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Abstract Mminimally invasive surgery and robotic assisted procedures are increasingly preferred
over traditional open surgeries because they offer faster recovery times and reduce postoperative com-
plications. However, these techniques require precise force application to prevent tissue overstress.
The lack of reliable real time tissue recognition limits a surgeon'’s ability to apply appropriate force
according to tissue type, thereby increasing the risk of injury. This study proposes a framework that
applies deep learning and object detection techniques to classify tissues in real time and support safer
force modulation in robotic systems. As a proof of concept, the system distinguishes fat, muscle, and
skin tissues using GoogLeNet, YOLOVS8, and YOLOv10. Skin images were collected from 30 individuals
following informed consent, while fat and muscle samples were processed to create a dataset com-
prising 1,800 augmented images. The GooglLeNet architecture achieved training and test accuracies of
93% and 97.2%, respectively. The YOLOv8 model demonstrated strong performance, achieving a mean
average precision (mAP) of 94.7% at loU = 0.5, with an inference time of 28 ms. YOLOv10 achieved an
MAP®@0.5 of 96.2% with a latency of 22 ms. The NMS-free architecture of YOLOV10 resulted in a 21%
reduction in inference time compared to YOLOVS, along with a 1.5% improvement in accuracy. A sta-
tistically significant difference among the evaluated models was confirmed using analysis of variance
(ANOVA), with a significance threshold of p < 0.001, indicating that YOLOv10 demonstrated superior
performance under the evaluated experimental conditions.

*Correspondence author email address: Fakhra.jalal@shu.edu.pk
DOI: 10.21015/vtse.v14i1.2291

1 Introduction

Over the last several decades, minimal invasive surgery
(MIS) has made a massive contribution to surgical
practice by enhancing the ways of how a procedure
should be carried out and the outcomes of the process
in terms of patient safety and wellbeing[1]. Compared
to traditional open surgery, which opens up massive
incisions and causes extensive disruption of tissues,

(co) T

This work is licensed under a Creative Commons Attribution 3.0 License.

MIS is an operation involving complex procedures with
minimal invasive use of small ports and camera-guided
visualization. These have been the benefits that have
seen MIS be the choice of many surgical specialties
and which provide decreased hospitalization, increased
cosmetic results, reduced postoperative pain, and
quicker recovery [2].These are the advantages that have
positioned MIS as the preferred option in many surgical
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specialties and that provide less hospitalization, better
cosmetic outcomes, less postoperative pain, and quick
recovery time. In spite of advantages, MIS has critical
drawbacks.The most evident one is the loss of force
feedback as one of the sensory channels inherent in
open surgery. Its lack may cause the overloading of tis-
sue and unwanted tissue damage during manipulation
[3]. Since the surgeons are unable to use tactile effect,
they would need to establish the properties of tissues
visually, making it difficult to handle tissues safely.

To address the logistical challenges associated with
costly access to specialized care, the geographic dis-
tance, and long surgical waiting periods, MIS modalities,
like keyhole, robotic, cardiovascular, and endoscopic,
were developed to overcome the logistical barrier [4].

Robotic surgery is one of the significant develop-
ments in MIS that allows very precise movements with
the help of robot-assisted manipulators governed by
a special surgeon console [5]. These systems increase
dexterity and visualisation especially on anatomically
constrained areas. Even though multi-port robots are
now the new standard practice, single-port technol-
ogy has lately attracted interest to selected clinical
processes.

In spite of these developments, there is a major chal-
lenge; there are no effective real-time systems that can
be used to identify the type of tissues during surgery.
This drawback limits the dynamism of applied force by
the surgeon which may impact on surgical safety [6].

