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Abstract
Purpose The minimally invasive surgery (MIS) has shown advantages when compared to traditional surgery. However, there 
are two major challenges in the MIS technique: the limited field of view (FOV) and the lack of depth perception provided 
by the standard monocular endoscope. Therefore, in this study, we proposed a New Endoscope for Panoramic-View with 
Focus-Area 3D-Vision (3DMISPE) in order to provide surgeons with a broad view field and 3D images in the surgical area 
for real-time display.
Method The proposed system consisted of two endoscopic cameras fixed to each other. Compared to our previous study, 
the proposed algorithm for the stitching videos was novel. This proposed stitching algorithm was based on the stereo vision 
synthesis theory. Thus, this new method can support 3D reconstruction and image stitching at the same time. Moreover, our 
approach employed the same functions on reconstructing 3D surface images by calculating the overlap region’s disparity 
and performing image stitching with the two-view images from both the cameras.
Results The experimental results demonstrated that the proposed method can combine two endoscope’s FOV into one wider 
FOV. In addition, the part in the overlap region could also be synthesized for a 3D display to provide more information about 
depth and distance, with an error of about 1 mm. In the proposed system, the performance could achieve a frame rate of up to 
11.3 fps on a single Intel i5-4590 CPU computer and 17.6 fps on a computer with an additional GTX1060 Nvidia GeForce 
GPU. Furthermore, the proposed stitching method in this study could be made 1.4 times after when compared to that in our 
previous report. Besides, our method also improved stitched image quality by significantly reducing the alignment errors or 
“ghosting” when compared to the SURF-based stitching method employed in our previous study.
Conclusion The proposed system can provide a more efficient way for the doctors with a broad area of view while still provid-
ing a 3D surface image in real-time applications. Our system give promises to improve existing limitations in laparoscopic 
surgery such as the limited FOV and the lack of depth perception.

Keywords Minimally invasive surgery (MIS) · Image stitching · 3D reconstruction · Real-time display

1 Introduction

Minimally invasive surgery (MIS) is gradually replacing 
traditional surgical methods because of its advantages such 
as causing less injury, preventing unsightly surgical scars, 
and resulting in faster recovery time. The difference between 
MIS and traditional surgery lies in their respective methods 
of observation and operation. Through the traditional meth-
ods, a doctor can look directly at the operating area, have 
a wide field of view (FOV) and viewing angles, and get 
tactile feedback during the operation. However, the incision 
through MIS is small enough for the instruments and endo-
scope to pass. Therefore, a doctor cannot look directly at the 
operating area and has to look at the image on the flat screen 
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transmitted from the endoscope. Being limited by the narrow 
view field of the endoscope makes it difficult for a doctor to 
see the full picture of the operation area. Furthermore, the 
display only provides 2D information, so it is also quite dif-
ficult to recognize the depth as well as the relative position 
of the organs from the surgical instruments. This increases 
surgical risks, making it challenging for less experienced 
doctors to perform a safe surgical operation.

Therefore, the two biggest challenges for MIS are nar-
row FOV and lack of depth information in the operating 
area. A number of commercially available stereo-endoscopic 
systems have been announced to provide surgeons with 3D 
images of the surgical area [1]. However, they are usually a 
concern in the hospitals because of their high cost.

Several studies have reported that image processing tech-
niques overcome the limitations of laparoscopic surgery. As 
for the problem of the lack of depth information, there are 
some prominent improvements reported in [2–6]. These 
studies focus on reconstructing 3D images recorded from 
endoscopes. However, the narrow view field of the endo-
scope was not considered in these studies due to the system 
of the real-time requirements.

As regards the problem of the narrow-angle FOV, the 
earlier studies relied on the movement of an endoscope 
to create a static panorama picture that fill the operation 
area [7–11]. However, the position and shape of the inter-
nal organs as well as instruments, especially for abdominal 
MIS, frequently change during the operations. Therefore, 
this approach is not suitable for practical applications. More-
over, in our previous study, we proposed an MIS panoramic 
endoscope (MISPE) in order to provide the doctors with 
broad areas of view [12–14]. For this, we used two endo-
scopic cameras and a feature-based image stitching algo-
rithm to create a panoramic dynamic image. However, this 
approach does not work well in MIS, which is often affected 
by smoke, vapor, viewpoints, and specular highlights. In 
this situation, the distribution of the features on the images 
would be ambiguous and the precision of the matching fea-
ture pairs would be degraded. Additionally, this approach 
requires expensive computation for extracting the features in 
an image; therefore, this feature-matching method is difficult 
to use in real-time applications.

