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Abstract. Reliable real-time semantic segmentation of laparoscopic video
is critical for intraoperative decision support. Nonetheless, frame-wise
predictions are prone to noisy temporal flickering, while tissue deforma-
tion and scene motion require responsiveness to local changes. Although
exponential moving average (EMA) filtering serves as a model-agnostic
and lightweight post-processing strategy for mitigating such flickering,
its fixed coefficient imposes a trade-off between temporal stability and
motion responsiveness. To address this limitation, we propose a local
motion-adaptive temporal smoothing method that replaces the fixed
EMA coefficient with a spatially varying coefficient map derived from
block-wise aggregation of sparse optical flow without requiring train-
ing or architectural modification. In this method, block-wise local mo-
tion estimated from sparse optical flow is converted to adaptive coeffi-
cients through a smoothstep mapping, and the resulting coefficients are
applied online to segmentation probability maps. Experiments on the
CholecSeg8k dataset show that the proposed method improves tempo-
ral stability in low-motion regions while preserving frame-wise accuracy
in high-motion regions. Qualitative results demonstrate reduced flicker-
ing in stable regions without visible lag in dynamic regions. Runtime
analysis shows a 90th-percentile latency of 9.41 ms, well below the 30-
fps frame interval. These results support the potential of the proposed
method for stabilizing real-time surgical video segmentation in intraop-
erative decision-support systems.

Keywords: Laparoscopic surgery - Semantic segmentation - Surgical
video analysis - Temporal smoothing - Real-time inference.

1 Introduction

Semantic segmentation of laparoscopic video is a key task in surgical artificial
intelligence [10,26]. In particular, real-time pixel-level recognition of clinically
relevant regions, including anatomical structures and Go/No-Go zones, is funda-
mental to safer decision-making in intraoperative navigation and robot-assisted
surgery [16,12,21, 6, 24]. For these applications, segmentation must be accurate,
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real-time, robust to noise, and temporally stable, because flickering masks can re-
duce usability and obscure safety-critical boundaries |7, 13]. However, improving
temporal consistency is challenging in laparoscopic videos: noisy frame-to-frame
variations should be reduced [18,7, 13], while predictions should still follow gen-
uine scene and appearance changes involving tissue deformation, camera motion,
instrument motion, and blood [19, 11].

Recent studies have improved temporal consistency by incorporating tem-
poral information directly into the segmentation architecture [20,22,7,23, 13].
Although effective, such methods are difficult to apply to already optimized
and validated systems because they are typically architecture-specific and re-
quire training. Considering the constraints of real-world deployment on resource-
constrained edge platforms, temporal stabilization should instead be applicable
to existing systems and add minimal computational overhead [3, 21].

This motivates post-processing methods that operate directly on segmenta-
tion outputs, such as inference-time smoothing of probability maps. Exponential
moving average (EMA) filtering [9] is attractive because it is model-agnostic,
requires only class probabilities, and incurs negligible overhead. However, stan-
dard EMA uses a single fixed coefficient, creating an inherent trade-off: stronger
smoothing improves temporal stability, whereas weaker smoothing preserves re-
sponsiveness to motion. This trade-off is especially limiting when stable and
dynamic regions coexist within the same frame. To address this trade-off, re-
cent methods combine current and past predictions or features using motion
compensation. ViperSAM [4] performs adaptive EMA in probability space by
warping previous-frame probability maps, but relies on computationally costly
dense optical flow. MCMA [17] applies a motion-corrected moving average in fea-
ture space with reduced overhead, yet requires integration into the model. These
methods leave a gap for lightweight post-processing that adapts smoothing to
local motion without dense optical flow or architectural modification.

In this work, we propose a model-agnostic, lightweight post-processing method
for local motion-adaptive temporal smoothing in laparoscopic video segmenta-
tion. We estimate local motion from sparse optical flow, aggregate it over lo-
cal blocks, and obtain a pixel-wise EMA coefficient map by upsampling block-
wise coefficients. This allows stronger smoothing in locally stable regions and
weaker smoothing in locally dynamic regions, thereby mitigating the stability—
responsiveness trade-off of standard EMA without dense optical flow or archi-
tectural modification.

