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 Abstract— Accurate estimation of tumor boundaries is critical 

for ensuring adequate surgical margins in robot-assisted 

minimally invasive surgery (RMIS). In this study, we present a 

method that estimates tumor boundaries in RMIS using sweeping 

palpation data acquired with a single force/torque (F/T) sensor. 

From the reconstructed surface, tissue displacement and normal 

force were derived to calculate stiffness, which was then used to 

construct a stiffness map. To reduce noise and enhance feature 

representations, we employed a sparse autoencoder (SAE). The 

SAE outputs were subsequently clustered with a Gaussian 

mixture model (GMM) and K-means to segment the tumor from 

normal tissue. Experiments with phantom models and an ex vivo 

model demonstrated that the SAE-based approach significantly 

improved the Dice similarity coefficient (DSC) and sensitivity 

while maintaining specificity, and reduced the Hausdorff 

distances (HD and HD95) and average symmetric surface 

distance (ASSD), compared with results from raw data. 

Importantly, when evaluated under clinically relevant surgical 

margin conditions, the estimated HD consistently remained below 

threshold across all models. These results indicate that the 

proposed method achieves both high accuracy and clinical 

feasibility without additional imaging devices or displacement 

sensors, highlighting its potential to support margin 

minimization and organ function preservation in RMIS. 

 
Index Terms— Deep learning, Palpation, Robot-assisted 

minimally invasive surgery, Stiffness estimation, Tumor 

boundary detection 

I. INTRODUCTION 

odern surgical practice has increasingly focused on 

precision and minimally invasive approaches, with 

the goals of shortening patient recovery time and 
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minimizing postoperative complications. Robot-assisted 

minimally invasive surgery (RMIS) has emerged as a 

promising technology that improves surgical precision, 

reduces dependence on surgeon-specific manual skills, and 

holds significant potential to improve patient outcomes [1], [2]. 

RMIS utilizes robotic arms equipped with fine manipulation 

capabilities, in conjunction with specialized surgical 

instruments, to facilitate more precise identification and 

resection of lesions through smaller incisions compared to 

traditional open or laparoscopic surgery. Such approaches 

shorten recovery time and reduce blood loss and postoperative 

complication rates [3], [4]. RMIS has been applied to 

precision resections of various soft tissue organs, such as the 

kidney and liver. In procedures where organ function 

preservation is critical, such as partial nephrectomy or 

parenchyma-sparing liver resection, the ability to accurately 

and continuously detect tumor boundaries in real time is 

particularly important [5], [6].    

Tumor boundary detection is essential for ensuring adequate 

surgical margins and achieving complete resection. It is 

directly linked to the risk of residual cancer cells, thereby 

playing a critical role in preventing local recurrence and 

improving long-term survival [7]. A surgical margin refers to 

the boundary that encompasses the tumor together with 

adjacent normal tissue. If the margin is excessively wide, it 

can cause unnecessary tissue loss and compromise organ 

function [8]. Therefore, precise estimation of tumor 

boundaries is essential to balance oncologic safety with 

functional preservation. 

Conventional RMIS approaches have relied on medical 

imaging modalities such as CT, MRI, and ultrasound to 

analyze tumor morphology and delineate boundaries [9], [10], 

[11]. However, these image-based methods depend on static 

preoperative data and therefore cannot account for tissue 

deformation or displacement that occurs intraoperatively from 

patient repositioning, respiratory motion, or instrument 

interaction [12], [13]. As a result, discrepancies may arise 

between preoperative images and intraoperative anatomy, 

potentially undermining surgical precision and safety [14].  

Robotic palpation has been proposed as an effective 

alternative to overcome these limitations. In this approach, 

force and displacement data are collected as the robotic end-

effector interacts with tissue, and tissue stiffness is 

quantitatively estimated based on these measurements [15], 

[16]. Previous studies have reported that tumor tissue exhibits 

approximately two- to tenfold greater stiffness than normal 

tissue [17]. Accordingly, force–displacement analysis provides 

a means of indirectly inferring tumor presence and localization 
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[18]. In RMIS settings, however, precise estimation of tissue 

properties is particularly challenging due to limited 

visualization, confined workspace, and restricted instrument 

maneuverability [19]. For this reason, most previous studies 

have employed indentation-based robotic palpation techniques 

[20], [21], [22], [23], [24]. This method offers the advantage 

of relatively easy acquisition of force data through 

force/torque (F/T) or pressure sensors. However, accurate 

displacement measurement requires additional equipment, 

such as endoscopic cameras, or depth cameras [25], [26]. 