Hence, in this study, we tried another approach to make 
a real-time system that can simultaneously reconstruct 3D 
images with the expanded FOV of an endoscope. We devel-
oped a new stitching method based on a method that origi-
nally calculated the disparity map. Our approach will make 
images stitching faster, more stable, and more accurate in 
MIS. In addition, this approach also provides additional 3D 
information that enables the physicians to be aware of the 
depth and distance of the operating environment.

The rest of the paper is organized as follows: Sect. 2 intro-
duces the previous works on the problems of image stitching 

and 3D reconstruction, and Sect. 3 describes our endoscope 
system and the proposed algorithm. Furthermore, Sect. 4 
describes and discusses the experimental results, while 
Sect. 5 provides the conclusions along with directions for 
future research.

2  Previous Works

Several studies in the literature focus on solving the issues 
of a narrow FOV and the lack of depth perception, which 
persist in traditional MIS, separately. In this study, however, 
we tried to solve the two issues by one method. The separate 
technologies for stitching and 3D reconstruction have been 
reviewed below.

2.1  Image Stitching

In image processing, there is a method that allows multiple 
overlapping images to be merged into a single wide-field 
image, namely image stitching or image mosaicing. Compre-
hensive research can be found in [15]. This technique is also 
used in medicine such as slit lamp image mosaicing [7, 16, 
17]. For instance, Cattin et al. [16] describe an approach for 
mosaic retina images based on Speeded-Up Robust Features 
(SURF) [18]. Moreover, Zanet et al. [7] proposed a method 
to improve slit lamp acquisitions by creating global mosaics 
of the retina when poor quality video frames were presented.

In MIS image engineering, there have been some stud-
ies to improve the calculation. For example, Behrens et al. 
[19] proposed a multithreaded image-mosaicing algorithm 
to perform the mosaicing of bladder images in real-time, 
while Yang et al. [20] proposed an approach based on scene-
adaptive features for the mosaicing of placental vascula-
ture images obtained during computer-assisted fetoscopic 
procedures.

Most of these studies adopted the features-based image 
registration to perform sequence-image mosaicing. The 
robustness of these methods depends on the availability of 
stable features. For instance, Hu et al. [21] proposed a robust 
technique for image registration by the Homographic Patch 
Feature Transform that they can detect features in gastro-
scopic image sequences with good robustness, precision, 
and uniformity.

Besides, there are also other approaches to implement 
image mosaicing. For example, Liu et al. [8] utilized a track-
ing device according to the images from a single-camera 
gastroscope with a dual-cubic projection method in order 
to simultaneously create both local and panoramic views. 
In [11], an image mosaicing scheme based on Simultane-
ous Localization and Mapping (SLAM) has been proposed 
for dynamic view expansion. Ali et al. [22] also proposed 



206 D. T. Kim et al.

1 3

a novel data term for motion estimation for robust bladder 
image mosaicing.

However, in all the studies described above, a panoramic 
image created by the movement of a monocular camera 
cannot easily reflect the tissue deformations or instrument 
motion outside of FOV. Therefore, this approach is difficult 
to apply in practical laparoscopic surgeries.

2.1.1  3D Reconstruction

In order to realize the depth information of the image, the 3D 
reconstruction technique was introduced. The essence of this 
technique is to map the available 2D image coordinates onto 
3D world coordinates. In man-made environments, the 3D 
reconstruction using stereo images is a common approach 
for general problems [23, 24].

In the context of MIS, there are two approaches for this 
technique [25]. The first approach, used in traditional lapa-
roscopy, is based on moving a monocular endoscope in order 
to reconstruct the 3D surface of the surgical area. Three 
methods are commonly used to obtain depth information: 
Structure from Motion (SfM) [3, 26], SLAM [27, 28], and 
Shape from Shading (SfS) [29]. However, a disadvantage 
for both SfM and SLAM is that the camera needs to move 
constantly in order to obtain 3D information. Moreover, the 
SfS method has the additional disadvantage that it is very 
sensitive to specular highlights; therefore, it is difficult to 
obtain accurate depth information.

