporal Refinery module improves segmentation consistency across successive
frames by effectively integrating optical flow information with predictions from previous
frames. The integration of these two components serves to diminish extraneous noise and
minimize inconsistencies in predictions over time. The final model architecture achieves
high model performance while remaining under 25M parameters in size, supporting clinical
deployability. Our code will be made publicly available upon acceptance of the paper.

2. Methodology

Overview of FlowRefineSeg As surgical video streams at 25-30 FPS, models must pro-
duce stable frame-by-frame segmentation of both instruments and anatomy without intro-
ducing latency. To this end, we propose a lightweight segmentation model, FlowRefineSeg,
designed to balance high segmentation accuracy with computational constraints of real-
time clinical deployment. FlowRefineSeg builds upon a Pyramidal Convolution ResNet-50
(PyConvResNet50) backbone (Duta et al., 2020), which excels in feature extraction by em-
ploying multiple kernel sizes within each convolution block for improved pixel approximation
based on an effective receptive field (Khan et al., 2022; Duta et al., 2020). A streaming
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Figure 1: Proposed Architecture of FlowRefineSeg. X;: Frame at Time ¢; ¥;: Base Model
Prediction for frame ¢; Z;_1: Warped Prediction of frame ¢-1; Z;: Refined Final
Segmentation Output for frame ¢

decoder processes multi-resolution features in parallel (Abdel-Ghani et al., 2025). The
architecture is structured to address three key requirements: accurate delineation of fine
structures; spatially coherent masks that avoid small gaps and jagged boundaries; and tem-
porally consistent predictions to avoid distracting flicker or inconsistencies across successive
frames. A Linear Self-Attention (LSA) block is incorporated in the decoder for low-level
feature processing, improving edge and instrument representations at a low computational
cost. The base model per-frame logits are processed by a Gaussian Spatial Refinement
Block to smooth pixel-level inconsistencies within each class. Finally, a Temporal Refinery
module uses optical flow and previous refined predictions to stabilize subsequent frame seg-
mentation. Figure 1 presents the overall proposed architecture. The four encoder blocks
output features into independent processing streams, with LSA applied only to the higher-
resolution feature maps, following the approach of Abdel-Ghani et al. (2025). Each stream
incorporates Depthwise (DWConv) and Pointwise (PWConv) Convolution layers, utilizing
a DWConv kernel size of 1 in higher-resolution streams to preserve feature granularity.
Stream outputs are resized via bilinear interpolation and concatenated. A segmentation
head composed of alternating DWConv, PWConv, and Batch Normalization (BN) with
ReLU activations facilitates gradual channel-wise compression to produce base logits Y; for
the frame at time t. Y; is then processed through the Gaussian Spatial Refinement block
followed by the Temporal Refinery module, yielding the final refined segmentation Z;, which
is upsampled to the original resolution through bilinear interpolation.

Linear Self-Attention (LSA) Block:

The use of a streaming decoder improves semantic segmentation of anatomical structures
and surgical tools by leveraging multi-resolution features from the backbone (Abdel-Ghani
et al., 2025). However, low-level features from early encoder blocks may contain substantial
noise and irrelevant texture. Self-attention helps refine these features and reduce noise,
but standard Multi-Head Self-Attention (MHSA) (Vaswani et al., 2017) incurs quadratic
complexity with respect to spatial resolution, making it expensive for high-resolution feature
maps common in surgical videos. Linear attention mechanisms have been proposed to reduce
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the complexity of traditional transformer attention (Li et al., 2020; Liu et al., 2023a). This
work introduces Linear Self-Attention (LSA), a variation that integrates transformer-style
multi-head self-attention with linearized operations. Given a feature map X € REXCxXHXW
Let the projected embedding dimension be D, with h heads and d = D/h the per—head
dimension. First, the query (Q), key (K) and value (V) feature maps are computed by
applying learnable PWConv onto the input feature map X, producing Qsun, Ke and Vian
such that Qrul, Ktull, Vian € REXPXHXW - Thege three feature maps are then flattened into
linear vectors {Qlnear = reshape(Qpy) € REXPXN N = HW} and divided into heads
{Q = [Q(l), .. .,Q(h)], Q) e RBx4XNY Ty ensure non-negative entries in @ and K,
a kernel activation ¢(z) = ELU(x) + 1 is applied such that Q") = gb(Q(’"))7 K1) =
qb(K(T)), and QU), K(") ¢ RBXIXN_ Unlike previous studies, the vectors Q), K,
and V(") are utilized to implement self-attention for each head r and each batch b. This
approach aims to replicate the multi-head self-attention mechanism of the transformer by
computing the Einstein Summation separately for each head and each batch, using the
following formulation in Eq. 1 and 2.

