
High Efficiency Video Coding (HEVC)–Based Surgical Telementoring
System Using Shallow Convolutional Neural Network

Ali Hassan1
& Mubeen Ghafoor1 & Syed Ali Tariq1

& Tehseen Zia1 & Waqas Ahmad2

# Society for Imaging Informatics in Medicine 2019

Abstract
Surgical telementoring systems have gained lots of interest, especially in remote locations. However, bandwidth constraint has been
the primary bottleneck for efficient telementoring systems. This study aims to establish an efficient surgical telementoring system,
where the qualified surgeon (mentor) provides real-time guidance and technical assistance for surgical procedures to the on-spot
physician (surgeon). High Efficiency Video Coding (HEVC/H.265)–based video compression has shown promising results for
telementoring applications. However, there is a trade-off between the bandwidth resources required for video transmission and
quality of video received by the remote surgeon. In order to efficiently compress and transmit real-time surgical videos, a hybrid
lossless-lossy approach is proposed where surgical incision region is coded in high quality whereas the background region is coded
in low quality based on distance from the surgical incision region. For surgical incision region extraction, state-of-the-art deep
learning (DL) architectures for semantic segmentation can be used. However, the computational complexity of these architectures is
high resulting in large training and inference times. For telementoring systems, encoding time is crucial; therefore, very deep
architectures are not suitable for surgical incision extraction. In this study, we propose a shallow convolutional neural network
(S-CNN)–based segmentation approach that consists of encoder network only for surgical region extraction. The segmentation
performance of S-CNN is compared with one of the state-of-the-art image segmentation networks (SegNet), and results demonstrate
the effectiveness of the proposed network. The proposed telementoring system is efficient and explicitly considers the physiological
nature of the human visual system to encode the video by providing good overall visual impact in the location of surgery. The results
of the proposed S-CNN-based segmentation demonstrated a pixel accuracy of 97% and a mean intersection over union accuracy of
79%. Similarly, HEVC experimental results showed that the proposed surgical region–based encoding scheme achieved an average
bitrate reduction of 88.8% at high-quality settings in comparison with default full-frame HEVC encoding. The average gain in
encoding performance (signal-to-noise) of the proposed algorithm is 11.5 dB in the surgical region. The bitrate saving and visual
quality of the proposed optimal bit allocation scheme are compared with the mean shift segmentation–based coding scheme for fair
comparison. The results show that the proposed scheme maintains high visual quality in surgical incision region along with
achieving good bitrate saving. Based on comparison and results, the proposed encoding algorithm can be considered as an efficient
and effective solution for surgical telementoring systems for low-bandwidth networks.
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Introduction

In disaster-affected and distant rural areas, there exists a short-
age of qualified surgeons. The different surgical procedures

and possibilities that can arise can be difficult to handle by
inexperienced surgeons. Surgical telementoring systems can
be adopted in such areas to provide real-time technical guid-
ance for surgical procedures, emergency care, surgical educa-
tion, and health care by experienced remote surgeons [1–3].
One of the significant issues in adopting surgical
telementoring systems is the lack of high bandwidth resources
in remote areas. The surgical telementoring application re-
quires a unique challenge in the sense that the system should
retain the region of interest in nearly lossless quality under
constrained bitrate scenario. Rayman et al. [4] proposed that
4–6-Mbps bandwidth is required for good quality
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telementoring applications. In remote or disaster-stricken
areas, such high bandwidth resources are unlikely to be avail-
able. Therefore, adaptive compression can be useful in surgi-
cal telementoring applications where the quality of video
varies depending on the nature of the region and the available
bandwidth resources. To develop an efficient telementoring
system, surgical videos must be compressed such that they
can be transmitted over limited bandwidth networks while
maintaining high visual quality in critical regions of the video.

One of the most commonly used video compression
standards is High Efficiency Video Coding (HEVC) or
H.265 [5]. The first version of HEVC was developed by
Joint Collaborative Team on Video Coding (JCT-VC), a
collaboration between ISO/IEC Moving Pictures Experts
Group (MPEG) and ITU-T Visual Coding Experts Group
(VCEG) in June 2013. HEVC/H.265 version 4 was ap-
proved as an ITU-T standard in December 2016. It offers
efficient video compression while maintaining the same
video quality at a lower bitrate as compared with its pre-
decessors (MPEG-4 or H.264) [6–8]. Efficient video cod-
ing can be utilized in various applications and fields such
as mobile video recording [9], video watermarking [10],
medical video communications [11–13], medical imaging
[14–18], telemedicine [19], rate control optimization [20],
lossless video coding [21], high dynamic range video
compression [22], and many others. HEVC can be used
as part of a video compression tool for surgical
telementoring system.

For adaptive compression and maintaining high quality in
critical regions, surgical videos can be classified into two seg-
ments; the surgical region (SR) and the background region as
shown in Fig. 1. For remote surgeon supervising a procedure,
the video quality of the SR must be near to lossless, and
background region can be of low quality. SR-based video
coding can serve as a potential solution for reducing video
bitrate and efficiently transmitting high-quality surgical videos
over low bandwidth channels.

Image segmentation techniques can be used to identify the
SRs in surgical videos. Some common segmentation tech-
niques are mean shift, k-means, expectation and maximization,
and density-based spatial clustering of application with noise
and fuzzy c-means [23, 24]. The mean shift (MST) [25] seg-
mentation is widely used in the field of medical images, i.e.,
wound segmentation and its boundary determination [26–29].
Such techniques are sensitive to noise and are based on
predefined criteria (like intensity information or edges in the
image) [23]. These conventional computer vision and machine
learning algorithms are very limited in their ability to process
large amounts of image data with multiple levels of abstraction
and require a lot of manual tuning for each input image.