The second approach is Robot-Assisted Surgery, which 
is based on the stereo endoscopes for getting the depth 
perception of the surgeon. The principle of this approach 
is matching pixels between the left and the right image in 
order to calculate the depth information through triangula-
tion. Several studies are based on this approach in MIS. For 
example, Stoyanov et al. [30] presented a real-time stereo 
reconstruction in robotically assisted MIS. Bernhardt et al. 
[31] proposed a powerful approach for the dense matching 
between the two stereoscopic camera views so as to make 
a dense 3D reconstruction. Furthermore, a real-time dense 
GPU-enhanced surface reconstruction from stereo endo-
scopic images for intraoperative registration was also pro-
posed in [32].

However, the 3D surface reconstruction of surgical 
endoscopic images is still an issue owing to certain chal-
lenges such as the abundance of texture-less areas, occlu-
sions introduced by the surgical tools, specular highlights, 
smoke, and blood produced during the interventions [33]. 
Hence, few recent studies have focused on making the sur-
face reconstruction more reliable, exact, and robust. For 
example, Penza et al. [4] introduced a novel method to 
enhance the dense surface reconstruction through disparity 
refinement that is based on simple linear iterative clustering 
(SLIC) super-pixels algorithm. Furthermore, Wang et al. [6] 

proposed some advanced techniques aimed at reconstructing 
the 3D liver surface based on the stereo vision technique.

Besides, the use of stereo endoscopes is still not a com-
mon practice in traditional MIS, as thus far, their use is lim-
ited to robotic systems such as the da Vinci surgical system.

3  Materials and Methods

3.1  The Proposed Endoscope System (3DMISPE)

As is shown in Fig. 1, our device consisted of two cameras, 
a push-button, and a mechanical tube. The two cameras used 
here were the 2.0MP USB endoscope cameras, the specifica-
tions of which are shown in Table 1. The mechanical tube 
had a diameter of 13 mm. Figure 1a shows the primary state 
of our device, where the push-button had not been pushed 
down yet and the width of the gap between the two cam-
eras was about 2 mm. In this state, our endoscope could be 
inserted into the patient’s abdomen through a small hole 
about 15 mm in diameter. Figure 1b shows the working state 
of our device, where the push-button was pushed down and 
the distance between the two cameras was 15 mm. In the 
working state of our device, the two cameras were placed in 
parallel each other, and the geometric arrangement between 
them was as shown in Fig. 1c.

Our system consisted of two lenses connecting to a PC 
via two USB ports. Since our system was equipped with two 
lenses, it was convenient to reconstruct a 3D image as well 
as to expand the FOV of the endoscope. As shown in Fig. 2a, 
our system included two endoscopic cameras for capturing 
the input images of the surgical area. Then, the proposed 
algorithm performed image processing to simultaneously 
create the 3D image and stitched images.

3.2  Proposed Algorithm

The proposed algorithm consisted of four steps, as described 
in Fig. 2b. These input images were rectified to calcu-
late the disparity. Then, the dense 3D reconstruction and 
image stitching process were performed from the rectified 
images and the disparity information. The processes will be 
described in detail in the subsections below.

3.2.1  Image Rectification

The two basic purposes of this step are as follows: the first 
was image correction, which was owing to the distortion of 
the lens. The second was the alignment of the two cameras 
into one viewing plane, which was so that the pixel rows 
between the cameras were exactly aligned with each other.

To achieve these objectives, we selected Bouguet’s algo-
rithm [34], which was available in the OpenCV with an 
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assumption that the camera model was a pinhole model. 
First, we calibrated to obtain intrinsic and extrinsic param-
eters for each camera. In this study, we adopted Zhang’s 
method [35] for calibration. In order to obtain the precise 
calibration, we concurrently captured 20 images of a 14 × 11 
chessboard, where the size of each square is 1.5 × 1.5 mm, 

and placed it at a distance of 3 cm to 15 cm and differ-
ent angles. Then, we employed Bouguet’s algorithm with 
the attempt to minimize the changes of reprojection while 
maximizing the common viewing area. As a result, the dis-
torted and misaligned input images could be transformed 
into undistorted and rectified images and could make the 
corresponding pixels lie on the same horizontal line, i.e., 
the epipolar line.