SO(B) = KO @) (VO (b)) € RIx¢ (1)
0 (b) = SV (b)Q™ (b) € RPN (2)

The output for each head is concatenated and reshaped into Ogy € REXPXHXW — After
applying Layer Normalization, the attention matrix passes through a final PWConv layer,
and the output is added residual to the original feature map, followed by a BN layer to
produce the final output, X, as shown in Eq. 3. LSA uses a compact d x d per-head context
shared across spatial positions, approximating multi-head attention with lower complexity,
suitable for real-time processing of high-resolution features.

X =BN (X + PWConv (LN(concatrO(r)))) (3)

Gaussian Spatial Refinement Block:

Although the base architecture predicts class logits for each pixel, some pixels at object
boundaries or thin structres may be inconsistently labeled, leading to small gaps or jagged
edges in the final mask. To encourage spacial coherence without adding learnable param-
eters, we introduce a Gaussian Refinement block that applies classwise smoothing directly
in logit space. Given a set of segmentation logits Y € REXCXHXW & — nymClasses. The
Gaussian Refinement block utilizes a fixed 3 x 3 Gaussian kernel in a DWConv operation,
applying the refinement in channel-wise manner. The kernel values are designed using equa-
tions 4 through 6, where k is the size of the kernel, ¢ defines the distribution of weights
within the kernel, g[i] is the Gaussian value in position ¢ of the 1-D kernel, and K|i, j] is
the Gaussian entry for the 2-D kernel. Eq. 7 presents the refinement operation, where Y,
is the logits in channel c¢. This class-wise Gaussian smoothing reduces small, isolated mis-
classifications within homogeneous regions while preserving inter-class boundaries, yielding
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Figure 2: Architecture of Temporal Refinery module, where Z,_1 is the warped previous
frame prediction, Y; is the base model prediction, and « is the tuning factor.
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Temporal Refinery module:

To minimize instability in segmentation across frames, we introduce a Temporal Refin-
ery module that operates independently on the segmentation model’s output. Given the
input image X; € REX3XHXW and the base model prediction Y; € REXCXHXW we compute
the optical flow Fy_q_,; € REX2XHXW from the previous frame to warp the previous refined
prediction Z;_; onto the current frame. This warping is defined as Z;,_; = W (Zi—1,Fi—1-1),
where W is the differentiable warping operator. The Temporal Refinery combines Zi_1 with
Y; through Dual Convolutions with an embedding size of 64 to produce refined logits. A
tuning factor « € [0,1] adjusts the contribution of the refined output to prevent it from
overshadowing the original prediction, combining the logits via residual summation to yield
the output Z;. A smaller « aligns closer to the base model, while a larger value empha-
sizes temporal smoothing. This lightweight module reduces frame-to-frame fluctuations and
enhances segmentation consistency without modifying the main segmentation model.

3. Experiments

Datasets:

We validated our approach on two holistic scene segmentation datasets, namely En-
doVisl8 and CholecSeg8k. Details of each dataset are provided below.

EndoVisl8 Holistic The EndoVisl8 dataset was released as part of the Endoscopic
Vision Challenge 2018 (Allan et al., 2020). The dataset consists of an official training set
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comprising 15 procedural sequences, each with 149 frames, and a testing set comprising 4
sequences with 249 frames each. All frames are 1280 x 1024 pixels in size. The dataset
contains annotations for various instruments, instrument parts, and anatomical structures,
forming a holistic scene segmentation usecase.

CholecSeg8k The CholecSeg8k dataset (Twinanda et al., 2016) contains frames from
17 cholecystectomy surgical videos. The annotations include various anatomy and two
instruments. The official test split consists of videos 12 and 27 (1,040 images), the validation
split of videos 17 and 52 (1,120 images), and the remaining videos constitute the training
split (5,920 images). The images are of size 854 x 480 pixels.