In parallel with surgical innovations, artificial intelli-
gence particularly deep learning has experienced rapid
growth. Deep learning models employ multilayer neu-
ral networks to automatically learn hierarchical data rep-
resentations [7]. Their strong feature extraction capabil-
ity has enabled significant progress in image recognition,
speech processing, natural language understanding, and
autonomous decision-making [8, 9].Recent studies have
shown that deep learning architectures, particularly U-
Net-based models, improve brain tumor segmentation
by effectively combining high-level and low-level feature
representations from MRI images [10].

Transfer learning further improves model efficiency
by allowing knowledge from pre-trained networks to be
adapted to new but related tasks [11]. Consequently,
architectures such as GoogleNet, U-Net, YOLOV8, and
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YOLOv10 are widely used, particularly in domains where
large annotated datasets are difficult to obtain [12].

Convolutional architectures like GoogleNet leverage
multi-scale feature extraction to achieve strong classi-
fication performance with reduced computational cost
[13]. In the medical domain, U-Net and its variants have
demonstrated exceptional performance in biomedical
image segmentation [14], [15], though their application
remains more common in brain and MRI-based tasks
than in soft-tissue classification [16] Moreover, existing
surveys highlight that although CNNs have achieved
strong performance across a range of medical image
classification and segmentation problems, challenges
such as domain-specific model design and task-specific
model adaptation remain areas for further research
[17].

Object detection models have evolved in parallel,
with earlier two-stage detectors (R-CNN, Faster R-CNN)
offering accuracy but limited real-time usability due to
slow inference. Single-stage detectors especially the
YOLO family address this limitation by enabling fast, end-
to-end detection [18]. More recent advances continue to
refine accuracy and speed. Changes in backbone design
and feature aggregation have improved small-object
detection performance in YOLOv8, demonstrating po-
tential in medical scenes [19]. Complementary research
highlights that the NMS-free architecture of YOLOv10
reduces computational overhead while maintaining high
precision, making it particularly attractive for real-time
surgical environments [20]

Despite extensive exploration of deep learning and
object detection in general computer vision, their appli-
cation to real-time recognition of surgical soft tissues
remains limited in the literature [21]. [22] utilized the
YOLOV10 architecture combined with a proposed image
enhancement technique to improve feature visibility
and detection reliability for gun detection, showing that
preprocessing can significantly enhance deep learn-
ing based object detection performance in real-world
scenarios.

Recent advances in computer vision have significantly
expanded the capabilities of surgical assistance systems.
In particular, real-time visual perception has become an
important research direction for improving intraopera-
tive decision support. By analyzing surgical scenes and
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identifying relevant anatomical structures, computer vi-
sion models can provide contextual information that as-
sists surgeons in maintaining safe manipulation strate-
gies. Several studies have explored the use of deep learn-
ing for surgical instrument detection, polyp identification
in endoscopy, and organ segmentation in laparoscopic
procedures. However, comparatively little attention has
been given to the automatic recognition of soft tissue
types such as fat, muscle, and skin during minimally in-
vasive procedures. Accurate tissue differentiation could
play a critical role in improving robotic surgical systems
by enabling adaptive control strategies based on tissue
properties [23].

This gap is especially important because surgeons op-
erate without haptic feedback, and improved visual cues
may contribute to safer tissue handling strategies in fu-
ture systems.The novelty of this work lies in the following
points:

* This work provides one of the first evaluations
of YOLOv8 and the newer YOLOV10 for real-time
recognition of fat, muscle, and skin tissues in
minimally invasive surgery. To the best of our
knowledge, YOLOV10 has not yet been studied for
any surgical tissue specific application.

+ Since no public dataset distinguishes these three
tissue types under controlled conditions, we devel-
oped a custom and ethically sourced dataset from
real tissue samples to support training and evalua-
tion.

* We introduce a combined pipeline in which
GoogleNet performs tissue classification and
YOLOV8/YOLOvV10 perform real-time detection,
offering both identification and spatial localization
in the same system. We also tested the mod-
els in a real-time webcam-based simulation to
demonstrate their practical feasibility.