3.2.2  Disparity Map

After the rectification process, the stereo correspondence, 
also known as stereo matching, was calculated. In this study, 
we selected the block matching (BM) algorithm, which was 
available in the OpenCV as the StereoBM module. This was 
because this algorithm is a fast and effective as well as simi-
lar to the one developed by Konolige [36]. It works by using 

Fig. 1  The proposed endoscope system (3DMISPE) consisted of two cameras, a mechanical tube, and a push-button. The figure depicts a the 
primary state of the device, b the working state of the device, and c the geometric arrangement between the two cameras

Table 1  Technical specifications of the endoscopic cameras

USB endoscope camera, Shenzhen HuaSunTek Technology Inc.

Camera diameter 5.5 mm
Resolutions 640 × 480, 1280 × 720 pixels at 

30 fps
View angle 70°
Camera 2.0 Mp
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a small “sum of absolute difference” (SAD) window to find 
the matching points between the left and right images. The 
disparity was calculated as the actual horizontal pixel differ-
ence. Here, the difference in the position of a point between 
the left and right images is called the disparity. This dispar-
ity map depicted all of the apparent differences in a pixel 
between the image pair.

However, the disparity map is computed by StereoBM, 
which usually contains invalid values (holes) is usually 
concentrated in uniform texture-less areas, half-occlusions, 
and regions near depth discontinuities. Therefore, we used 
the edge-aware filters as a post-filtering process in order to 
improve the quality of the disparity maps. This approach 
allows the aligning of the disparity map edges with those of 
the source image so as to propagate the disparity values from 
high- to low-confidence regions such as half-occlusions. The 

two filters used in this study were: the Fast Global Smooth-
ing [37] and the Fast Bilateral Solver [38], both of which 
were integrated into OpenCV as the DisparityWLSFilter 
(WLS) and FastBilateralSolverFilter (FBS) classes, respec-
tively. These filters can enable a post-filtering process under 
the constraints of real-time computation by a CPU, where no 
additional GPU is needed.

The details regarding the implementation are depicted 
in Fig. 3. First, we computed two raw disparity maps 
using the StereoBM method. The first disparity map was 
obtained by taking the left image as the reference image 
(i.e., the left disparity map) and the second disparity map 
with the right image as the reference (i.e., the right dis-
parity map). Then, we used the WLS in order to get a con-
fidence map and refine the disparity map in half-occlu-
sions and uniform areas (i.e., the WLS disparity map). 

Fig. 2  The schematic diagram of our endoscope system and the pro-
posed algorithm. a The schematic diagram of our endoscope system. 
The two images at the left side indicate the input images obtained 
from the two lenses. Through the USB ports on the PC in the center, 
two outputs can be derived by our algorithm. The two images at right 

side indicate a window displaying a 3D image and another window 
showing an extended 2D view around the same area. b The proposed 
algorithm for rendering stitched image and 3D image. There are four 
steps: (1) Image rectification, (2) Disparity calculation, (3) 3D recon-
struction and (4) Image stitching
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Finally, we used the FBS with the confidence map and 
the ROI image, which served as a guide for filtering the 
WLS disparity map (i.e., the WLS–FBS disparity map).

3.2.2.1 3D Reconstruction Based on the camera’s geom-
etry, the disparity value (d) can be converted into depth 
value (Z) by the following formula [34]:

Here, f is the focal length of the camera, and T is the 
baseline distance between the cameras.

In addition, the position of a point P in 3D-space can 
also be estimated by its coordinates in the left image and 
the disparity values (d) and calibrated camera parameters 
[34].

Here, x and y as well as  cx and  cy are the correspond-
ing pixel’s coordinates of the point P and the principal 
point in the left image, respectively. Moreover,  cx is the 
x-coordinate of the principal point in the right image, 
while  Tx is the baseline length. The three-dimensional 
coordinates of the point P in the left camera coordinate 
system are X/W, Y/W, and Z/W.

Therefore, a 3D surface of the overlap region can be 
obtained from the original images and the disparity infor-
mation. In order to visualize the 3D surface, we used the 
Viz-module in OpenCV for depicting the possible shape.