These vision-based approaches can estimate surface 

deformation or geometry, but they remain limited to optical 

visibility and cannot directly capture subsurface mechanical 

contrasts that are critical for tumor detection [27]. While 

emerging soft tactile technologies like polymer-based skins 

and fiber-optic arrays show promise, their application in RMIS 

is limited by fabrication complexity, hysteresis, signal drift, 

and calibration instability [28], [29].  

To address these limitations, a sweeping palpation strategy 

has been proposed. In this approach, the robotic end-effector 

continuously collects force data while sweeping the organ 

surface, enabling efficient characterization of the mechanical 

properties over a wide area [30], [31]. However, because 

displacement is difficult to measure during sweeping palpation, 

conventional stiffness estimation techniques designed for 

indentation cannot be directly applied. Consequently, the 

generation of high-resolution stiffness maps within the region 

of interest (ROI) is restricted, limiting the accuracy of tumor 

boundary estimation [32], [33]. Therefore, achieving precise 

stiffness estimation using only a single F/T sensor—without 

auxiliary sensing devices—and leveraging these 

measurements to analyze the mechanical properties of the 

tissue over a wide area is a clinically important challenge. 

Furthermore, incorporating deep learning methods into 

stiffness data processing can enhance the contrast between 

tissue types and improve boundary estimation accuracy [34], 

[35]. The combined use of sweeping palpation and deep 

learning holds substantial promise for improving both the 

accuracy and real-time performance of stiffness-based tumor 

boundary detection. In this study, we propose a novel method 

for accurate tumor boundary estimation over the entire ROI by 

combining stiffness mapping with unsupervised clustering. 

Specifically, we integrate force and displacement data by 

utilizing reconstructed surface point cloud information 

together with robotic kinematics, thereby enabling the 

generation of precise stiffness maps without requiring 

additional sensors. The resulting stiffness data are then 

processed through an autoencoder based on a multilayer 

perceptron (MLP) to extract latent features, after which 

clustering is performed on the reconstructed output to 

quantitatively estimate tumor boundaries. 

The key contributions of this work are summarized as 

follows:  

(1) We propose a novel two-step robotic palpation 

workflow that reconstructs the 3D tissue surface and utilizes 

this geometric prior to enable accurate stiffness estimation 

during sweeping palpation thus overcoming the fundamental 

displacement-measurement limitations of conventional 

sweeping methods. 

(2) We demonstrate a high-resolution stiffness mapping 

framework using only a single F/T sensor, eliminating the 

need for auxiliary displacement or vision-based sensors and 

significantly simplifying the sensing pipeline for RMIS. 

(3) We show that MLP-based autoencoder latent features 

substantially improve clustering robustness, thereby enhancing 

tumor boundary estimation accuracy compared to direct 

stiffness-based classification.  

II. METHOD 

A. Overall Process 

The proposed tumor boundary detection process in this 

study comprises three main steps: (1) surface reconstruction, 

(2) stiffness estimation, and (3) tumor boundary estimation. 

The overall workflow is schematically depicted in Fig. 1.  

 

 
Fig. 1. Overall schematic process. Step 1: Surface reconstruction, Step 2: 

Stiffness mapping, and Step 3: Tumor boundary estimation. 

 

Step 1: Surface Reconstruction 

First, the raw surface data of the soft tissue (𝐏𝐼𝑛𝑖𝑡𝑖𝑎𝑙) was 

collected via teleoperation by tracking the position of the 

robotic end-effector. Based on the initial mesh 

(𝓜𝐼𝑛𝑖𝑡𝑖𝑎𝑙) generated through a ball-pivoting algorithm 

applied to the collected points, the Point2Mesh deep learning 

algorithm was employed to reconstruct the incomplete surface 

and fill in missing regions. From this reconstruction, a fully 

reconstructed surface point cloud (𝐏𝑟)  along with its 

corresponding normal vector (𝐧) was obtained. 