A comprehensive summary of the existing deep learn-
ing approaches for tissue detection in surgery, including
their objectives, methods, datasets, and research gaps,
is presented in Table 1.

2 Methodology
The methodology for the tissue recognition project is
divided into four sequential phases. Phase 1, Dataset
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Preparation, entails the selection of the types of tissues
of interest, ethical consent of using the images, finding
high-quality tissue images, and data augmentation to in-
crease the dataset size to 1,800 images, which improves
model generalization. Phase 2, Model Engineering,
involves the choice of the most appropriate neural
network architecture, such as GooglLeNet, YOLOvVS, and
YOLOvV10 and then hyperparameter optimization, which
involves learning rate, batch size, and training epochs,
and lastly training the chosen network with the chosen
data set. Phase 3, Real-Time Integration, is the simula-
tion of live tissue capture through a webcam, retrieves
frames through the video feed, executes the trained
model on the frame, and annotates the identified tissues
with the help of bounding boxes to visualize them.

Lastly, Phase 4, Statistical Validation, to validate the
model performance through ANOVA-testing that can
be used to assess the statistical importance of various
model outputs and followed by Tukey HSD-post-hoc
analysis that can be used to compare different group
differences and determine the practical applicability
of the results.This methodology will offer a systematic
approach to model validation by data acquisition-to-
model validation that ensures reproducibility, reliability,
and practical applicability of results to real-time tissue
recognition as mentioned in figure 1.

2.1 Data Collection

In order to come up with data to train the models,
we took 200 pictures of cow fat tissue, cow muscle
tissue, and human skin tissue as shown in figure 2. A
consent form was provided to 30 participants before
data collection in which they gave their consent to allow
their data to be used in testing and publication of the
research. The images were placed in separate folders
with names recorded based on the type of tissue and
the deep learning models could use the name of the
folders as labels to train them. The controlled lighting
conditions were used to take images at a resolution of
1920 x 1080 to ensure that the images were consistent.

2.2 Data Augmentation

Data augmentation is important in the application of
deep learning, especially in medical imaging tasks whose
large annotated datasets are sometimes challenging
to come by because of ethical, logistical, and privacy
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Table 1. Comprehensive Literature Review of Deep Learning Approaches for Tissue Detection in Surgery

| study | Objective | Methods Results | Dataset | Gaps |
Ronneberger Biomed segment U-Net High Dice/loU EM stacks Offline, not real-
(2015) time
Siddique (2021) | U-Net review U-Net variants 3-5% gain Multiple No detection, no
MIS focus
Isensee (2021) Self-config nnU-Net SOTA on 23 | Multi-organ High  compute,
tasks no real-time
Huang (2020) Multiscale seg. UNet3+ loU +3-4% Organ Segmentation
CT/MRI only
Redmon (2018) Real-time detect YOLOv3 57.9% mAP COCO No medical do-
main
Wang (2023) SOTA detect YOLOv7 56.8% AP Ccoco No surgical test-
ing
Jocher (2023) Anchor-free detect YOLOv8 High mAP COCO Not tested on tis-
sues
‘ Our Work ‘ Real-time tissue ‘ GNet/YOLO 96.2% mAP ‘ 1800 images ‘ No in-vivo test

Phase 1: Dataset Preparation '~ Phase 2: Model Englneerlng_‘ [ Phase 3: Real-time Integration
| - - |

Tissue Selection Architecture Selection | ( Webcam Simulation ]

Ethical Consent = -Eiqu_Le_Net_'_ YoLovs .[YOLU_\!IO- “,[ Frame Extraction ]

| Image Acquisition | Hyperparameter Tuning | [ Prediction ]

1,800-image Augmentation | Model Training | [ Bounding Box Annotation ]

I

[ Phase 4: Statistical Validation

VE——

[ ANOVATesting |

[ Tukey HSD Post-hoc Analysis‘

Figure 1. Methodology Flowchart

limitations. Augmentation techniques help increase
dataset diversity by synthetically generating variations
of the original images while preserving the underlying
class characteristics. This process improves model
generalization and reduces the risk of overfitting. In this
study, several augmentation techniques were applied
to simulate variations that may occur in real surgical
environments, including changes in illumination, ori-
entation, and noise levels. Such transformations help
the model learn invariant features that remain robust
under different viewing conditions. As a result, the
augmented dataset enables the deep learning models
to better capture tissue characteristics and maintain

stable performance during real-time detection tasks.
To enhance model robustness, we applied various
augmentation techniques as shown in Table 2.