Recently, deep convolutional neural networks (CNN) have
been used as a valuable tool for image segmentation tasks in
computer vision applications [30–36]. CNN can be utilized to
tackle the problem of multiple levels of abstraction as well as
noises and irregularities in images [23, 24]. Some of the pop-
ular deep convolutional networks are VGGNet [37],
GoogleNet [38], ResNet [39], UNet [40], and SegNet [41].
Although these networks can be used for image segmentation
tasks, they are computationally expensive since the network
depth (stacked layers) is of crucial importance. The VGGNet
[37] consists of 19 layers, GoogleNet [38] consists of 22
layers, ResNet [39] consists of 50 layers, UNet [40] consists
of 23 convolutional layers, and the SegNet [41] consists of 26
convolutional layers. These networks have a large number of
weight parameters that take a long time to learn and also
require long inference time which is crucial as video frames
need to be encoded at real-time, hence, making them unsuit-
able for telementoring applications. In this study, we propose a
fast and efficient shallow CNN (S-CNN) architecture for seg-
mentation consisting of four convolution layers that does not
perform pixel-wise segmentation, and thus, eliminates the
need of a decoder network, unlike state-of-the-art image seg-
mentation networks such as UNet [40] and SegNet [41] that
have encoder and decoder networks. The proposed S-CNN is

Fig. 1 Two regions in surgical
videos, i.e., the surgical region
and background region
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used to segment SR in videos with very less processing time
for efficient video compression using HEVC.

In this study, we propose a deep learning (DL)–based
HEVC unified framework for telementoring applications,
where the quality of SR within the video frames is well pre-
served, while the number of bits required to code the video
sequence is reduced. The objective of this work is to minimize
the bandwidth resources required to transmit video, regardless
of the other aspects of telecommunications quality-of-service
(i.e., packet loss, availability, and transmission delay), which
are largely out of the control of the end-user.

The overall system is novel, efficient, and computationally
inexpensive that suits real-time video coding for
telementoring applications in limited bandwidth scenarios.
The performance of the proposed S-CNN-based SR segmen-
tation is compared with mean shift (MST)-based as well as
SegNet-based segmentation [41]. The results have shown that
the proposed S-CNN performs better than MST and compara-
bly with SegNet, while it is much more computationally effi-
cient. The rest of the paper is organized as follows:
Background and Related Work discusses the background
and related studies, deep learning Preliminaries discusses deep
learning, Proposed S-CNN Architecture for SR Detection dis-
cusses the proposed S-CNN-based SR detection, Hybrid
Lossless-Lossy HEVC Approach discusses the proposed
modification to the HEVC algorithm, Results discusses the
experimental results, and finally, and Conclusion concludes.

Background and Related Work

In recent years, various video coding techniques have been
proposed that used different techniques to code certain regions
in high-quality and certain regions in low-quality [42–51]. Xu
et al. [42] proposed HEVC-based rate control scheme for vid-
eo conferencing systems to encode facial features in high
quality and background regions in lower quality. The authors
used the MST algorithm to extract facial features including
eyes, nose, and lips. The authors showed that up to 62.8%
encoding time is saved at 1080 pixels resolution with average
quality improvement of up to 4.92 dB (dBs) in the facial
region. Similarly, Chai et al. [43] proposed facial regions–
based video coding scheme using HEVC. They proposed
two foreground/background bit allocation strategies, which
are maximum bit transfer (MBT) and joint bit assignment
(JBA). Face segmentation into foreground/background re-
gions was performed using skin-color map–based algorithm.
The quality of the foreground (i.e., facial region) was im-
proved, whereas the background image quality was degraded.
However, the skin color–based segmentation does not deal
with other regions on faces, i.e., hair and beard.

In the field of medical imaging, Gokturk et al. [44] pro-
posed colon computed tomography (CT) image coding

system. The region of interest (ROI) in CT was segmented
using 3-D morphological image processing technique. Each
pixel in the ROI was coded in a lossless manner, and the rest
were coded in a lossy manner. Their coding scheme achieved
a 2.5% compression rate at the same level of image quality,
exhibiting good results. However, the system was inefficient
and needed high bandwidth resources. For similar CT coding,
Yu et al. [45] proposed ROI-based rate control for HEVC. The
authors performed segmentation of CT and echocardiography
video sequence using image processing techniques including
Sobel operators, squared gradient, and thresholding. Their
scheme achieved bitrate saving of up to 10.64% and quality
improvement of up to 6.95 dB using H.264 encoder. Other
than CT-based coding scheme, Wu et al. [46] used textural
image feature–based nearest neighbor (NN) classifier for seg-
mentation in medical ultrasound videos. The authors
employed hierarchical coding based on transform coefficient
adjustment and a variable quality selection procedure to en-
code the ultrasound videos. The results showed that on aver-
age 13.52% reduction in bitrate is achieved. However, the
NN-based classification was computationally expensive.

A surgical telementoring system was proposed by Khire
et al. [47] that provided flexibility of manually selecting differ-
ent regions in the surgical video for efficient encoding. The
authors introduced an interactive ROI selection method, where
the videowas divided into a 3 × 3 grid fromwhich five different
locations of ROI could be chosen. These fixed regions include
top left, top right, bottom left, bottom right, and central region.
The authors coded the selected ROI in high quality and other
regions in low quality. Similar to manual interaction scheme,
Grois et al. [48] proposed a scalable and adaptive ROI coding
scheme using HEVC. The proposed scheme allowed to adap-
tively set desirable ROI location, size, resolution, and bit-rate,
according to the limited network bandwidth and predefined
settings. ROI was extracted by removing background layers
and then the inter-layer prediction is performed in the extracted
region. The experimental results showed that the proposed
method improved the coding performance by achieving bitrate
savings of up to 33.48%. Similarly, Barsakar et al. [49] pro-
posed ROI coding using kernel-based MST scheme using
Huffman encoding. Their method required user interaction to
select the ROI and their related resolution using kernel-based
MSTalgorithm. The authors evaluated the technique of CTand
magnetic resonance imaging (MRI) videos. The bitrate saved
from background regions is adjusted in improving the quality of
ROI up to 69.71 dB.