Our contributions are threefold. First, we formulate a local motion-adaptive
temporal EMA with spatially varying smoothing coefficients. Second, we show
that the method improves temporal stability in stable regions while maintaining
responsiveness in dynamic regions. Third, we quantify its runtime overhead and
demonstrate real-time compatibility with a 90th-percentile latency below 10 ms.
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2 Method

2.1 Overview

Fig. 1 summarizes the proposed method. Given consecutive frames, we estimate
block-wise local motion using sparse optical flow and convert the resulting block-
wise motion estimates into a pixel-wise adaptive EMA coefficient map via a
smoothstep mapping. This coefficient map controls the relative contribution of
the current probability map P; and the previous smoothed probability map P
at each pixel. By adapting the smoothing strength spatially within each frame,
the proposed filter suppresses flickering while preserving responsiveness.

1. Input frames 2. Local motion map 3. Locally adaptive
coefficient map

Via sparse optical flow Via smoothstep mapping

4. Temporal smoothing 5. Smoothed labels

Via adaptive EMA v Low flicker
v High responsiveness

PB=1-A4)0P_1+A 0P
P, : probability map
P, : smoothed probability map

Fig. 1. Overview of proposed method.

2.2 Standard Fixed-Coefficient EMA Filtering

Let P, € [0,1]*H*W denote the class probability map predicted for frame ¢,
where C is the number of semantic classes, and let P, denote its temporally
smoothed counterpart.

Fixed-coefficient EMA updates the smoothed probability map with a fixed
coefficient o € (0, 1] as

Pt:(l—a)Pt_l—i—oth.
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A small « yields stronger temporal smoothing, whereas a large « makes the
output more responsive to the current prediction. However, because the same
coeflicient is applied to all pixels regardless of local motion, fixed-coefficient EMA
can lead to delayed responses in dynamic regions or insufficient stabilization in
stable regions.

2.3 Sparse Optical Flow-Based Local Motion Estimation

To make the EMA coefficient spatially adaptive to local motion, we estimate
motion between consecutive frames. We first place a regular grid of sample points
in the previous frame, denoted as K;_; = {z! ™' }V,.

These points are then tracked from I;_; to I; using pyramidal Lucas—-Kanade
sparse optical flow [15,1]. For each successfully tracked point, the displacement
vector is computed as u} = zf—x!"!. To obtain a local motion representation, the
motion-estimation domain is divided into blocks {b;}2_;, and the local motion

j=1
magnitude for each block is defined as

my(by) = Qoo ([|ufl], | ;™" € ;)
where Qg9 denotes the 90th percentile over tracked points whose initial po-
sitions fall inside the block.

2.4 Smoothstep-Based Adaptive EMA Coefficient

The block-wise motion values are converted into block-wise EMA coefficients
so that low-motion regions are smoothed more strongly, whereas high-motion
regions emphasize the current prediction more.

For each block b;, we first normalize the motion magnitude using two thresh-
olds:

bj) — ow
Zt(bj) = Clip (ﬂj.fl( 1]1)_ Tz—l ,0, 1) ,
ig ow

where Tiow and Thign denote the lower and upper motion thresholds, respec-
tively. We then define the block-wise adaptive coefficient using the smoothstep
function:

at(bj) = O'min + (amax - amin) (Szt(bj)2 - ta(bj)s) )

where ain and apax are the lower and upper bounds of the EMA coefficient,
respectively.

When mt(bj) < Tiow, the coefficient becomes i, resulting in strong tem-
poral smoothing; when my(bj) > Thign, the coefficient becomes o ax, reducing
the influence of past predictions and placing more weight on the current pre-
diction. Between these thresholds, the smoothstep mapping provides a smooth
transition, avoiding a hard switch between stable and dynamic regions.

The resulting block-wise coefficients {a;(b;)}}Z, are bilinearly upsampled to
the probability-map resolution to obtain the pixel-wise adaptive EMA coefficient
map Az(x).
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2.5 Local Motion-Adaptive EMA Filtering

The final temporally smoothed probability map is obtained by replacing the
scalar coefficient in fixed-coefficient EMA with the pixel-wise coefficient map

Ay(x):

Bie,z) = (1 — Ay(x)Pr_1(c, z) + Ai(z) Py(c, ),

for each class ¢ and pixel location z. The same coefficient A;(x) is applied
to all classes at a given pixel, preserving the class-probability structure while
adapting the smoothing strength spatially.

For the first frame of a video sequence, the smoothed probability map is
initialized as I:’o =F.

The update requires no future frames, making the filter suitable for real-time
inference.