(1)Z = T × f∕d
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3.2.3  Image Stitching

To expand the endoscope’s FOV, we used the image stitch-
ing algorithm (or mosaicing) in order to combine two over-
lapped images into a larger picture. In this process, the image 
stitching algorithm consisted of two steps: image registration 
and image compositing [13].

The image registration consisted of matching the points 
in two overlap images in order to evaluate a homography 
matrix, which is a new registration method that is based 
on the stereo matching algorithm. We used two rectified-
images instead of two input images for the stitching task. 
Furthermore, we came to the understanding that using all 
the matching pixels in the overlap region in order to evaluate 
the homography matrix was unnecessary and would have 
affected the computational speed.

Therefore, we defined a region of interest (ROI) as a 
region in the overlap of the left rectified-image where the 
pixel disparity was calculated, as shown in Fig. 4. Then, 
we divided this ROI by m × n grids. From the calculated 
results of the disparity, each peak of the grid (P) could find 
the matching point (Q) on the right rectified-image in the 
follows:

In this way, we have a set of (m × n) correspondence 
point pairs of the two overlapped rectified-images. Moreo-
ver, because the homography matrix is a (3 × 3) matrix with 
8 degrees of freedom (DoF), one needs at least four cor-
respondence point pairs to determine the matrix. Hence, 

(3)
(
xQ, yQ

)
=
(
xP − disparity(P), yP

)

Fig. 3  Disparity map calculation algorithm includes three steps: (1) Compute two raw disparity map by StereoBM (BM), (2) Use WLS to get 
WLS disparity map and confidence map and (3) Use FBS to get WLS–FBS disparity map
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(m × n) was selected to ensure that the number of corre-
spondence point pairs was not less than 4. In this study, the 
(m × n) we chose was (13 × 16). As there were still some mis-
matched pairs due to invalid disparity values, we employed 
the Random Sample Consensus (RANSAC) algorithm [39] 
so as to remove the mismatch corresponding pairs. Then, the 
homography matrix was estimated based on the remaining 
set of corresponding pairs. As Fig. 4 shows, this approach 
ensured that a large number of matching pairs were evenly 
distributed in the ROI, making the stitching results more 
accurate and stable.

After completing the image registration, the image-com-
positing stage yielded wide-angle images. For this step, 
we did things as described in our previous study [13]. This 
means that we still used the graph-cut technique algorithm 
[40] to find an optimal seam for eliminating the appearance 
of “artifacts” or “ghosting”. Then, the multiband blending 
method [41] was adopted to effectively smoothen out the 
stitching results.

4  Results and Discussion

The experiments were performed using an Intel i5-4590 
CPU @ 3.40 GHz with 16 GB of RAM and a GTX1060 
Nvidia GPU on an Ubuntu 16.04 system. Furthermore, the 
program was implemented in C ++ codes with OpenCV 
4.1.1 and CUDA 10.0. The performance of this system could 
be accelerated by simultaneously including CPU and GPU 
operations.

In the following sections, the experimental results as well 
as the evaluation of the disparity and 3D reconstruction will 

be presented. Subsequently, the evaluation of the effective-
ness of the proposed stitching algorithm as compared to the 
feature-based stitching algorithm will be presented. Finally, 
the remaining limitations of this study will be discussed.

4.1  Experimental Results

To confirm the functions of our proposed system, we per-
formed experiments for the in vivo animal and the phantom 
model trials.

For the experiments on the phantom model, we pushed 
the push-button downward in order to bring our endoscope 
to the working state. Then, our algorithm processed the 
images captured from the two cameras in order to create 
wide-range pictures and 3D images of the model frame by 
frame. Figure 5 demonstrates the two input images (a) with 
an overlap area (yellow), the proposed algorithm, which can 
generate (b) a 3D image, and (c) a stitched image.

Animal experiments were carried out in the IRCAD MIS 
research center of the Show Chwan Memorial Hospital, 
Taiwan. First, we made a small incision of about 1.5 cm 
so that in the primary state of the device, we could put our 
endoscope into the pig’s abdomen. Next, we pushed the 
push-button downward in order to bring our device to the 
working state. At this state, our endoscope simultaneously 
captured the images inside the pig’s abdomen. Finally, the 
proposed algorithm allowed for simultaneously creating 3D 
pictures and stitched images. Figure 6 shows an example of 
the in vivo animal experiment featuring (a) two input images 
with an overlap area (yellow), (b) 3D image of the overlap 
area, and (c) a stitched image.