The different ROI-based video coding systems discussed
above [47–49] demonstrated good results; however, manually
selecting the ROI is a hindrance and causes inconvenience.
Instead of manually selecting ROI, Wei et al. [50] proposed a
visual saliency–based coding scheme using HEVC. Visual
saliencymapwas used for allocating coding bits or controlling
video quality based on the probability of human attention over
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frames. The experimental results showed that 22.52% of bit
rate reduction and 43.48% encoding time were saved.
Similarly, Wong et al. [51] proposed ROI-based channel adap-
tive video coding scheme. The real-time source video stream
is divided into two regions, the ROI and the non-ROI regions.
These two regions were encoded adaptively based on the cur-
rent channel state parameters (data rate), which were fed back
to the source coder to adjust the compression ratio.

For ROI-based SR coding scheme, conventional computer
vision and machine learning–based segmentation algorithms
such as mean shift or k-means can be utilized for SR extrac-
tion. Ramya et al. [26] and Wang et al. [27] used MST seg-
mentation for wound boundary determination and wound
analysis of foot ulcer in diabetic patients. Similarly, Chang
et al. [28] used the MST algorithm to construct wound
(foreground) and skin (background) model for real-time
wound assessment. Wannous et al. [29] used MST algorithm
for wound boundary detection that is used for skin tissue clas-
sification. However, such algorithms require manual tuning
and manual selection of ROI, which is a hindrance and causes
inconvenience for real-time applications. Although the above-
mentioned techniques can be used to implement surgical
telementoring system, they are inefficient and computational-
ly expensive. An automated S-CNN-based SR detection and
HEVC-based compression technique will significantly im-
prove the usability of telementoring systems. CNN is a paral-
lel network of processing nodes that simulates biological
learning. Deep learning (DL) consists of a set of techniques
that can automatically learn the features from raw data that are
useful for image segmentation tasks [52, 53]. The ability to
learn representations at multiple levels of abstraction merely
by stacking non-linear layers allows DL methods to achieve
better generalization on highly complex tasks such as image
segmentation. The crucial characteristic of DL approach is
that the layers of representations are not hand-engineered by
human experts rather discovered from data with a standard
learning technique. CNN is a type of DL method that has
recently become modus operandi for image segmentation
tasks due to its remarkable achievements in this area [32–35,
53]. This success is partly because of its robust and precise
assumptions about the natural images (i.e., locality of associ-
ations between pixels and statistical stationarity) [52] and part-
ly due to ease of optimization because of significantly lesser
parameters as compared with feed-forward networks [31].

Wang et al. [54] proposed an automatic wound region seg-
mentation and analysis system using CNN. The authors used
the learned features of CNN for healing progress prediction
(dates to heal) and infection detection (infected or not).
Similarly, Goyal et al. [33] proposed CNN for diabetic foot
ulcer (DFU) classification that used parallel convolutions for
multiple-level feature extraction. Rajchl et al. [35] proposed
DeepCut method for brain and lung segmentation, which
learned features using the CNNmodel. Similarly, CNN is also

used for understanding images of different domains such as
spectral, medical, object and face detection, and multi-class
image classification [52, 54–59]. CNN-based DL is a valuable
technique that can be used for SR segmentation in
telementoring applications.

Deep Learning Preliminaries

A typical architecture of CNN for segmentation tasks is com-
posed of convolution, pooling, fully-connected, and sigmoid
layers. A short description of these layers is given below:

& Convolution layer: in this layer, each unit is connected to a
local patch of units in the previous layer through a set of
weights called a filter. The unit activation is called feature
map and is computed by applying non-linearity over the
locally weighted sums. Rectified linear unit (ReLU) [60]
is usually used as an activation function in order to model
non-linearity because of its fast convergence [60].

& Pooling layer: while convolution layer learns features, the
pooling layer combines semantically related features into
a single feature. Each unit in a pooling layer takes input
from a patch of units in the previous layer and outputs a
maximum or average of these values.

& Full-connected layer: in this layer, each unit is connected
to all the units in the previous layer. Typically, the convo-
lution and pooling layer are stacked in two or three stages
before using fully-connected layers.

& Sigmoid layer: sigmoid function is used for semantic seg-
mentation tasks where it converts the features into proba-
bilities of each output pixel. This layer contains as many
units as the number of pixels of the output image.

In CNN, learning phase deals with optimizing weights of
the units with the objective to minimize error. Stochastic gra-
dient descent (SGD) [61] is typically used as an optimization
procedure where gradients over the weights are computed by
using the standard back-propagation algorithm.

Proposed Telementoring System Using Deep
Learning

The overview of the proposed telementoring system using DL
is shown in Fig. 2. In the proposed study, an automated SR
segmentation algorithm is proposed that does not depend on
manually extracted features or unsupervised approach.
Instead, the proposed DL method learns the relevant pictorial
features and performs SR segmentation.

The proposed S-CNN model takes raw video frames as
input and produces a SR map as output, which is used to
encode the surgical video using HEVC. HEVC produces
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encoded video bitstream which is transmitted over the net-
work to remote mentor site where it is decoded and viewed
by a qualified surgeon. The following subsection discusses the
proposed DL algorithm.