Implementation Detalils:

For the Temporal Refinery module, we set the value of the tuning factor a for the
EndoVisl8 dataset to 0.2, and for CholecSeg8k to 0.05, based on an empirical analysis
presented in Section A. Optical flow information was extracted using SPyNet (Ranjan and
Black, 2017), a lightweight algorithm that introduces minimal overhead, making it suitable
for real-time applications. Experiments were performed on an A6000 GPU with 48GB
RAM using the Adam optimizer with a learning rate of 1exp —5 and a Cosine Annealing
scheduler. A combination of Tversky loss (Salehi et al., 2017) and Cross Entropy loss
(Mao et al., 2023) was applied (Eq. 8) (Ahmed et al., 2025a). Models were trained on
512 x 512 images for 100 epochs, with data augmentations including random rotations and
flips. A fixed random seed ensured reproducibility. To train the Temporal Refinery, the
architecture without the module was frozen, and the module was trained on consecutive
frames for 50 epochs with early stopping, adding a temporal consistency loss (Eq. 9) to the
combined segmentation loss to minimize sudden deviations between the current prediction
Z, and warped previous prediction Z;_; while encouraging segmentation accuracy. Model
performance was evaluated using well-established metrics, namely mean Intersection over
Union (mloU) (Gonzélez et al., 2020), Dice Similarity Coefficient (Dice), and mean class
Intersection over Union (mcloU). A Laplacian value was added to all metrics to prevent
penalizing absent classes. The testing results maintained the integrity of expert annotations
by resizing predictions to match the dataset’s label sizes. Inference speed was measured on
an NVidia RTX5000 GPU in FPS, excluding data transfer time.

Xseg = aeﬁversky + (1 - O‘)gCE (8)

Lremp = ‘ Zy— Z4a H1 , Zy, Zyq € RBXOXHXW 9)

1
BCHW ‘
4. Results

We compare the performance of FlowRefineSeg to various segmentation frameworks, in-
cluding transformer-based SegFormer (Xie et al., 2021), MedT (Valanarasu et al., 2021),
SSwin and STSwinCL (Jin et al., 2022), Swin-SPTCN (Grammatikopoulou et al., 2024),
and SOTA model FASL-Seg (Abdel-Ghani et al., 2025). Additionally, CNN-based LSKANet
(Liu et al., 2023Db), and lightweight models LWANet (Ni et al., 2020), TinyUNet (Chen et al.,
2024), and CFFANet (Mahmood et al., 2025) are included. The results for EndoVis18 and
CholecSeg8k datasets are presented in Table 1 and 2, respectively. On both benchmarks,
lightweight models show limited performance compared to complex transformer-based archi-
tectures. In contrast, FlowRefineSeg demonstrates a notable improvement over the baseline
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performance on EndoVis18 (74% mloU and 78% Dice) and exceeds SOTA model FASL-Seg’s
performance on most classes. It also achieves SOTA performance on CholecSeg8k. FlowRe-
fineSeg exceeds lightweight model performances by +11 — 21% mlIoU on both benchmarks.
The consistently high performance reflects FlowRefineSeg’s strong segmentation capabilities
for holistic scene segmentation.

Table 1: Testing Results on EndoVisl8 in mloU and Dice, Label Key: BT: Background
Tissue ISh:Instrument Shaft, IC: Instrument Clasper, IW: Instrument Wrist,
KP:Kidney Parenchyma, CK: Covered Kidney, SmInst: Small Intestine, SI: Suc-
tion Instrument, UP: Ultrasound Probe. Top overall result is shown in bold font.

Mean Intersection Over Union (mlIoU)

Model mloU BT ISh IC IW KP CK Thread Clamps Needle SI SmInt UP mcloU
LWANet (Ni et al., 2020) 0.64 0.73 0.69 035 035 051 0.15 0.90 0.93 0.91 1.0 0.33 0.85 0.64
MedT *(Valanarasu et al., 2021) 0.65  0.40 0.54 0.16 0.44 0.82 0.96 0.90 0.61 0.78 0.84 0.65
SegFormer (Xie et al., 2021) 0.68 0.69 0.59 0.27 032 039 0.50 0.90 0.93 0.91 1.0 0.80 0.85 0.67
SSwin *(Jin et al., 2022) 0.62 - 087 0.58 0.64 066 0.40 0.13 0.77 - - 0.54 0.24 0.62
STSwinCL *(Jin et al., 2022) 0.64 - 0.88 0.59 0.65 0.68 047 0.18 0.77 - - 0.54 0.25 0.64
LSKANet *(Liu et al., 2023b) 0.66 - - - - - - - - - - - - 0.66
CFFANet (Mahmood et al., 2025) 0.56 0.40 0.10 0.12 0.18 0.31 0.24 0.90 0.93 0.9 1.0 0.77 0.85 0.61
TinyUNet (Chen et al., 2024) 0.56 052 043 0.12 0.18 0.18 0.00 0.90 0.93 0.90 1.0 0.77 0.85 0.57
FASL-Seg (Abdel-Ghani et al., 2025)  0.73  0.80 0.86 0.52 0.67 0.64 0.23 0.76 0.89 0.91 0.85 0.81 0.87 0.71
FlowRefineSeg (Ours) 0.74 0.70 0.85 0.57 0.69 0.54 0.34 0.87 0.94 0.91 0.93 0.65 0.88 0.75
Dice Similarity Coefficient (Dice)