Fig. 4  Determine the matching point pairs based on its disparity value. ROI region (dark yellow) is the region used to compute disparity. Divide 
ROI by a 13 × 16 grid and each grid’s peak (P) are used to find its matching point (Q) on the right rectified image
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Hence, these results confirmed that the proposed method 
can combine two images into one broader image and also 
reconstruct the 3D image of the overlap region. Moreover, 
we recorded the input videos for these two experiments. The 
detailed evaluations for both video datasets shown in Fig. 5 
(sample-1) and Fig. 6 (sample-2) will be described in the 
sections below.

4.2  Evaluation of the Disparity Map and 3D 
Reconstruction

4.2.1  Qualitative Evaluation

In this study, we primarily focused on proposing a system 
that could simultaneously create a 3D image and a stitched 
image during MIS in real time. Hence, to ensure real-time 
requirements, we selected the stereoBM method to compute 
the disparity map. Then, the disparity map was filtered using 
WLS and FBS, which were integrated and optimized in 

OpenCV as the disparity map post-filtering module. Unfor-
tunately, the surgical video datasets, along with ground-truth 
information, were not available for evaluation. Therefore, we 
provided qualitative evaluations and compared the results of 
StereoBM with those of StereoBM after post-processing.

The main parameters for the OpenCV functions were 
used in the evaluation in the manner described in Table 2 
below. In our program, these parameters could be adjusted 
on the control panel in order to get the disparity of the best 
quality. The disparity search range parameter (numDispari-
ties) that was selected depended on the overlap width of 
the two cameras, while the remaining sub-parameters were 
selected by default.

The qualitative evaluation results of the disparity map and 
3D reconstruction for both datasets have been presented in 
Figs. 7 and 8. It can be seen that the disparity map calculated 
by StereoBM had a lot of invalid values (holes), as repre-
sented by Figs. 7b and 8b. Although the WLS filled these 
invalid values, the WLS disparity map’s depth discontinued 

Fig. 5  Results in the phantom model experiment (sample 1): a two input images with an overlapped area (yellow), b 3D image and c Stitched 
image



212 D. T. Kim et al.

1 3

due to the risk of having the disparity of certain areas con-
taminated by the neighboring ones. Moreover, Figs. 7c and 
8c show color discontinuities in the disparity image. Finally, 
the FBS improved this result through the confidence map 
and made the disparity map much smoother and more con-
tinuous, as shown in Figs. 7d and 8d. 

Then, the 3D reconstruction (point cloud) of each dispar-
ity map was created using the triangulation technique. Thus, 

the point cloud, as shown in Figs. 7, 8e–g, was significantly 
improved and seems to provide a realistic 3D picture of the 
real scene by the proposed method.

4.2.2  Evaluation of Distance Measurement

To confirm the reliability of the reconstructed 3D image, 
we conducted the evaluation of distance measurement on 
the phantom model.

According to Eq. (2), we determined the Euclidean dis-
tance from the central point A to 8 locations around it (B, 
C, D, E, F, G, H, I) and compared these values with the 
actual measuring distances. Figure 9a shows the estimated 
distance in mm (yellow) and the actual distance (green) 
at each side of AC, AD, AE, AF, AG, AH, AI, and AK. 
It can be observed that these results are quite close to the 
actual value with an error that is within 1 (mm), which 
indicates that our method reconstructed the 3D surface of 

Fig. 6  Results in the in vivo animal experiment (sample 2): a two input images with an overlapped area (yellow), b 3D image and c Stitched 
image

Table 2  The parameters used in the evaluation

Parameters Function Value

BlockSize StereoBM 9 × 9
Lambda WLS 8000
SigmaColor WLS 1.5
Sigma_spatial FBS 8
Sigma_luma FBS 8
Sigma_chroma FBS 8
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the phantom model quite accurately, and our system can 
also serve as a 3D measurement tool during MIS.

Afterward, we calculated the depth of point A accord-
ing to Eq. (1). We moved the camera baseline at various 
distances to the model point. Figure 9b shows the esti-
mated depth in comparison with the actual depth. These 
results demonstrate that both the curves of the depths 
were almost the same and in the range between 3 and 
18 cm. These results are consistent with that of MIS, 
where the camera’s position to the operating area was 
quite close.