Proposed S-CNN Architecture for SR Detection

In this study, the proposed DL algorithm is described as a
given input video stream (Vinput) having an N number of
frames such that V = {X1, X2, … , XN} where each frame is
represented by X is RGB image of height (H) and width (W)
such thatXN ∈ [0; 1]H ×W × 3; the objective is to learn a function
( f ) that generates a binary mask Y ∈ [0; 1]r × c, where r and c
represent the height and width of the output binary mask, for
the ground-truth surgical region (SRgt):

f Xð Þ≈Y ;where Y ¼ 1 r;cð Þ∈SRgtf g Xð Þ: ð1Þ

CNN is used to learn the function f in an end-to-end style.
The proposed S-CNN architecture is created by joining basic
computation blocks like convolution, max-pooling, and non-
linear transformation (e.g., ReLU [60]). These stacked opera-
tions are grouped into layers to compute network’s ith hidden
layer activation function h as follows:

h ið Þ ¼ pool ReLU w ið Þ*h i−1ð Þ þ b ið Þ
� �� �

; ð2Þ

where b(i) and w(i) are the bias vector and weight matrix of the
ith layer, respectively, and * is the convolution operator, and

h(i − 1) is either the input image x for i = 1 (i. e., h(0) = X) or (i −
1)th hidden layer activation for i > 1. The output of convolu-
tion and max-pooling layers is then flattened and passed
through fully connected layers. The output at kth fully con-
nected layer is computed as g(k) as follows:

g kð Þ ¼ ReLU w kð Þ:g k−1ð Þ þ b kð Þ
� �

; ð3Þ

where (.) indicates dot product and g(k − 1) represents either the
activation of k − 1th fully connected layer for k > 1 or h(i)in
case of k = 1. To regularize the network, dropout [31] is used
in the training process. The set of i hidden layers and k fully
connected layers are stacked together that represent the overall
network architecture. The activation layer (i.e., sigmoid) is
appended at the end of the network which gives output prob-
ability of each neuron between the range of 0 and 1:

f X ;w; bð Þ ¼ sigmoid g kð Þ… g 2ð Þ g 1ð Þ h ið Þ… h 2ð Þ h 1ð Þ Xð Þ
� �� �� �� �� �� �

;

ð4Þ

The final SR map is constructed by applying a threshold of
0.5 on the pixel-wise probabilities:

SR ¼ 0; if f Xð Þ < 0:5
1; otherwise:

�
ð5Þ

Figure 3 shows the proposed S-CNN architecture. In this
study, the dimensions r × c of output mask are set to 12 × 20,
which is discussed in the next section.

Fig. 2 Overview of the proposed
telementoring system using deep
learning
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Hybrid Lossless-Lossy HEVCApproach discusses the pro-
posed SR-based HEVC algorithm.

Hybrid Lossless-Lossy HEVC Approach

HEVC employs a block-based approach to code video se-
quences using motion prediction and 2-D transforms [5].
Figure 4 shows the main modules of HEVC which are inter-
and intra-prediction, scaling and transformation, quantization,
and Context-Adaptive Binary Arithmetic Coding (CABAC)
[62]. HEVC splits each video frame into variable sized blocks
called Coding Tree Units (CTUs). The CTU size ranges from
16 × 16 pixels to 64 × 64 pixels and consists of luma (Y) and
two chroma (Cb and Cr) coding tree blocks (CTB). Each CTU
is split into coding units (CUs) and each CU can be further

partitioned into prediction units (PUs) and transform units
(TUs). HEVC makes decisions to perform either inter- or
intra-prediction at the CU level. The first frame (I-frame) is
coded using intra-prediction. In intra-prediction, information
from different regions of the same frame is used for coding.
HEVC employs inter-prediction for coding subsequent P- and
B-frames after the initial I-frame. In inter-prediction, informa-
tion from both subsequent or previous frames can be used
for coding. P-frames are coded using forward prediction
only, whereas B-frames are coded using both the previous
and subsequent frames. After prediction is made, discrete
cosine transform (DCT) is used to transform the differ-
ence between predictions and the original blocks. The
transform coefficients are scaled, quantized, coded, and
transmitted along with prediction data.

Fig. 3 Proposed S-CNN
architecture

Fig. 4 Simplified HEVC block
diagram
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In the proposed methodology, SR-based quality control is
introduced where those CTUs that lie in the SR are coded in
high quality using low quantization parameter (QP) values,
whereas those CTUs that lie in the background region are coded
in low quality using high QP values. The QP value for each
CTU of a frame is chosen based on a QP map that is created
using the SR map as described below. Figure 4 highlights the
proposed modification in quantization control of HEVC.

The SR predicted by S-CNN model is used to generate the
QP map that gives a measure of distance between SR and
background regions. In this study, the size of SR map is chosen
based on the maximum CTU size used for encoding (which is
64 × 64 pixels) such that each pixel in the SR map corresponds
to a single CTU. For example, if input video of size 720 × 1280
pixels is divided into CTUs of 64 × 64 pixels, it will result in
240 CTUs and the size of the corresponding SR map will be
12 × 20 pixels. The distance between the SR and background
regions is computed based on the distance transform algorithm
proposed by Borgefors [63]. The QP values estimated using
these distances are scaled, and a threshold is applied so that
distances fall into valid QP range (i.e., 0–51). The scaling factor
is chosen such that there is a clear difference visible between SR
and background region with a smooth transition. In case SR is
not detected, the default QP value is used to generate the QP
map. Each value in the resulting QP map represents QP values
that will be assigned to corresponding CTUs in the video frame.
The QP map generation algorithm is described as follows:

1. Initialize binary SR map (bin _ SR) by applying thresh-
olds on the S-CNN predicted output.

2. Create a distance map (DM) for SR from the bin _ SR as
follows:

a. Initialize DM to 0 in SR region and to three times the
maximum value of QP in the background.

b. Compute the distance map in forward and backward
passes as follows:

i. Forward pass:

For each row (r) in DM, where r = 2, 3,… ,m − 1, andm is
the number of rows in bin _ SR

For each column c in DM, where c = 2, 3,… , n − 1, and n
is the number of columns in bin _ SR

DMr;c

¼ min DMr−1;c−l þ wd ;DMr−1;c þ wn;DMr−1;cþ1 þ wd ;DMr;c−1 þ wn;DMr;c
� �

ð6Þ
End for each
End for each

ii. Backward pass:

For each r, where r =m − 1, m − 2,… , 2
For each c, where c = n − 1, n − 2,… , 2

DMr;c

¼ min DMr;c;DMr;cþ1 þ wn;DMrþ1;c−1 þ wd;DMrþ1;c þ wn;DMrþ1;cþ1 þ wd
� �

ð7Þ

End for each
End for each
Wherewd andwn are diagonal- and 4-neighbor weights that

are used in the computation of distance at each pixel location.