Table 2. Data Augmentation Techniques

Technique | Description ‘
Rotation Random rotation (£30°)
Flipping Horizontal and vertical
Brightness | Adjustment (+20%)
Contrast Adjustment (+15%)

Noise Gaussian noise

Resizing To YOLO input
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(d) Fat 1

(g) Muscle 1

() Muscle 2 (i) Muscle 3

Figure 2. Collected tissue images: (a-c) Skin, (d-f) Fat, (g-i)
Muscle.

This augmentation process includes the techniques
mention in Table 2 expanded our dataset to 1,800 im-
ages total (600 per class), improving model generaliza-
tion capabilities.

2.3 Model Training

2.3.1 GoogleNet Implementation

As a first step, we used the GoogleNet model for train-
ing on fat and muscle tissues. We downloaded the pre-
trained model in MATLAB, split the data into 70% train-
ing, 15% validation, and 15% testing. Training was con-
ducted with 7 epochs and 40 iterations per epoch, using
a learning rate of 0.001 with adaptive moment estima-
tion (Adam) optimizer.

2.3.2 YOLOV8 Implementation
For YOLOVS, we utilized the ultralytics framework with
the configuration shown in Table 3.

2.3.3 YOLOvV10 Implementation
YOLOv10 was implemented with enhanced features
shown in Table 4.

2.4 Model Architecture
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Table 3. YOLOv8n Training Configuration

Parameter Value
Model YOLOV8n
Input size 640 x 640
Batch size 16
Epochs 100

Learning rate | 0.01
Augmentation | Mosaic
Optimizer SGD

Table 4. YOLOVv10n Training Configuration

Parameter Value
Model YOLOv10n
Input size 640 x 640
Batch size 16

Epochs 150
Learning rate | 0.01
Strategy Dual assign
Assignment One-many

2.4.1 GoogleNet (Inception v1) Architecture
GoogleNet, winner of ILSVRC 2014, introduced the Incep-
tion module concept, allowing the network to learn fea-
tures at multiple scales simultaneously. The architecture
consists of 22 layers with 9 Inception modules as shown
in Figure 3.

Key features of GoogleNet include 6.8M parameters
(12x fewer than AlexNet), 22 layers depth, 9 Inception
modules with varying filter sizes, two auxiliary classifiers
to combat vanishing gradient, and global average pool-
ing that replaces fully connected layers.

2.4.2 YOLOVS Architecture

YOLOV8 represents a significant evolution in the YOLO
family, introducing several architectural improvements
as illustrated in Figure 4.

The YOLOV8 architecture follows a three-part struc-
ture starting with a backbone network that processes the
input image through a series of convolutional layers and
C2f modules to extract hierarchical features at multiple
scales. The C2f modules are an improved version of the
C3 blocks used in previous YOLO versions, designed to
provide better gradient flow and feature representation
while maintaining computational efficiency. The middle
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Figure 3. Inception Module Architecture used in GoogleNet
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Figure 4. Confusion Matrix

section represents the neck of the network, which imple-
ments a Feature Pyramid Network (FPN) structure that
intelligently combines features from different resolution
levels through upsampling, downsampling, and concate-
nation operations.

Key innovations in YOLOv8 include C2f modules
that replace C3 modules providing richer gradient flow,
anchor-free detection that eliminates anchor box depen-
dency, decoupled head that separates classification and
regression tasks, mosaic augmentation for enhanced
data augmentation during training, and only 3.2M
parameters in the nano variant.