 

Step 2: Stiffness Mapping 

Next, a palpation path is planned along the reconstructed 

organ surface to guide the robot end-effector. The end-effector 

then executes sweeping palpation along this path, during 

which force, position, and joint angle data are continuously 

recorded. Using forward kinematics, the robot’s pose is 
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determined, and the normal contact force is calculated. The 

displacement (δ) at each contact point is estimated by 

measuring the positional difference between the end-effector 

and the reconstructed surface point cloud using a k-nearest 

neighbor (k-NN) search algorithm. Finally, stiffness values are 

computed by integrating force and displacement data, and a 

spatially uniform stiffness map is produced through 

interpolation. 

Step 3: Tumor Boundary Estimation 

In the final step, the stiffness map serves as the basis for 

unsupervised estimation of the tumor boundary.  Each surface 

point is represented as a three-dimensional feature vector 

comprising its spatial position (𝑥, 𝑦) and stiffness value (𝐾). 

These feature vectors are input into a sparse autoencoder 

implemented with a multilayer perceptron (MLP), where they 

are compressed into a low-dimensional latent representation 

and subsequently reconstructed. To segment tumor and normal 

regions quantitatively, Gaussian mixture models (GMM) and 

K-means clustering are applied to the reconstructed stiffness 

map. The accuracy of boundary estimation is then assessed 

using region-based metrics (Dice similarity coefficient (DSC), 

sensitivity, and specificity) and distance-based metrics 

(Hausdorff distance [HD and HD95] and average symmetric 

surface distance [ASSD]). 
 

 
Fig. 2. Experimental setup. (a) Robotic palpation system, (b) Palpation probe 
and sensor, and (c) Experiment setup under RMIS environment. 
 

B. Experimental Setup 

In this study, robotic palpation was performed in a 

simulated RMIS environment to collect stiffness data. As 

shown in Fig. 2, the overall experimental setup consists of (i) a 

master–slave teleoperation system, (ii) a palpation tool 

equipped with a F/T sensor and a ball probe, and (iii) an 

RMIS-simulated experimental environment. 

Fig. 2(a) presents the complete robotic palpation system. 

The master device is a Touch haptic interface (3D Systems 

Inc.), while the slave device is a UR5e robotic arm (Universal 

Robots A/S). The system is operated on Ubuntu 18.04.01 LTS 

with a Xenomai 3.2 kernel, running at a 2 ms control loop to 

enable real-time teleoperation. Fig. 2(b) illustrates the 

palpation tool mounted on the UR5e end-effector. A 6-axis 

Hex12 F/T sensor (Resense GmbH) records interaction forces 

and torques, and a 2 mm-diameter ball probe is affixed to the 

distal end. This design enables continuous and wide-area 

sweeping palpation while reducing the risk of soft tissue 

damage. Fig. 2(c) depicts the experimental environment, in 

which an acrylic dome structure replicates RMIS conditions. 

The palpation tool is inserted through a port at the dome apex, 

with a remote center of motion (RCM) constraint applied to 

reproduce the kinematic constraints of laparoscopic surgery.  

Specifically, the tissue-mimicking phantom models were 

fabricated by mixing Ecoflex 00-30 (Smooth-On Inc.) with 

silicone thinner (Smooth-On Inc.), using different mixing 

ratios to distinguish between normal and tumor tissues. Tumor 

phantoms (colored red) were prepared by mixing Ecoflex 00-

30A and 00-30B in a 1:1 ratio, whereas normal phantoms 

(colored white) were created by mixing Ecoflex 00-30A, 00-

30B, and silicone thinner in a 1:1:1 ratio. For the ex vivo 

model, artificial tumors were formed by blending agarose gel, 

contrast medium, and deionized (DI) water in a 1:3:22 ratio, 

and subsequently implanted into porcine kidneys. For the 

phantom models, ground-truth masks were generated by 

delineating the outer boundaries according to the design 

geometry, while for the ex vivo model, ground-truth masks 

were derived by localizing the location of the implanted 

tumors from post-experimental CT images.  
 

 
Fig. 3. Surface reconstruction process. (a) Remote center of motion (RCM) 
constraint control, (b) Position-based impedance control, and (c) Point2Mesh 

deep learning algorithm. 

C. Surface Reconstruction 

In this study, we aimed to develop a technique for 

minimally invasive surgery (MIS) that does not rely on image-

based information, instead utilizing point cloud data of soft 

tissue to reconstruct the surface of the region of interest (ROI) 

[36]. The surface reconstruction stage functions as a 

preprocessing procedure for generating palpation paths on the 

soft tissue surface and for estimating displacement data. As 

illustrated in Fig. 1(a), the surface reconstruction process is 

divided into two major procedures. 