Fig. 5 Results of the proposed
methodology on a sample surgical
video frame. a Sample input
frame. bBinary SRmap predicted
by the S-CNN, which has been
scaled-up from its actual size of
12 × 20 pixels. c QP map
generated using the distance
transform algorithm. d The result
of the proposed SR-based HEVC
scheme. The difference in
compression is most visible in the
areas outside the SR by
examining fine detail
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3. The distance map (DM) is scaled and then a threshold is
applied to create the final QP map:

QP map ¼ DMscaled; if DMscaled≤51
51; otherwise

�
ð8Þ

The generated QP _ map is used by HEVC that encodes
the surgical videos and produces the encoded bitstream.
Figure 5 shows the results of the proposed SR-based seg-
mentation and encoding algorithm. Figure 5b shows the
SR map predicted by the S-CNN model, and Fig. 5c
shows the QP map that is generated using the SR map.
Figure 5d shows the result of encoding the frame based on
the QP map where the base QP is chosen as 20. As it can
be observed, the location of the surgical procedure is vis-
ible in high quality, whereas the irrelevant background
region is blurry. The performance and results of the pro-
posed system are presented in the Results section.

Results

In order to evaluate the performance of the proposed method-
ology, the results are presented in terms of S-CNN training
accuracy, segmentation accuracy, and the performance of the
proposed SR-based HEVC scheme. Furthermore, the segmen-
tation accuracy of S-CNN is compared with mean shift
(MST)–based segmentation [25] and also with the state-of-
the-art image segmentation method referred to as SegNet
[41]. The results show that the S-CNN is more accurate as
compared with MST and it is comparable with SegNet while
being less computationally expensive.

S-CNN Training Accuracy

The detailed architecture of the proposed S-CNN model is
given in Table 1. The model is trained using the Adadelta
[64] optimizer with default parameters. The S-CNN model is
trained over 50 epochs with a batch size of 25 in Python using
Tensorflow [65] libraries. All experiments have been per-
formed on a system with 2.40 GHz Intel Core i5 CPU.

A total of nine surgical videos are used for training the S-
CNN, which are available online [66–74]. Each video has a
resolution of 720 × 1280. A total of 1015 frames from these
videos were randomly extracted where surgery was in prog-
ress, and the SR regions in these videos were manually anno-
tated for training the S-CNN model. The labeling and annota-
tion of the regions in videos are done using domain knowl-
edge and reviewed by the domain expert. In order to avoid
overfitting, data augmentation with parameters given in
Table 2 was applied to expand the dataset [35, 36]. Using
augmentation, a total of 45,675 frames were generated from
the 1015 frames. The augmented dataset was split randomly
into training and testing sets with a ratio of 4:1. The proposed
S-CNN and the utilized SegNet-based SR segmentation mod-
el are trained on the augmented training set, and their model
accuracy charts are shown in Fig. 6. For SegNet, the open
source Tensorflow implementation is used, which is available
online at https://github.com/tkuanlun350/Tensorflow-SegNet
[41]. The following subsection discusses the segmentation
accuracy of the proposed S-CNN model.

SR Segmentation Accuracy

The SR segmentation accuracy is measured in terms of
common segmentation evaluation metrics such as pixel
accuracy, mean accuracy, mean Intersection over Union

Table 2 Parameter values for
data augmentation Parameter Rotation

range
Width shift
range

Height shift
range

Shear
range

Zoom
range

Rescale Fill
mode

Value 180 0.25 0.25 0.2 0.25 1/255 Nearest

Table 1 S-CNN architecture

Layer Layer type Filter size No. of filters Input Output Activation

L1 Convolution 3 × 3 32 3 × 100 × 100 32 × 100 × 100 ReLU

L2 Convolution 3 × 3 32 32 × 100 × 100 32 × 98 × 98 ReLU

L3 Max-pooling 2 × 2 – 32 × 98 × 98 32 × 49 × 49 –

L4 Convolution 3 × 3 32 32 × 49 × 49 32 × 47 × 47 ReLU

L5 Convolution 3 × 3 32 32 × 47 × 47 32 × 45 × 45 ReLU

L6 Max-pooling 2 × 2 – 32 × 45 × 45 32 × 22 × 22 –

L7 Fully connected – – 15,488 512 ReLU + dropout

L8 Fully connected – – 512 240 Sigmoid
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(IoU), and frequency-weighted (f.w.) IoU [32]. Pixel ac-
curacy indicates the percent of pixels correctly classified
in segmentation. Mean accuracy is the average of pixel
accuracy for all classes. Mean Intersection over Union
indicates the percent of pixels that correctly overlap be-
tween the ground truth and the predicted output, whereas
frequency weighted Intersection over Union is a more
accurate measure of accuracy that takes into account the

size of classes. These metrics are computed using Eqs. (9–
12) [32] below, where nii is the number of pixels correctly
identified, ti is the total number of pixels in class i, ncl is
the total number of classes, nij is the number of pixels of
class i predicted to belong to class j, and nji is the number
of pixels incorrectly rejected for class i:

Pixel accuracy : ∑inii=∑iti ð9Þ

Fig. 7 The process of using the
MST algorithm to extract and
generate SR map. a Reference
input frame of surgery video [66].
bMST segmentation result on the
reference frame. c The extracted
surgical region from the
segmented frame. d The binary
SR map of MST-based SR
segmentation