2.4.3 YOLOvV10 Architecture

The architecture begins with an input image of 640x640
pixels that flows through an enhanced backbone
consisting of improved convolutional layers and RGB
blocks. The network then employs a sophisticated
dual-path prediction strategy through consistent dual
assignments, which splits into two parallel branches for
training purposes. One branch follows a one-to-many
assignment strategy that generates multiple predictions
per ground truth object during training, while the other
uses a one-to-one assignment approach that produces
a single prediction per object.

2.4.4 Comparative Architecture Analysis
Table 5 provides a detailed comparison of the three ar-
chitectures used in our study.

Table 5. Architectural Comparison of Deep Learning Models

Feature | GNet | v8 v10
Type Class | Detect | Detect
Params (M) 6.8 3.2 2.8
GFLOPs 1.5 8.7 7.2
Layers 22 168 165
Input 2242 6402 6402
Module Incep Cc2f RGB
Post Soft NMS None
Time (ms) 45 28 22
FPS 22.2 35.7 45.5

3 Results and Discussion

3.1 Training Performance
As shown in Fig. 5, the proposed real-time tissue recog-
nition pipeline captures video via an integrated webcam,
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Integrated
Webcam
(Real-time
Video)

YOLOvV8/v10
Object
Detection

GoogleNet
Tissue Clas-
sification

Annotated
Video
Bounding
Boxes +
Tissue
Labels +
Confidence
Scores

Figure 5. Block diagram of real-time tissue recognition
pipeline using GoogleNet for classification and YOLO for
object detection.

processes each frame through GoogleNet for tissue clas-
sification and YOLOv8/v10 for object detection and out-
puts annotated frames with bounding boxes, tissue la-
bels, and confidence scores. This dual-network design
provides both accurate classification and precise spatial
localization, assisting surgeons in compensating for the
lack of haptic feedback in minimally invasive procedures.

Figure 6 illustrates the training accuracy curves for
all three models. GoogleNet converged rapidly within
70 epochs, achieving 93% training accuracy. YOLOvS8
required 100 epochs to reach 94.7% mAP@0.5, while
YOLOv10 demonstrated superior learning efficiency,
achieving 96.2% mAP@0.5 after 150 epochs with more
stable convergence.

The normalized confusion matrix shows that the
model performed very well in classifying the three tissue
types fat, muscle, and skin. Most fat samples were
correctly identified, with 93.33% predicted as fat and

Volume 14, Issue 1, 2026 (January-March)

only a small portion (6.67%) misclassified as muscle. For
the muscle class, the model achieved perfect accuracy,
correctly predicting 100% of muscle samples with no
errors. Similarly, the skin class was also classified with
100% accuracy, indicating that the model learned the
distinguishing features of skin very effectively. Overall,
the results demonstrate strong classification perfor-
mance, with only minor confusion occurring between
fat and muscle, while muscle and skin categories were
predicted with complete reliability.

100

90

80

70/ ! !

0 20 40 60

—l— GoogleNet B
—A— YOLOV8
YOLOvV10

| | I I
80 100 120 140
Epoch

Accuracy (%)

Figure 6. Training accuracy curves for all three models
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Figure 7. Loss curves demonstrating model convergence

The training loss curves of GoogleNet, YOLOVS8, and
YOLOV10 across epochs are illustrated in Figure 7, show-
ing the convergence behavior of the models during train-
ing.