Model Dice BT ISh IC IW KP CK Thread Clamps Needle SI SmInt UP Avg.Dice
LWANet (Ni et al., 2020) 0.68 0.84 0.75 0.48 0.42 0.60 0.20 0.90 0.93 0.91 1.0 0.35 0.85 0.69
MedT *(Valanarasu et al., 2021) 0.68  0.56 0.66 0.26 0.44 0.82 0.96 0.90 062 0.78 0.84 0.68
SegFormer (Xie et al., 2021) 0.72 0.79 0.68 0.36 0.38 0.46 0.53 0.90 0.93 0.91 1.0 0.81 0.85 0.70
SSwin * (Jin et al., 2022) 0.70 - - - - - - - - - - - - 0.70
STSwinCL * (Jin et al., 2022) 0.72 - - - - - - - - - - - - 0.72
LSKANet *(Liu et al., 2023b) 0.75 - - - - - - - - - - - - 0.75
TinyUNet (Chen et al., 2024) 0.59  0.67 0.54 0.12 0.18 0.27 0.01 0.90 0.93 0.90 1.0 0.77 0.85 0.60
CFFANet (Mahmood et al., 2025) 0.58 0.56 0.10 0.12 0.18 0.42 0.24 0.90 0.93 0.9 1.0 0.77 0.85 0.61
FASL-Seg (Abdel-Ghani et al., 2025)  0.77  0.88 0.90 0.64 0.76 0.70 0.28 0.77 0.90 0.91 0.85 0.84 0.89 0.75
FlowRefineSeg (Ours) 0.78 0.84 0.90 0.70 0.78 0.66 0.38 0.83 0.93 0.91 0.91 0.65 0.89 0.78

* Based on reported results

In Figure 3, we visually compare inference by FlowRefineSeg against lightweight ar-
chitectures LWANet and TinyUNet, transformer-based SegFormer, and the SOTA model
FASL-Seg. Both LWANet and TinyUNet demonstrate suboptimal segmentation, produc-
ing incomplete outputs with missing elements such as tool segments. SegFormer achieves
high precision in anatomical structures but struggles with tool segmentation. In contrast,
FlowRefineSeg delivers segmentation that matches the outputs of FASL-Seg while operat-
ing at a significantly lower computational cost. This reinforces FlowRefineSeg’s standing
as a robust and efficient lightweight segmentation model. We also analyze the impact of
the Temporal Refinery on reducing noise in predictions derived from preceding inferences
in Fig. 4 on consecutive frames from the EndoVisl8 dataset. The Temporal Refinery
effectively mitigates extraneous noise by leveraging temporal coherence from prior predic-
tions, thereby improving segmentation accuracy. This underscores the module’s capability
as a lightweight, yet powerful, mechanism for enhancing predictive performance in time-
sequenced data, ultimately facilitating smoother video inference.

Model Complexity and Inference Speed We evaluate the complexity of FlowRe-
fineSeg in relation to several SOTA architectures and lightweight models, focusing on key
metrics such as the number of parameters, floating point operations (GFlops), and model
inference speed in FPS. These metrics are compared to the model’s performance (mloU)
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Table 2: Testing Results on Choleceg8K in mloU and Dice, Label Key: Ft: Fat, Lv: Liver,
GB: Gallbladder, AW: Abdominal Wall, GT: Gastrointestinal Tract, Gr: Grasper,
LE: L-hook Electrocautery, Bld: Blood, HV: Hepatic Vein, CT: Connective Tissue,
LL: Liver Ligament, CD: Cystic Duct. Top overall result is shown in bold font.