The first procedure involves surface scanning through 

teleoperation. When the operator manipulates the master 

device, the slave robot synchronously replicates the motion, 
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and the positions of the end-effector in contact with the target 

surface are recorded to form the initial point cloud. As shown 

in Fig. 3(a) and (b), both RCM constraint control and position-

based impedance control are applied to the slave robot to 

ensure safe operation. The RCM constraint enforces the 

geometric requirement that surgical instruments in MIS pivot 

about the incision point. By controlling the slave robot relative 

to a virtual incision hole, this constraint preserves a minimal 

incision. To realize the desired trajectory under this constraint, 

the controller solves a Jacobian-based constrained inverse 

kinematics formulation to compute the joint motions necessary 

to achieve the target end-effector pose [37]. 

In addition, position-based impedance control ensures that 

the slave’s actual position 𝑥 relative to the commanded target 

position 𝑥𝑑  follows the dynamics of a virtual mass–damper–

spring system, thereby improving safety and compliance 

during teleoperation [38]. 

𝑀𝑥̃ +̈ 𝐵𝑥̇̃ + 𝐾𝑥̃ − 𝐹𝑒𝑥𝑡 = 𝑢 (1) 

where 𝑥̃  denotes the position error, 𝑀 the virtual mass, 𝐵 the 

virtual damper, 𝐾  the virtual spring, 𝐹𝑒𝑥𝑡  the external force, 

and 𝑢 the control input. 

The second procedure is surface completion. Since the 

teleoperated data acquisition may not fully capture the entire 

ROI, a Point2Mesh-based deep learning algorithm was applied 

to recover the missing regions [39]. Point2Mesh is a 

convolutional neural network-based unsupervised learning 

method that takes as input the initial point cloud and the mesh 

generated via the ball-pivoting algorithm, and reconstructs a 

high-fidelity surface [40]. As shown in Fig. 3(c), this process 

produces the final reconstructed surface point cloud (𝐏𝑟) along 

with the corresponding surface normal vector (𝐧). 
 

 
Fig. 4. Stiffness mapping process. (a) Path generation using regression line on 

offset surface, (b) Stiffness estimation method, (c) Stiffness data acquisition 
along sweeping palpation path, (d) Orthogonal projection of stiffness values 

onto the XY plane, and (e) Final interpolated stiffness map. 
 

D. Stiffness Mapping 

The stiffness mapping step comprises three procedures: 

generating exploration paths from the reconstructed surface, 

acquiring stiffness data via sweeping palpation, and 

constructing the final stiffness map.  

The first procedure is data acquisition, during which force 

data are recorded through sweeping palpation. As illustrated in 

Fig. 4(a), an offset surface with a predefined displacement is 

generated toward the lesion, based on the reconstructed 

surface. Multiple regression lines are then applied using least-

squares regression to plan the palpation paths for the robotic 

palpation system [41]. While the end-effector follows these 

designed paths, force data are collected via the F/T sensor 

mounted on the palpation tool, and the probe center 

coordinates 𝐏𝑐are computed using forward kinematics. 

 

The second procedure, stiffness estimation, is shown in Fig. 

4(b). In this procedure, stiffness is estimated using the force-

position data obtained during the data acquisition stage 

together with the reconstructed surface point cloud. The force 

measured by the F/T sensor, 

𝐅𝑠𝑒𝑛𝑠𝑜𝑟 = [𝐹𝑥, 𝐹𝑦, 𝐹𝑧]
𝑇

(2) 

is expressed in the sensor frame and then transformed into the 

world frame force 𝐅𝑤𝑜𝑟𝑙𝑑  using the following relation: 

𝐅𝑤𝑜𝑟𝑙𝑑 = 𝐑𝑠𝑒𝑛𝑠𝑜𝑟
𝑤𝑜𝑟𝑙𝑑 ∙ 𝐅𝑠𝑒𝑛𝑠𝑜𝑟 (3) 

where 𝐑𝑠𝑒𝑛𝑠𝑜𝑟
𝑤𝑜𝑟𝑙𝑑  is the rotation matrix from the sensor frame to 

the world frame, obtained through forward kinematics. The 

unit normal vector 𝐧  is extracted from the reconstructed 

surface model, and the normal force magnitude is computed as: 