3.2 GoogleNet Performance
The confusion matrix for GoogleNet provides a quantita-

tive summary of the model's performance across all tis-
sue types as shown in Table 6.
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Table 6. GoogleNet Classification Performance

Tissue \ Prec. \ Recall \ F1 \
Fat 0.933 | 0.947 | 0.940
Muscle | 1.000 | 0.986 | 0.993
Skin 0.986 | 1.000 | 0.993
\ Overall \ 97.2%

3.3 YOLOvS8 Results
YOLOv8 demonstrated superior object detection capabil-
ities as presented in Table 7.

Table 7. YOLOv8 Detection Performance

Metric | Value |
MAP@0.5 94.7%
mMAP@0.5:0.95 | 82.3%
Precision 91.8%
Recall 93.2%
Inference 28ms
FPS 35.7

Class-wise performance showed fat tissue with
AP@0.5 of 93.8%, muscle tissue at 95.2%, and skin tissue
at 95.1%.

3.4 YOLOvV10 Results
YOLOv10 achieved the best overall performance as
shown in Table 8.

Table 8. YOLOv10 Detection Performance

Metric | Value |
MAP@0.5 96.2%
mMAP@0.5:0.95 | 84.7%
Precision 93.4%
Recall 94.8%
Inference 22ms
FPS 455

Class-wise performance demonstrated fat tissue with
AP@0.5 of 95.6%, muscle tissue at 96.8%, and skin tissue
at 96.2%.
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3.5 Comparative Analysis
Table 9 presents a comprehensive comparison of all
three models.

3.6 Real-time Detection Performance

In real-time surgical simulation tests, single tissue
detection achieved greater than 95% accuracy for all
models. For multiple tissue detection, YOLOv10 outper-
formed with 94% accuracy versus YOLOvV8's 91%. Under
occlusion handling conditions, YOLOv10 maintained
88% accuracy under partial occlusion. With variable
lighting, YOLOV10 showed 92% robustness compared to
YOLOVS8's 87%.

The ability to perform reliable real time tissue detec-
tion is particularly important in robotic-assisted surgery,
where surgeons rely primarily on visual feedback due to
the absence of direct tactile interaction with tissues. In
such environments, delays or inaccuracies in visual per-
ception systems can negatively affect surgical precision.
The proposed system demonstrates the feasibility of in-
tegrating deep learning-based perception modules into
surgical workflows.

The consistent latency achieved by YOLOv10 is par-
ticularly advantageous for time-sensitive surgical tasks,
where even small delays in feedback may disrupt the sur-
geon's hand-eye coordination. Furthermore, the capa-
bility to detect multiple tissue types simultaneously pro-
vides contextual awareness that may assist surgeons in
planning safer manipulation strategies. Although the cur-
rent evaluation was performed in a simulated environ-
ment, these results highlight the potential for integrating
Al-based perception systems with robotic control frame-
works to enhance surgical safety and efficiency.

3.7 Statistical Significance

ANOVA was performed to explore differences in per-
formance metrics across repeated experimental runs,
indicating statistically significant variation among the
evaluated models(p < 0.001). Tukey HSD post-hoc com-
parisons were conducted to further examine pairwise
performance differences under the same experimental
conditions: YOLOv10 vs. YOLOvV8 (p = 0.003), YOLOv10
vs. GoogleNet (p = 0.012), and YOLOV8 vs. GoogleNet
(p = 0.041). Although GoogleNet achieved the highest
classification accuracy on individual tissue samples, the
YOLO models provided superior real-time detection
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Table 9. Comparative Analysis of All Models

Model Accuracy | mAP@0.5 | Time | Params | GFLOPs
GoogleNet 97.2% - 45ms 6.8M 1.5
YOLOv8n - 94.7% 28ms 3.2M 8.7
YOLOv10n - 96.2% 22ms 2.8M 7.2

performance.YOLOvV8 uses Non-Maximum Suppression
(NMS) to remove overlapping "duplicate" bounding
boxes. NMS is often a computational bottleneck be-
cause it typically runs on the CPU or requires heavy GPU
post-processing, which adds jitter to the video feed.

In particular, YOLOv10Q's uses "consistent dual assign-
ments" during training. This allows the model to learn
to predict only one box per object during inference,
completely removing the need for NMS, which reduces
latency while maintaining high accuracy, making it well
suited for time critical surgical applications. These
architectural improvements resulted in a 21% reduction
in inference time and a 1.5% increase in MAP@0.5
compared with YOLOVS.