2.6 Implementation Details

The proposed method was applied to the segmentation model output at inference
time as a post-processing step. For computational efficiency, sparse optical flow
was implemented with OpenCV’s calcOpticalFlowPyrLK function on grayscale
frames after black-border cropping and resizing the frames to a width of 640
pixels for flow estimation while preserving the aspect ratio. Specifically, we (i)
estimated sparse motion on a regular grid of points with a stride of 16 pixels and
a 16-pixel margin, (ii) aggregated the motion over a 6 x 6 block grid, (iii) con-
verted it into a block-wise adaptive EMA coefficient map, and (iv) upsampled the
coeflicient map to the probability-map resolution by bilinear interpolation before
filtering. In the current implementation, the default adaptive-EMA parameters
were set to apmiy = 0.1, amax = 0.9.

3 Experiments

3.1 Experimental Setup

Dataset. We used the CholecSeg8k dataset, which provides 8,080 laparoscopic
cholecystectomy frames organized as short consecutive sequences with pixel-level
anatomical labels from 17 videos, allowing us to evaluate temporal stability and
responsiveness under realistic surgical scene motion [8]. We considered four fore-
ground classes: liver, fat, abdominal wall, and gallbladder; all remaining labels
were mapped to background. Input frames were originally provided at 854 x 480
and 25 fps. The dataset was split at the video level into training, validation, and
test sets. Evaluation was performed on the held-out test set comprising three
videos (video IDs 12, 24, and 35).
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Fig. 2. Motion-stratified analysis of the proposed method compared with No filter
and fixed-coefficient EMA baselines. Motion bins are defined using Farneback-derived
block-wise motion. (A) Mean adaptive EMA coefficient with the 10th-90th percentile
range. (B) Inter-frame Boundary IoU vs. previous masks. (C) Frame-wise Boundary
IoU vs. ground truth. (D) Stability—responsiveness trade-off.

Segmentation Model and Training. As the base segmentation model, we
used an FPN segmentation decoder [14] with a pretrained EfficientNetV2-S en-
coder [25]. The segmentation model input resolution was 512 x 288. We trained
the model with AdamW (learning rate 1 x 10~4, weight decay 1 x 10~%, batch
size 16) using mixed precision. The loss function was an equally weighted sum of
cross-entropy and Dice loss. Training was run for up to 30 epochs with early stop-
ping based on validation mean intersection over union (mlIoU), and the check-
point with the best validation mIoU was used for evaluation.

Runtime Environment. All experiments were conducted on a laptop with an
Intel Core i9-12900H CPU, 32 GB RAM, and an NVIDIA RTX 3080 Ti GPU.
Inference used a TensorRT-RTX engine (version 1.3) quantized to FP16.
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Fig. 3. Qualitative comparison in low- and high-motion ROIs across three consecutive
frames. Fixed EMA: a = 0.5; proposed: Tiow = 2, Thigh = 5.

Proposed

3.2 Motion-Stratified Stability—Responsiveness Analysis

As a reference measure of local motion, we used block-wise motion derived from
Farneback dense optical flow [5], defined as the 90th percentile of pixel-wise
motion magnitudes within each block. The sparse-flow estimates used by the
proposed method correlated strongly with this reference measure (Spearman’s
p = 0.780). The following analyses use these Farneback-derived motion bins. The
number of blocks in each motion bin is provided in Supplementary Fig. S1.

We evaluated four representative parameter settings using all combinations of
Tiow € {1.0,2.0} and Thign € {5.0,10.0} pixels/frame. We compared them with
the unfiltered prediction (No filter) and fixed-coefficient EMA baselines with
a € {0.1,0.3,0.5,0.7,0.9}. As a stability metric, we used inter-frame Boundary
IoU, computed using Boundary IoU [2] between current- and previous-frame
predicted masks across foreground classes. Because this metric can also penalize
true motion, we interpret it mainly within low-motion bins, where temporal
changes are expected to be small. As a responsiveness metric, we used frame-
wise Boundary IoU against the ground truth labels. Corresponding analyses
using mloU are provided in Supplementary Fig. S2.