𝐹𝑛 = 𝐅𝑤𝑜𝑟𝑙𝑑 ∙ 𝐧 (4) 

The palpation displacement is calculated using the probe 

center position 𝐏𝑐 and the contact point on the surface 𝐏𝑠, and 

the probe radius 𝑟 . Specifically, 𝐏𝑠  is approximated as the 

contact point by selecting the nearest neighbors of 𝐏𝑐 from the 

reconstructed surface point cloud 𝐏𝑟 through the k-NN search 

(Euclidean distance, with 𝑘 = 10 ), and averaging their 

positions [42]. The displacement is then defined as: 

𝛿 = {
 𝑟 − (𝐏𝑐 − 𝐏𝑠) ⋅ 𝐧,   if (𝐏c − 𝐏s) ⋅ 𝐧 < 𝑟

0, otherwise
(5) 

Finally, the stiffness K is calculated as follows: 

𝐾 =
𝐹𝑛

𝛿
=

𝐅𝑤𝑜𝑟𝑙𝑑  ∙  𝐧

𝑟 − (𝐏𝑐 − 𝐏𝑠) ⋅ 𝐧
(6) 

The third procedure, stiffness map construction, is depicted 

in Fig. 4(c)–(e). In this procedure, the stiffness values 

calculated at each point are spatially interpolated to generate 

the final 2D stiffness map. Fig. 4(c) illustrates the raw 

stiffness measurements obtained along the sweeping palpation 

paths, while Fig. 4(d) presents their orthogonal projection onto 

the XY-plane. Finally, Fig. 4(e) displays the completed 

stiffness map, created by interpolating the scattered data with 

MATLAB scatteredInterpolant function, subsequently 

applying Gaussian smoothing (𝜎 = 3). 

 

E. Tumor Boundary Estimation  

As shown in Fig. 1(c), the tumor boundary estimation 

process is composed of three procedures: data preprocessing, 

mechanical feature extraction, and segmentation via clustering. 

In this process, the stiffness map generated in the previous 

section is utilized to extract tumor-related features, and 

unsupervised feature learning combined with clustering 
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algorithms is employed to detect tumor boundaries. In the first 

process, data preprocessing, each sample is extracted from the 

stiffness map and represented as an input vector defined by  

𝐱𝑛 = [𝑥𝑛, 𝑦𝑛 , 𝐾𝑛]𝑇 ∈  ℝ3 (7) 

where (𝑥𝑛 , 𝑦𝑛) denote the spatial coordinates, while 

𝐾𝑛 represents the normalized stiffness value. The dataset 

consists of a total of 𝑁 = 40,000 samples.  

Second, the mechanical feature extraction, illustrated in Fig. 

5(a), extracts features from the 2D stiffness map using a sparse 

autoencoder (SAE). The left panel shows the stiffness map 

obtained in the previous section, the center depicts the 

encoder–decoder architecture, and the right panel presents the 

reconstructed output produced by SAE. This process reduces 

noise in the original data while enhancing tumor-related 

features. Through SAE, dimensionality reduction and feature 

learning are achieved by minimizing a composite loss function 

that combines reconstruction loss, weight regularization, and 

sparsity constraints, defined as follows [43]. 

ℒ =
1

𝑁
∑‖𝐱n − 𝐱̂n‖2

𝑁

𝑛=1

+ 𝜆 ∑‖𝐖(𝑙)‖
F

2

𝑙

+ 𝛽 ∑ 𝐾𝐿(𝜌 ∥ 𝜌̂𝑗)

𝑍

𝑗=1

(8) 

where 𝐱̂𝑛  denotes the reconstruction output, 𝐖(𝑙)  represents 

the weight matrix of the 𝑙 -th layer, 𝜆  is the regularization 

coefficient, 𝛽  is the sparsity penalty coefficient, 𝑍  is the 

number of hidden units, 𝜌 is the target sparsity ratio and 𝜌̂𝑗 is 

the average activation of the 𝑗-th hidden unit. The Kullback–

Leibler (KL) divergence is defined as follows [44]. 