Fig. 6 The model learning
curves. a S-CNNmodel accuracy.
b S-CNN model loss. c SegNet
model accuracy. d SegNet model
loss
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Mean accuracy : 1=nclð Þ∑inii=∑iti ð10Þ

Mean IoU : 1=nclð Þ∑inii= ti þ ∑inji−nii
� � ð11Þ

f :w:IoU : ∑k tkð Þ−1∑itinii= ti þ ∑inji−nii
� � ð12Þ

To show the effectiveness of the proposed S-CNN-
based segmentation, we have made comparisons with the
mean shift (MST) [25] and SegNet-based segmentation
methods [41]. For MST segmentation, the open-source
implementat ion available online at ht tps: / /ww2.
mathworks.cn/matlabcentral/fileexchange/52698-k-means-
mean-shift-and-normalized-cut-segmentation [75] is used.
The MST algorithm was used to segment the input video
frames, and the SR was selected by applying a threshold
on RGB components of the segmented frame. Figure 7
shows the process of generating SR map using MST seg-
mentation. Figure 7a shows the reference input frame of
Injury [66] video, and Fig. 7b shows its MST-based seg-
mentation result. Figure 7c shows SR map obtained by
applying a threshold on RGB component (i.e., red/blood

color) of the segmented frame, and Fig. 7d shows the
binary SR map created using MST-based segmentation.
Similarly, the SegNet-based segmentation process is
shown in Fig. 8. Figure 8a shows the reference input
frame of Injury video [66], and Fig. 8b shows SegNet-
based SR segmentation result. Figure 8c shows the binary
SR map created from the segmented image in Fig. 8b.

The segmentation accuracy results of the S-CNN-,
SegNet-, and MST-based segmentation are presented in
Table 3. It can be seen that the proposed S-CNN-based SR
segmentation achieved high pixel accuracy and mean IoU as
compared with MST-based segmentation and shows compa-
rable results with SegNet in all of the evaluated metrics.

The MST segmentation algorithm performs significantly
poorly as compared with S-CN- and SegNet-based segmenta-
tion because, in some scenarios, it fails to distinguish SR from
the skin or other regions such as surgeon’s gloves, surgical
instruments, and the background due to the similarity in color.
This problem with MST segmentation can be observed from
Fig. 9, which shows a comparison of binary SR maps gener-
ated using MST-, SegNet-, and S-CNN-based segmentation.

Table 3 Comparison of SR segmentation accuracy

Video Pixel accuracy (%) Mean accuracy (%) Mean IoU (%) f.w. IoU. (%)

MST SegNet S-
CNN

MST SegNet S-
CNN

MST SegNet S-
CNN

MST SegNet S-
CNN

Injury [66] 94.3 97.1 98.1 53.5 89.4 92.9 53.5 79.1 80.1 92.2 96.9 97.2

Cyst [67] 93.9 97.0 97.2 56.7 87.1 87.9 56.7 78.8 79.8 91.5 95.2 96.2

Nerve [68] 96.0 97.8 98.7 49.6 86.2 90.3 49.6 77.9 79.1 94.0 97.2 97.8

Suture [69] 95.3 98.2 97.1 51.4 92.5 92.0 51.4 79.1 78.2 92.2 98.0 97.1

BB [70] 94.6 97.8 98.5 54.1 90.3 91.2 54.1 80.9 81.3 93.9 98.0 98.2

Z-Plasty [71] 94.8 97.0 98.4 52.7 88.7 89.8 52.7 79.9 80.9 92.2 98.7 97.3

Flexor [72] 92.5 97.1 97.0 52.6 84.2 83.7 52.6 74.4 73.2 85.9 95.2 94.7

FDP [73] 87.7 96.1 98.7 51.7 88.2 90.0 51.7 77.3 78.4 82.7 96.2 97.9

NuGrip [74] 95.5 97.2 98.5 49.9 86.3 87.8 49.9 78.8 80.3 92.3 96.8 97.2

Overall 94.2 96.8 97.8 53.2 88.0 89.4 53.2 77.9 79.4 91.5 95.8 96.6

Fig. 8 The output of SegNet model to segment SR and generated binary SRmap. aReference input frame of surgery video [66]. b SegNet segmentation
result on the reference frame. c The binary SR map using SegNet
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Note that the shown binary SR maps are up-scaled for visibil-
ity from their original size of 12 × 20 pixels. Figure 9a shows a
reference frame from Injury [66] video, its corresponding bi-
nary SR maps are shown in Figs. 9b, c, and d generated using
MST, SegNet, and proposed S-CNN respectively. It can be
seen that the MST segmentation detects smaller SR that does
not completely capture the wound region as compared with
the S-CNN-based segmentation results. Figure 9e shows a
sample frame from Flexor [72] video where the MST fails at
detecting the SR, while SegNet and S-CNN accurately detect
the SR as shown in Fig. 9f, g, and h respectively.

Furthermore, the computational complexity of the S-CNN
is much lesser as compared with MST- and SegNet-based
segmentation methods. For MST, many iterations are required
for full convergence [76] of clusters for each frame of a video,
whereas the S-CNN performs segmentation in a single for-
ward pass through the trained network. The SegNet is com-
putationally expensive due to large numbers of convolution
layers and trainable parameters that result in long inference
times (26 convolution layers in the encoder and decoder ar-
chitecture of SegNet), whereas the proposed S-CNN network
consists of four convolution layers and a lesser number of
trainable parameters as it can be seen from complexity com-
parison presented in Table 4.

Since the segmentation results are similar for both SegNet- and
proposed S-CNN-based SR segmentation, SegNet is not used for
comparison of encoding performance in the next section.