Mean Intersection Over Union (mlIoU)

Model mloU Ft Lv GB AW GT Gr LE Bld HV CT LL CD
LWANet (Ni et al., 2020) 0.54 048 0.56 0.18 0.68 0.25 0.19 0.64 1.0 0.16 0.23 0.70 1.0
MedT *(Valanarasu et al., 2021) 0.50 0.69 0.25 041 0.21 017 0.35 0.67 1.0 0.70 0.62 0.0 0.89
SegFormer (Xie et al., 2021) 0.74 086 0.74 045 0.82 048 047 078 1.0 0.70 039 1.0 1.0
Swin-SPTCN *(Grammatikopoulou et al., 2024)  0.69  0.84 0.78 0.61 0.74 057 0.74 0.68 - - 031 - -

TinyUNet (Chen et al., 2024) 058 059 056 003 074 015 039 1.0 1.0 024 018 0.70 1.0
CFFANet (Mahmood et al., 2025) 0.64 0.74 065 0.08 082 0.15 039 1.0 1.0 046 041 0.70 1.0
FASL-Seg (Abdel-Ghani et al., 2025) 0.75 088 0.76 045 0.82 040 052 073 1.0 070 050 1.0 1.0
FlowRefineSeg (Ours) 0.75 0.83 0.79 031 083 052 056 095 1.0 0.76 0.56 0.70 1.0

Dice Similarity Coefficient (Dice)

Model Dice Ft Lv GB AW GT Gr LE Bld HV CT LL CD
LWANet (Ni et al., 2020) 0.60 0.62 0.71 026 0.81 036 0.19 0.64 1.0 021 035 0.70 1.0
MedT *(Valanarasu et al., 2021) 0.57 081 039 056 034 025 048 071 1.0 0.70 0.69 0.0 0.89
SegFormer (Xie et al., 2021) 0.79 092 085 0.57 0.89 059 058 0.82 1.0 0.70 040 1.0 1.0
TinyUNet (Chen et al., 2024) 0.63 0.73 0.71 0.06 085 0.15 039 1.0 1.0 031 0.28 0.70 1.0
CFFANet (Mahmood et al., 2025) 0.68 0.84 0.78 0.08 090 0.15 039 1.0 1.0 046 0.54 0.70 1.0
FASL-Seg (Abdel-Ghani et al., 2025) 0.80 094 086 0.57 089 052 0.63 078 1.0 070 056 1.0 1.0
FlowRefineSeg (Ours) 0.80 090 0.88 0.39 091 0.61 0.64 095 1.0 080 0.67 0.70 1.0

Based on reported results

LWANet TinyUNet SegFormer FASL-Seg

EndoVis18

CholecSeg8k

Figure 3: Comparison of Inference of FlowRefineSeg against SOTA models on frames from
EndoVis18 and CholecSeg8k. GT stands for Ground Truth prediction.
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Figure 4: Comparison of inference on three consecutive frames from EndoVisl8 dataset at
time t=n, n+1 and n+2, with and without the Temporal Refinery module. GT
stands for Ground Truth.
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on the EndoVisl8 dataset frames, as presented in Table 3. Our comparison reveals that
FlowRefineSeg delivers superior performance while requiring less parameters and Flops.
Furthermore, our model’s inference speed is comparable to lightweight CFFANet, position-
ing FlowRefineSeg as a robust segmentation model with real-time performance.

Table 3: Model Complexity in terms of Parameters, Floating Point Operations (GFlops),
and Frames Per Second (FPS)

Model Architecture #Params GFLOPs FPS mloU
LWANet (Ni et al., 2020) CNN 2.0TM 1.7 45.8 0.64
STSwinCL (Jin et al., 2022) Transformer 125.46M 922.72 - 0.64
LSKANet (Liu et al., 2023b) CNN 72.23M 189.09 - 0.66
TinyUNet (Chen et al., 2024) CNN 481.2K 7.72 53.9 0.56
CFFANet (Mahmood et al., 2025) CNN 2.2M 2.88 326  0.56
FASL-Seg (Abdel-Ghani et al., 2025) Transformer,CNN 83.63M 224.09 16.4 0.73
FlowRefineSeg (Ours) CNN 24.87TM 41.7 321 0.74

Ablation Study In our first ablation study, we compared lightweight and multi-head
attention mechanisms with our proposed Linear multi-head Self-Attention (LSA). The at-
tention types evaluated include Multi-Head Self-Attention (MHSA) (Vaswani et al., 2017),
and Lightweight Multi-Head Channel Attention (MCA) (Zhang et al., 2026), as detailed
in Table 4. Performance metrics clearly demonstrate that LSA achieves results that are
within a mere 1 — 2% mloU and Dice of MCA and MHSA, while boasting remarkable effi-
ciency— being over 80% more efficient in Flops compared to MCA and 90% more efficient
than MHSA. This performance is attributed to its vectorized attention mechanism, which
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delivers multi-head self-attention with minimal computational overhead. We further illus-
trate these findings through a visual comparison of each attention on final model activation
heatmaps, presented in Section B. In the subsequent ablation, we introduced the Gaussian
Refinement block and the Temporal Refinery. Each additional component leads to an in-
cremental improvement in performance, underscoring the significance of these modules in
attaining SOTA results within our model.