Fig. 2A shows that the adaptive EMA coefficient increases across the Farneback-
derived motion bins, indicating that the sparse-flow-based coefficient map fol-
lows the intended motion-dependent behavior. In low-motion bins, the coeffi-
cient remains close to api,, favoring stronger smoothing; as motion increases, it
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smoothly rises toward .y, placing more weight on the current prediction. The
thresholds Tiow and Thigh determine the motion range over which this transition
occurs. Lower 7 values make the filter respond more quickly to motion, whereas
higher 7 values preserve stronger smoothing over a wider motion range.

In low-motion bins, the proposed method achieves inter-frame Boundary IoU
close to fixed-coefficient EMA with a = 0.1 and higher than larger-a baselines,
indicating stronger flicker suppression in stable regions (Fig. 2B). As motion in-
creases, its frame-wise Boundary IoU approaches that of No filter, whereas fixed-
coefficient EMA with smaller coefficients exhibits a substantially larger degrada-
tion, indicating difficulty in following rapid motion (Fig. 2C). As expected from
the behavior in Fig. 2A, lower 7 values favor faster responsiveness to motion,
whereas higher 7 values favor stronger smoothing. The trade-off plot in Fig. 2D
further shows that fixed-coefficient EMA exhibits a clear stability-responsiveness
trade-off, whereas the proposed method mitigates it by maintaining high stabil-
ity in low-motion regions (< 3 pixels/frame) while preserving responsiveness
in high-motion regions (> 3 pixels/frame). Corresponding mIoU-based analyses
show similar overall trends (Supplementary Fig. S2).

3.3 Qualitative Comparison

We further examined two ROIs, one with low motion and one with high motion,
across three consecutive frames (Fig. 3). Fixed-coefficient EMA with o« = 0.5
slightly suppresses flicker within the fat label in the low-motion ROI, but intro-
duces visible lag around the moving gallbladder Boundary in the high-motion
ROL. In contrast, the proposed method provides stronger flicker suppression in
the low-motion ROI while preserving rapid Boundary updates in the high-motion
ROI, consistent with the motion-stratified quantitative analysis above.

3.4 Runtime Analysis

Table 1 compares runtime excluding disk I/O, measured from an input frame to
the final mask label transferred back to the CPU. Runtime was measured over
1,830 frames after a 10-frame warm-up. The proposed method achieved a p90
latency of 9.41 ms, compared with 6.63ms for No filter and 6.40 ms for fixed-
coefficient EMA. Thus, the proposed filter added only 2.78 ms at p90 over No
filter while remaining well below the 30-fps frame interval (33.33 ms).

Table 1. Runtime comparison of temporal smoothing methods.

Filter Mean + SD (ms) p50 (ms) p90 (ms)
No filter 5.89 + 1.18 5.62 6.63
Fixed-coefficient EMA 5.84 + 1.03 5.64 6.40
Proposed 7.41 + 1.27 6.95 9.41
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4 Limitations

The proposed method locally switches between stability and responsiveness ac-
cording to motion magnitude, rather than achieving both simultaneously within
the same moving region. Large motion shifts the filter toward weaker smoothing
to preserve responsiveness. This can be triggered by anatomical or instrument
motion, camera movement, or visual artifacts such as smoke or lens washing,
potentially limiting flicker suppression in affected regions. Future work should
investigate methods that maintain temporal stability in moving regions without
sacrificing responsiveness.

A second limitation is that the motion thresholds Tiow and Thign are de-
fined in pixels per frame and must be specified in advance. Their optimal values
may therefore depend on image resolution, camera distance, digital zoom, and
acquisition conditions. Although the thresholds can be manually adjusted in
real time, their automatic adaptation would be preferable for wider applicabil-
ity across varying imaging conditions. Future work will focus on maintaining
temporal stability in moving regions without sacrificing responsiveness and on
automatically adapting motion thresholds across varying imaging conditions.

5 Conclusion

We presented a lightweight, model-agnostic post-processing method for laparo-
scopic video segmentation. By deriving spatially varying EMA coefficients from
sparse optical flow, the method provides stronger smoothing in low-motion re-
gions while preserving responsiveness in high-motion regions. Experiments on the
CholecSeg8k dataset showed that the proposed method alleviates the stability—
responsiveness trade-off of fixed-coefficient EMA while maintaining a p90 la-
tency below 10ms. These results suggest that local motion-adaptive smoothing
is a practical strategy for improving the temporal stability of real-time surgical
video segmentation. Future work will focus on improving robustness to global
motion and visual artifacts and on automatically adapting motion thresholds
across different imaging conditions.
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