SR-Based HEVC Performance

The HEVC software that is used to carry out the SR-based
video coding is the reference HEVC test model (HM 16)
(available at https://hevc.hhi.fraunhofer.de/trac/hevc/browser/
tags/HM-16.0). The HEVC performance is measured in terms
of bitrate savings and the video quality for both the proposed
SR-based encoding and the default full-frame encoding. The
Bjøntegaard model [77, 78] is one of the most commonly used
tools to measure the coding efficiency between two different
compression algorithms. Bjøntegaard Delta (BD) metrics are
typically measured as a difference in bit rate and video quality
(in terms of peak signal-to-noise ratio (PSNR)), which is com-
puted using the rate-distortion (R-D) curves. The R-D curve
given by a set of M bit rate values (BR1, BR2, … , BRM) with
corresponding PSNR measurements (DN1,DN2, … ,DNM) is
approximated as follows [77, 78]:

cDN brð Þ ¼ w br3 þ x br2 þ y brþ z ð13Þ

where D̂N is the fitted distortion in PSNR, br is the logarithm
of bit rate, i.e., br = log BR andw, x, y, and z are the parameters
of the fitting function. The video compression quality perfor-
mance is measured in terms of the average Bjøntegaard delta
peak signal-to-noise ratio (BD-PSNR), which is approximated
by the difference between the integrals of the fitted R-D curves
divided by the integration interval [77, 78]:

Table 4 Comparison of the
network complexities in terms of
total number of trainable
parameters

Network Input Output Convolutional layers Trainable parameters

S-CNN 3 × 100 × 100 1 × 12 × 20 4 (encoder) 8.08 million

SegNet [41] 3 × 64 × 64 1 × 64 × 64 26 (encoder + decoder) 29.5 million

Fig. 9 Comparison of binary SR map created using MST-, SegNet-, and
proposed S-CNN-based segmentation on surgical videos [66, 72]. a The
reference frame of Injury [66] video. b, c, and dGenerated binary SRmap

of the frame (a) by MST, SegNet, and proposed S-CNN respectively. e
The reference frame of Flexor [72] video. f, g, and hGenerated binary SR
map of the frame (e) byMST, SegNet, and proposed S-CNN respectively

J Digit Imaging (2019) 32:1027–1043 1037

https://hevc.hhi.fraunhofer.de/trac/hevc/browser/tags/HM-16.0
https://hevc.hhi.fraunhofer.de/trac/hevc/browser/tags/HM-16.0


BD−PSNR ¼ 1

brb−bra
∫
bra

brb cDN2 brð Þ−cDN1 brð Þ
h i

d br ð14Þ

where D̂N1 brð Þ and D̂N2 brð Þ are two fitted R-D curves, and
bra is minimum value and brb is the maximum value of inte-
gration bounds respectively. Similarly, to express the rate as a
function of the distortion, and to approximate the R-D values
[77, 78]:

bbr DNð Þ ¼ w DN3 þ x DN2 þ y DNþ z ð15Þ

The bit rate difference is measured using Bjontegaard delta
bit rate (BD-BR), which is the average bit rate difference be-
tween two R-D curves approximated as [77, 78]:

BD−BR ¼ 10
1

DNB−DNA
∫DNA

DNB bbr2 DNð Þ−bbr1 DNð Þ
h i

d DN
−1 ð16Þ

where b̂r1 DNð Þ and b̂r2 DNð Þ are the two fitted R-D curves,
and DNA is minimum value and DNB is the maximum value of
integration bounds respectively. In our scenario, the R-D
curves of default HEVC encoding and the proposed SR-

based HEVC encoding is compared and results are carried
out using discussed Bjontegaard delta metric [77, 78]. The
HEVC encoding parameters that are used to carry out the
comparisons are given in Table 5.

Table 6 presents comparison results between the proposed
SR-based HEVC and the default full-frame HEVC on Injury
[66] video. The QP values are divided into three quality
ranges, with an increment step size of 5: high (QPs 0 to 20),
medium (QPs 20 to 35), and low (QPs 35 to 51). It can be
observed from Table 6 that the proposed algorithm achieved a
significant BD-BR reduction of 88.8% in high-quality settings
while maintaining the PSNR in SRs of the default and the
proposed encoding. The PSNR comparison in Table 6 is only
made for the SR since the background region is unimportant
for telementoring applications, whereas the reduction in over-
all encoded file size is very important. The improvement in
BD-PSNR for SR came out to be 11.5 dB in comparison with
default HEVC encoding at high-quality setting. These results
are also shown graphically in Fig. 10, which shows that high
bitrate saving is achieved in a high-quality setting.

Figure 11 shows sample frames for comparison of output
video quality when the surgical video is encoded with both the
default HEVC and the proposed SR-based encoding at low-,
medium-, and high-quality settings. By varying the quality set-
tings, the effect of the SR and QP map-based encoding can be
observed. At medium- and high-quality settings, there is a clear
difference between SR and background regions. As the video
quality setting is increased, the region of high quality around the
SR expands, and it can be observed in Fig. 11a–d.

Table 7 presents video encoding results based on SR
extracted using the proposed S-CNN- and MST-based

Table 6 Comparison of BD-BR
and BD-PSNR between default
HEVC and proposed
methodology on video [66]

QP Default HM
bitrate (kb/s)

Proposed
methodology bitrate
(kb/s)

Average Δ
BD-BR (%)

Average PSNR in SR Average Δ BD-
PSNR (dB)