4.3  Evaluation of the Stitching Result

To evaluate the effectiveness of the proposed algorithm, 
we performed video stitching for both of our datasets. 
Moreover, we compared our method with the SURF-based 
stitching method employed in our previous study [13].

4.3.1  Qualitative Comparison

In order to perform the qualitative comparison for both the 
methods, we avoided the seam cutting because it would have 
removed “ghosting” in the results. Figure 10 shows that the 
result achieved by SURF appear more “ghostly” in the area 
highlighted yellow, while our method significantly reduced 
the errors. In Fig. 11, the SURF method appeared “ghosting” 
in the area highlighted yellow, while our approach seems to 
have aligned correctly.

These results were present because the image registration 
of the two methods was different. The SURF method relies 
on “sparse” feature pairs to evaluate a homography matrix. 
The homography matrix is used to transform the position of 
the feature points on the right image to the location of the 
corresponding features on the left image with the smallest re-
projection error. Additionally, the scene in MIS is not a plane 
and in the near focus. Therefore, when the matched feature 
pairs have failed or are unevenly distributed, it may lead to 

Fig. 7  Evaluation of the disparity map and 3D reconstruction on sam-
ple-1. The first row shows: a ROI image, b raw disparity map, c WLS 
disparity map and d WLS–FBS disparity map. The second row rep-

resents the corresponding 3D images: e point cloud of raw disparity 
map, f point cloud of WLS disparity map and g point-cloud of FBS–
WLS disparity map
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Fig. 8  Evaluation of the disparity map and 3D reconstruction on sam-
ple-2. The first row shows: a ROI image, b raw disparity map, c WLS 
disparity map and d WLS-FBS disparity map. The second row rep-

resents the corresponding 3D images: e point cloud of raw disparity 
map, f point cloud of WLS disparity map and g point-cloud of FBS–
WLS disparity map

Fig. 9  Evaluation of distance measurement on sample-1. a Compari-
sion of the estimated distance with the actual distance. Each side of 
AC, AD, AE, AF, AG, AH and AK represents the estimated distance 

(yellow) and the actual distance (green); b comparision of the esti-
mated depth with the actual depth in the phantom model experiment
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significant alignment errors in regions where no feature pair 
is detected. As a result, the stitched images by SURF can be 
distorted or deformed. Otherwise, our method used a large 
number of matching pairs that were evenly distributed in the 
overlap region so as to align. Therefore, our approach reduced 
the alignment errors, and the stitched images by our method 
were as “natural” as the ground truth.

4.3.2  Quantitative Comparison

To determine the alignment accuracy of both the methods, we 
computed the pixel difference between the two warped images 
in the overlap area. The alignment error of the stitched image 
was defined as the average intensity difference of the pixels in 
the same position within the overlap area of the two warped 
images. We assume that (f) and (g) were the two images after 
the warping transformation.

(4)alignment error =

∑
overlap �f(x, y) − g(x, y)�
∑

pixels in overlap

Here, f(x,y) and g(x,y) are the grayscale pixel values for 
a point at coordinate (x, y) in the overlap area of the two 
images (f) and (g).

The alignment error of the stitched video is determined 
as the average value of the alignment error of the stitched 
frames. Table 3 shows the alignment error for both the video 
datasets. The alignment error for the proposed method was 
smaller than those for SURF.

4.3.3  Run Time Comparison

We evaluated the computational time for both the methods. 
The video stitching time is the average of the image stitching 
time of all the frame pairs from the two input videos.

In order to make comparisons, we implemented the video 
stitching for two rectified videos at a medium resolution of 
640 × 480. The program was executed in two hardware sys-
tems, one for the evaluation using the CPU only and the 
other using the same CPU in combination with an additional 
GPU (CPU + GPU).

Fig. 10  Qualitative comparison on sample-1. a Input images, b stitched image by SURF method and c stitched image by our method. Yellow 
circle highlight errors
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Table 4 shows the stitching time for both the stitching 
method as well as the processing time for the entire sys-
tem using the two datasets. On average, the SURF method 
took 123.5 ms on CPU and 72 ms on CPU + GPU, while the 

proposed stitching method took 85 ms on CPU and 52.5 ms 
on CPU + GPU.