𝐾𝐿(𝜌 ∥ 𝜌̂𝑗) = 𝜌log
𝜌

𝜌̂𝑗

+ (1 − 𝜌) log
1 − 𝜌

1 − 𝜌̂𝑗

(9) 

Finally, the SAE-reconstructed outputs were segmented 

using two clustering methods, GMM and K-means, as shown 

in Fig. 5(b). These clustering approaches are well-suited for 

tumor boundary detection because they can automatically 

distinguish between tumor and normal tissue based on the 

intrinsic structure of the stiffness distribution, without the need 

for prior labeling. The clustering algorithms function by 

optimizing their respective objective functions [45], [46]. 

(1) GMM Objective function 

𝐽𝐺𝑀𝑀 = argmax
Θ

∑ log (∑ 𝜋𝑗𝒩(𝐱̂n|𝜇𝑗 , 𝛴𝑗)

𝐶

𝑗=1

)

𝑁

𝑛=1

 (10) 

Here, 𝐶  is the number of clusters, 𝜋𝑗  denotes the mixing 

coefficient, 𝜇𝑗 the mean vector, 𝛴𝑗the covariance matrix, and 

 Θ = {𝜋𝑗 , 𝜇𝑗, 𝛴𝑗}
𝑗=1

𝐶
 represents the complete set of parameters. 

(2) K-means Objective function 

𝐽𝐾−𝑚𝑒𝑎𝑛𝑠 = min
𝑺

∑ ∑ ‖𝐱̂𝑛 − 𝜇𝑗‖
2

𝑥𝑛𝜖𝑆𝑗

𝐶

𝑗=1

(11) 

Here, 𝑆𝑗 denotes the subset of samples assigned to the j-th 

cluster, and 𝑺 = {𝑆1, 𝑆2, … , 𝑆𝐶}  represents the overall 

clustering result of the dataset. 

Fig. 5(c) compares the tumor boundary estimation results. 

The left panel illustrates the original stiffness map prior to 

SAE processing, whereas the right panel presents the 

reconstructed output generated by  SAE. This comparison 

demonstrates that SAE-based feature representations provide 

clearer tumor boundary delineation and greater clustering 

stability. Model training was performed using the 

trainAutoencoder function in MATLAB Deep Learning 

Toolbox, with optimization conducted via the scaled conjugate 

gradient (SCG) algorithm. The number of training epochs was 

set to 300, with parameters 𝜆 = 0.02, 𝐶 = 2, 𝛽 = 15, and 𝜌 = 

0.016. All training was executed on a workstation equipped 

with an Intel i7-12700 CPU (2.10 GHz), 32 GB RAM, and an 

NVIDIA RTX 3060 GPU. To ensure robustness against 

randomness in initialization, each clustering experiment was 

repeated 30 times, and the resulting quantitative metrics are 

reported as mean ± standard deviation.  
 

 
Fig. 5. Tumor boundary estimation process. (a) Extraction of discriminative 

feature from the original stiffness map using a sparse autoencoder (SAE), (b) 

Application of clustering models (GMM and K-means) to the extracted 
stiffness features, and (c) Comparison of tumor boundary estimations before 

(left) and after (right) applying SAE. 

III. EXPERIMENTAL RESULTS 

A. Tumor boundary estimation 

In this study, the proposed SAE-based feature extraction 

and clustering method was applied to multiple phantom 

models and an ex vivo model to evaluate its effectiveness in 

tumor boundary estimation. Fig. 6 presents a comparison of 

the experimental results obtained from three phantom models 

(Planar, Curved, Kidney) and an ex vivo model. The first 

column shows the geometry of each model, while the second 

and third columns display the original stiffness maps and the 

corresponding outputs reconstructed by SAE, respectively. 

The original stiffness maps reflect the stiffness contrast 

between tumor and normal regions but also contain local noise 

and discontinuities along the boundaries. In contrast, the SAE-

reconstructed outputs effectively suppress such noise and 

enhance the tumor-specific features, yielding smoother and 

clearer stiffness distributions. This improvement is further 

emphasized in the clustering results shown in the fourth 

column of Fig. 6. The predicted tumor boundaries were 

compared with the ground truth masks defined in Section II-B, 

and quantitatively evaluated using the metrics in Section II-F. 

When K-means and GMM were applied directly to the 
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original stiffness maps, discontinuous clusters and over-

segmentation artifacts were observed near the tumor 

boundaries. By contrast, applying the same algorithms to the 

SAE-based feature representations produced consistently 

grouped tumor interiors and more sharply defined boundaries. 