The superiority of YOLOV10 in this surgical context is
primarily attributed to its NMS-free inference. In tradi-
tional surgical vision tasks, NMS creates a variable delay
depending on the number of objects detected, which can
cause 'lag’ in the surgeon's display,eliminating this post-
processing step, YOLOv10 provides a deterministic and
consistent 22ms latency. This consistency can also be vi-
tal for compensating for the lack of haptic feedback; a
surgeon can rely on a perfectly synchronized visual cue
to adjust their grip strength on delicate fat vs. dense mus-
cle tissue, thereby reducing the risk of unintended tissue
overstress.

In preparing this manuscript, Al-based tools were
employed to assist in text refinement, including im-
proving clarity, grammar, and overall readability. These
tools were utilized strictly as linguistic aids; all scientific
content, analyses, and interpretations presented in
this work were conceived and validated by the authors.
The use of Al ensured consistent language quality and
helped convey complex ideas more effectively, facili-
tating comprehension for a broader audience.Ethical
considerations were observed throughout, with full
transparency regarding the role of Al assistance, as

acknowledged in the manuscript.

4 Conclusion

This paper will prove that the deep learning models
can facilitate the achievement of highly accurate and
reliable tissue detection in the simulated surgical setting.
Of the assessed models, GoogleNet model had a clas-
sification accuracy of 97.2%, and the object detection
models YOLOV8 and YOLOv10 have good real-time per-
formance with mAP scores of 94.7% and 96.2%, at 0.5
(respectively). It is interesting to note that the NMS-free
YOLOvV10 recorded very low inference times of only 22
ms yet records high accuracies, which also suggests
that it will be suitable in time-sensitive computational
surgical assistance systems. These findings should
emphasize the computational viability of Al-assisted
tissue detection in a controlled experimental context.

The suggested system will offer a potential starting
point of an intelligent surgical assist system in the future
since it would allow real-time detection of tissues and al-
low regulating the amount of force applied on them ac-
cording to tissue-specific thresholds.The proposed sys-
tem would help to reduce the reliance on haptic sensa-
tions and prevent extensive tissue damage caused by the
surgeon in the delicate context of the interventions. The
system seeks to fill the gap between the computational
vision method, and the realistic use of surgical methods
using intelligent force control by incorporating real-time
computer vision and intelligent force control.

The weakness of the given study is the relatively
low number of data used in comparison to large scale
computer vision benchmarks. Even though the augmen-
tation methods were used to enhance the diversity of
the data, it is necessary that in future research more
diverse datasets that are subjected to different lighting
conditions, camera angles, and surgical conditions
should be collected. Also, the current structure is aimed
at the static tissue classification and detection, yet
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the real conditions of surgery are the moving tissue
deformation, bleeding, and blocking with surgical de-
vices. The need to tackle these complexities will add
more complicated models and comprehensive clinic
validation.

The dataset that was used in this study was gathered
under controlled conditions and consists of mixed bio-
logical sources, which might not be able to represent the
variability that exists in the real clinical surgical setting.
Moreover, cross-patient and cross-device validation, as
well as real-time assessment were not conducted and
foundation was a simulated webcam, as opposed to an
endoscopic or robotic surgical imaging system.

So the results are to be taken as evidence-of-concept
computational framework as opposed to a surgical
system that has been shown to be clinically valid. Future
studies will involve the addition of more types of tissue
and imaging conditions to the data, the inclusion of
endoscopic and robotic surgical imaging data, and the
assessment of cross-subject generalization. The next
step in development can also be aimed at the assimila-
tion with the force-sensing and haptic-feedback systems,
and finally, the structured clinical validation research can
be conducted to determine the translational feasibility
of the suggested method in the real surgical processes.
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