Default
HEVC

Proposed
method

High-quality setting

0 45,697.71 5372.79 64.07 64.12

5 28,201.38 2936.11 56.17 56.18

10 13,240.36 1502.49 − 88.76 52.83 52.84 11.49

15 6619.81 797.71 49.85 49.85

20 3088.86 430.88 47.18 47.16

Medium-quality setting

25 1446.76 246.91 44.31 44.30

30 669.91 145.85 − 77.86 41.55 41.49 6.97

35 325.71 89.83 38.57 38.42

Low-quality setting

40 166.18 60.72 35.45 35.31

45 83.67 45.81 − 41.72 32.34 32.22 2.77

51 38.70 38.70 29.02 29.02

Table 5 HEVC
parameters used for
experimentation

Parameters Values

Max CU size 64 × 64

Max CU partition depth 3

Number of frames 120

Frames per second 24
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segmentation on other surgical videos [66–74] mentioned
in Table 3. The results are compared based on overall
bitrate savings and the visual quality in SR measured in
terms of PSNR. For simplicity, a single base QP of 20 is
chosen to encode the surgical videos based on the analysis
presented in Table 6, which shows that using QPs in range
of 0–20 results in high bitrate savings without loss in
video quality in the SR. It can be seen from Table 7 that
although the MST-based SR coding scheme achieved high
bitrate savings (88.15 to 98.40%), the visual quality in SR
is badly affected (7.89 to 16.91 dB loss as compared with

average PSNR in SR using default full-frame encoding),
whereas the proposed S-CNN-based SR coding scheme
shows high quality in SR that is comparable with the
default HEVC encoding while achieving good bitrate sav-
ing (74.71% to 86.05%).

A pictorial comparison of HEVC encoded frames
based on SR extracted using S-CNN and MST segmenta-
tion is shown in Fig. 12. Figures 12a and b show refer-
ence frames of Nerve [68] video encoded using MST- and
S-CNN-based segmentation respectively. It is clearly vis-
ible in Fig. 12a that MST-based SR encoding resulted in

Fig. 11 Comparison of reference
frame quality in injury [66] video
at different QPs. a Encoded using
base QP of 0. b Encoded using
base QP of 20. c Encoded using
base QP of 30. d Encoded with
base QP of 45

Fig. 10 Comparison of bitrate
and PSNR at QP values between
the default HEVC and the
proposed SR-based encodings on
Injury [66] video
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poor visual quality in the surgery region, whereas
Fig. 12b shows that high visual quality is achieved in
SR using proposed S-CNN-based segmentat ion.
Similarly, Fig. 12c and d show encoded reference frames
of FDP [73] video using both schemes respectively. In
Fig. 12c, the SR extracted using MST-based coding
scheme is small that adversely affects visual quality,
whereas the proposed S-CNN-based encoding scheme
shows gradual quality distribution between SR and
background region as shown in Fig. 12d. These results
demonstrate that the proposed S-CNN-based SR
encoding scheme is very effective in reducing the re-
quired bandwidth resources while maintaining high vi-
sual quality in SR, thus enabling remote mentors to
effectively supervise surgical procedures in limited
bandwidth scenarios.

Conclusion

This paper introduced a surgical region–based quality selec-
tive HEVC method for efficiently transmitting surgical videos
over limited bandwidth networks. SR in the surgical video
was predicted using the proposed S-CNN. The SR map and
the source frame were given as input to the modified HEVC
algorithm that assigned low QP values to SR, whereas high
QP values were assigned to unimportant background regions.
The performance of the proposed S-CNN based SR segmen-
tation is compared with mean shift (MST)–based as well as
SegNet-based segmentation [41]. The proposed S-CNN mod-
el accurately segmented SRs in nine test surgical videos as
pixel accuracy of 97%, mean accuracy of 89%, mean IoU
accuracy of 79%, and f.w mean IoU of 96% were achieved.
Similarly, experimental results showed that on average, the

Table 7 Bitrate savings and
PSNR difference of proposed
algorithm for different videos
encoded at base QP of 20

Video Bitrate (kb/s) Bitrate savings (%) Average PSNR in SR

Default MST S-CNN MST S-CNN Default MST S-CNN

Injury [66] 3088.86 192.18 430.88 93.78 86.05 47.18 40.04 47.16

Cyst [67] 2875.16 136.39 574.33 95.26 80.02 45.13 34.15 45.09

Nerve [68] 2234.07 75.76 524.38 96.61 76.53 46.63 30.72 46.57

Suture [69] 5043.00 80.54 980.96 98.40 80.55 47.73 31.17 47.71

BB [70] 1614.94 191.39 277.10 88.15 82.84 44.90 33.91 44.79

Z-Plasty [71] 1776.08 176.79 446.53 90.05 74.86 45.74 37.85 45.69

Flexor [72] 2435.43 248.83 608.50 89.78 75.02 47.56 38.91 47.52

FDP [73] 2393.51 277.22 868.80 88.41 63.70 44.73 34.19 44.72

NuGrip [74] 2096.84 85.31 530.22 95.93 74.71 44.86 30.03 44.81

Fig. 12 The result of encoding
reference frames of video [68, 73]
using base QP of 20. a and c
Result of MST-based SR coding
on the reference frame of Nerve
[68] and FDP [73] videos
respectively. b and d Result of
proposed S-CNN-based SR
coding on the reference frame of
Nerve [68] and FDP [73] videos
respectively
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proposed SR-based algorithm demonstrated significant BD-
BR reduction of 88.8% at high-quality settings (QP in range
of 0–20) as compared with default full-frame HEVC
encoding. The BD-PSNR gain in SR at the same QP setting
came out to be 11.5 dB. To make a fair comparison of the
proposed scheme with other similar optimal bit allocation
scheme, we have used the mean shift segmentation algorithm
to extract SR and performed SR-based video coding using
HEVC. The MST-based SR coding scheme achieved high
bitrate savings (88.15 to 98.40%), the visual quality in SR is
badly affected (7.89 to 16.91 dB loss as compared with aver-
age SR-PSNR in default full-frame encoding), whereas the
proposed S-CNN-based SR coding scheme shows high qual-
ity in SR that is comparable with the default HEVC encoding
while achieving good bitrate saving (74.71 to 86.05%). Based
on these results, the proposed S-CNN-based SR encoding
scheme can be considered a highly efficient solution for lim-
ited bandwidth telementoring applications.
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