These findings demonstrate that SAE effectively captures the 

underlying mechanical characteristics, thereby enhancing 

clustering stability and improving tumor boundary estimation 

performance. The entire computation process, including 

stiffness map generation, feature extraction, and clustering, 

was completed in an average of 60 seconds per model. 
 

 

Fig. 6. Comparative results across four models. (a) Planar, (b) Curved, (c) 

Kidney, and (d) Ex vivo model. For each model, the first panel illustrates the 

model structure, the second shows the corresponding original stiffness maps, 

the third presents the SAE reconstructed outputs, and the fourth depicts the 

clustering results. 

  
TABLE 1 

EVALUATION METRICS ACROSS THE FOUR MODELS 

 
 

B. Evaluation metrics 

Table 1 summarizes the quantitative evaluation metrics 

obtained from the tumor boundary estimation experiments 

performed on the four models, utilizing both region-based 

metrics (including DSC, sensitivity, and specificity) and 

distance-based metrics (including HD, HD95, and ASSD). 

Based on the quantitative results in Table 1, SAE-based 

clustering outperformed the raw stiffness map–based approach 

across all models. Both SAE+GMM and SAE+K-means 

consistently achieved higher DSC values than clustering 

applied directly to raw stiffness maps, with particularly 

notable improvements in the curved and kidney models. These 

findings indicate that SAE effectively extracts discriminative 

features and enables clearer tumor separation, even in 

anatomically complex or highly curved structures. Sensitivity 

was also consistently higher in the SAE-based results, 

confirming its enhanced ability to detect tumor regions 

without omission. Meanwhile, specificity remained stable 

without degradation, demonstrating balanced detection 

without over-segmentation despite the gains in sensitivity.  

The differences were even more pronounced in distance-

based metrics such as HD, HD95, and ASSD. In the curved 

and kidney models, which involve irregular surfaces and 

multiple tumors, the SAE-based method consistently produced 

lower HD and HD95 values, as well as significantly reduced 

ASSD, confirming more precise correspondence between the 

estimated and ground truth boundaries. These results highlight 

not only average performance improvements but also the 

robustness of the SAE-based approach under conditions of 

higher structural complexity. 

Overall, SAE-based feature representations provided 

statistically significant improvements over the original 

stiffness map in clustering stability, sensitivity, and boundary 

accuracy. These quantitative results align with the visual 

improvements observed in Fig. 6, further supporting the 

effectiveness of the proposed method for tumor boundary 

estimation in the models. 

Fig. 7 compares the estimated HD values for each model 

with the predefined threshold. In this study, the threshold was 

set to approximately 4.5 mm, based on surgical margin 

requirements reported in the clinical literature, to validate 

clinical feasibility. Prior studies have recommended 

maintaining a minimum surgical margin of 1–5 mm in partial 

nephrectomy and parenchyma-sparing hepatectomy to reduce 

the risk of recurrence [47], [48], [49], [50]. Accordingly, the 

HD values, including outliers, were evaluated as the upper 

safety bound. 
 

 
Fig. 7. Comparison of tumor boundary estimation results across different 

models: (a) Planar, (b) Curved, (c) Kidney, and (d) Ex vivo. 
 

The results showed that the proposed SAE-based clustering 

method consistently maintained HD values below the 

threshold across all models. Notably, even in the kidney model, 
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which involves higher curvature and anatomical complexity, 

the HD values did not exceed the threshold. These findings 

indicate that the proposed method not only enhances boundary 

detection accuracy but also satisfies clinically required safety 

margins. Furthermore, this outcome aligns with the 

improvements in DSC and sensitivity reported in Table 1, 

providing convergent evidence for both the quantitative 

enhancement and the clinical potential of the proposed 

approach. 

IV. DISCUSSION 

A. Clustering Performance and Clinical Relevance 

In this study, we compared K-means and GMM for tumor 

boundary estimation and assessed the effect of SAE-based 

preprocessing. The results showed that, prior to SAE 

application, the original stiffness maps contained 

discontinuities and noise that weakened the Gaussian 

distribution assumption, thereby degrading GMM 

performance. In contrast, K-means demonstrated relatively 

stable baseline performance owing to its distance-based 

partitioning [51]. Following SAE application, noise was 

effectively suppressed in the low-dimensional latent space, 

and the structural contrast between tumor and normal regions 

was enhanced. Consequently, GMM was able to flexibly 

represent boundary uncertainty using probabilistic mixture 

distributions, achieving overall improvements in the DSC and 

sensitivity while maintaining stable specificity. These findings 

suggest that the SAE+GMM combination provides the most 

effective approach for maximizing region overlap. 