Table 4: Ablation Study on Proposed Architecture

Model Attention Type GaussRefine TemporalRefinery mlIoU Dice #Params GFlops
MHSA MCA LSA

Model 1 v 0.6647 0.7082 25.84M 353.09

Model 2 v 0.6608 0.7055 25.84M 197.84

Base Model v 0.6465 0.6921 24.85M 36.18

Base Model+GaussRefine v v 0.6820 0.7280 24.85M 36.18

FlowRefineSeg v v v 0.7390 0.7854 24.87TM 41.65

5. Limitations and Ethical Considerations

FlowRefineSeg achieves new benchmark performance for lightweight models in holistic sur-
gical scene segmentation. However, the presented results, while promising, remain prelimi-
nary, and extensive clinical validation, including user testing with surgeons, will be crucial
before deployment. Furthermore, the work focuses on endoscopic surgical videos, but can
be explored for other surgeries or medical imaging modalities. Integrating FlowRefineSeg
into clinical workflows presents ethical concerns, especially the risk of over-reliance on its
segmentation, which could lead to missed fluctuations or misclassifications that may result
in surgical complications. Conducting clinical trials is essential to create an effective schema
and user interface that allows surgeons to use the model while maintaining critical judg-
ment. Comprehensive training and a strong mitigation process are necessary for successful
integration and use of such advanced solutions.

6. Conclusion

To conclude, this paper presents FlowRefineSeg, a lightweight architecture for improved
holistic surgical scene segmentation. The model features a Linear Self-Attention module for
efficient low-level feature processing in the streaming decoder, improving instrument tips
and edge-level segmentation. It further integrates a Gaussian Spatial Refinement block to
smooth pixel-level inconsistencies, and a Temporal Refinery to ensure stable segmentation
in surgical videos. Achieving new benchmark performance on the EndoVisl8 dataset and
SOTA performance on CholecSeg8k, it remains computationally efficient at 24.87 M param-
eters, making it a strong baseline for lightweight holistic scene segmentation and suitable
for integration into downstream applications like proximity analysis and skill assessment.
Future work will explore applying this model to other medical imaging modalities, such
as Computer Tomography (CT) scans, and will investigate clinical validation to improve
integration into clinical workflows and assess its applicability in different contexts.
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Appendix A. Ablation on Tuning Factor « in Temporal Refinery module

We experimented with a range of values for the tuning factor « in the Temporal Refinery
module to control the amount of tuning applied to the base model predictions with the
temporal information. For each of EndoVisl8 and CholecSeg8k datasets, values from 0
to 1 at 0.05 intervals were explored until the performance started to drop. The results
are presented in Figure 5, showing that setting a to 0.2 provides the greatest benefits to
the full framework for EndoVisl8, while for CholecSeg8k, 0.05 provides enough temporal
information to improve the overall segmentation. As a result, these respective values were
used in the remaining experiments.

Appendix B. Activation Heat Map Analysis on Attention Mechanisms

To evaluate the impact of the attention mechanisms detailed in the ablation study on
final predictions, we generated heat maps showing the gradients of the final convolution
layer for each attention type: Multi-Class Attention (MCA), Multi-Head Self-Attention
(MHSA), and our proposed Linear Self-Attention (LSA). The heat maps were created using
the GradCAM (Selvaraju et al., 2020) PyTorch library. We focused on two classes—the
instrument shaft, represented by semantic features in later encoder blocks, and the clasper,
captured by low-level features in earlier blocks. The heat maps presented in Figure 6 indicate
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Figure 5: Ablation on tuning factor o in Temporal Refinery on (a) EndoVisl8 and (b)
CholecSeg8k

that the model with LSA achieves high confidence in both feature types. Importantly, LSA
enhances clasper features similar to MCA and MHSA, while operating at less than 20%
of their computational cost in Flops. This supports LSA as an effective and efficient self-
attention mechanism.
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Figure 6: Activation Heat maps for final prediction of Instrument Shaft and Clasper classes
when using MCA, MHSA and LSA (ours) attention mechanisms
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