However, in the kidney model, characterized by high 

curvature and complex boundaries, GMM occasionally 

overestimated local density, producing fragmented or 

overlapping clusters instead of clearly defined tumor–normal 

boundaries. This resulted in reduced boundary sharpness. In 

such anatomically complex scenarios, SAE+K-means may 

provide a more robust alternative by mitigating the tendency 

of GMM toward over-segmentation. 

In addition, the proposed method consistently maintained 

HD values below the clinically defined threshold of 4.5 mm 

across all phantom and ex vivo models, while ASSD was also 

significantly reduced. Because boundary precision is directly 

associated with securing safe surgical margins, these findings 

underscore the clinical relevance of the approach. Notably, 

high accuracy was achieved using stiffness data derived solely 

from a single F/T sensor, highlighting strong potential for 

surgical translation. Compared with previously reported 

ultrasound-based segmentation studies, which reported 

𝐻𝐷95 =  8.90 ±  0.15  mm and 𝐴𝑆𝑆𝐷 =  2.87 ±  0.05 mm 

[52], the proposed method achieved 𝐻𝐷95 ≤  2.6 mm and 

𝐴𝑆𝑆𝐷 ≤  1.1 mm, reflecting a two- to threefold improvement 

in boundary precision. Collectively, these results suggest that 

the proposed approach offers a more practical and competitive 

performance than conventional image-based methods for 

intraoperative tumor boundary estimation. 

B. Considerations for Clinical Translation  

This study estimates tumor boundaries by constructing a 2D 

stiffness map from sweeping palpation data. In RMIS proce 

dures where resection proceeds along the normal direction, 

such 2D boundary information is often sufficient for determin 

ing an appropriate surgical margin [53]. However, the three 

dimensional geometry and depth of the tumor remain critical 

for surgical precision. Because soft tissues exhibit nonlinear 

force-displacement behavior that varies with indentation 

depth, a 2D stiffness map obtained at a fixed palpation depth 

provides only a surface projection of the underlying 

mechanical distribution and cannot fully characterize deeper 

lesions. To address this limitation, future work will incorporate 

multi-depth stiffness measurements, subsurface geometric 

cues, and learning-based mechanical models to estimate full 

3D stiffness distributions.  

In addition, the ex vivo experimental setup does not account 

for physiological disturbances such as respiration, organ in 

teraction, or tissue deformation during palpation, which can 

degrade stiffness estimation accuracy. To mitigate this, we 

plan to develop a dynamic compensation framework that 

leverages F/T sensor torque data for real-time disturbance 

detection and adaptive control.  

Moreover, the initial surface scanning step, currently per 

formed through manual teleoperation under impedance 

control, will be upgraded to an automated hybrid-control 

scanning sys tem to improve consistency and reproducibility 

during surface reconstruction.  

Finally, the current palpation tool prototype has exposed 

electrical components, limiting its clinical applicability. A re 

designed, fully sealed, and autoclavable housing will be devel 

oped to meet surgical hygiene and safety requirements.  

V. CONCLUSION 

In this study, we proposed a tumor boundary detection 

method for RMIS that integrates SAE-based feature learning 

with unsupervised clustering of sweeping palpation data 

acquired from a single F/T sensor. This approach effectively 

suppressed noise and enhanced tumor-related features, thereby 

enhancing clustering stability, clarifying boundaries, and 

achieving high consistency with the ground truth across both 

phantom models and an ex vivo model. Notably, significant 

improvements were observed in DSC and sensitivity, 

accompanied by reductions in HD and ASSD. Even in the 

anatomically complex kidney model, the proposed method 

satisfied the clinically relevant threshold while delivering a 

two- to threefold improvement in precision compared with 

conventional image-based methods. These results highlight the 

clinical potential of the proposed approach for minimizing 

surgical margins and preserving organ function in RMIS. 

Looking ahead, future work will aim to further improve tumor 

boundary estimation by incorporating semi-supervised 

learning and deep clustering strategies into the robotic 

palpation framework.  
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