Therefore, our method was 1.45 times faster than the 
SURF method on the computer where only a CPU was used 
and 1.38 times faster on a computer where a CPU was used 
in combination with an additional GPU.

Thus, these results of the evaluation have proven that the 
proposed method would improve both the quality and speed 
of the video stitching process when compared to the SURF-
based approach.

Furthermore, the rectification process was performed 
offline, and the execution time for reconstructing the 3D 
images after the disparity calculation was quite short. These 
processes would not degrade significantly on the entire per-
formance of our system. Hence, the performance of the 
whole system execution was considerably high for the prac-
tical MIS situations. The results at the last row in Table 4 
shows that, on average, our system took 88 ms on CPU and 
56.5 ms on CPU + GPU, which indicates that the frame rates 
of the entire system was about 11.3 fps for a PC where only 
a CPU was used and 17.6 fps for a PC where the same CPU 
was used in combination with an additional GPU.

Fig. 11  Qualitative comparison on sample-2. a Input images, b stitched image by SURF method and c stitched image by our method. Yellow 
circle highlight errors

Table 3  Alignment error of SURF and the proposed method on the 
same dataset

Alignment error Sample 1 Sample 2

SURF [13] 6.31 7.26
Ours 5.16 5.45

Table 4  The computational time of SURF, the proposed method, and 
the whole system

Time (ms) Sample 1 Sample 2

CPU CPU + GPU CPU CPU + GPU

SURF stitching method [13] 125 74 122 70
Proposed stitching method 87 53 83 52
Our system 90 57 86 56
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4.4  Discussion

This study presented the proposed endoscope system with 
the results described in the section above. These results 
confirm that our system promises to improve the existing 
limitations in contemporary laparoscopic surgery such as 
the limited FOV and the lack of depth perception.

However, this study has certain limitations of its own, 
which are as follows: first, both the sizes of the 3D image 
and the stitched image depend on the overlap’s percentage 
of the two cameras. For example, as the two cameras move 
closer to the operating area, the overlap’s rate becomes 
smaller. In this case, our system will increase the camera’s 
FOV with a higher expansion rate, while the 3D image of 
the overlap area will show less information. Although this 
is a limitation, when the camera is close to the operating 
area, the expansion of the camera’s FOV is more necessary. 
Furthermore, in cases where the distance from the cameras 
to the operating area is less than 2 cm, there may not be an 
overlap between the two cameras. Therefore, the proposed 

algorithm cannot be implemented. Figure 12 shows an exam-
ple of our endoscope, which was placed near the surgical 
area with a distance of 2 cm. Moreover, as Fig. 12a shows, 
the overlap percentage was about 12%. In such a case, our 
method can expand the FOV of the input image by 188%, 
while the SURF method cannot be completed because 
through it no matching feature pairs are correctly detected.

Second, the accuracy of the output results depends on 
the quality of the disparity map. Furthermore, the accuracy 
of the disparity calculation depends not only on the stereo 
matching algorithm used but also on the accuracy of the 
rectification process. In our experiments, the rectification 
process performed well when the distance from our endo-
scope to the operating area was within 3–15 cm. This dis-
tance range is suitable during MIS because cameras cannot 
be placed too close or too far from the surgical area. For the 
stereo matching algorithm, we only used the stereoBM algo-
rithm in combination with recent edge-aware filters avail-
able in OpenCV for calculating the disparity owing to the 
system’s real-time requirement. Besides, a new proposal to 

Fig. 12  Our endoscope is located about 2 (cm) from the surgical area. a Two input images with an overlapped area (yellow), b 3D image of the 
overlapped area shows less information, while c the stitched image can expands the FOV of input images by up to 188%
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improve the quality of disparity maps and comparisons with 
state of the art need to be investigated in the future.

5  Conclusion

In this study, we proposed a New Endoscope for Pano-
ramic-View with Focus-Area 3D-Vision (3DMISPE) to 
provide the surgeons with broad areas of view and the 3D 
surface image of the surgical field while ensuring real-time 
execution. The experimental results showed that 3DMISPE 
could combine two camera’s FOV into one larger FOV. 
Moreover, the overlap area of the two cameras was also 
displayed in the 3D space with sufficiently good quality. 
Moreover, our system could also be a 3D measurement 
tool for endoscopic surgery. When the distance from the 
camera to the operating area was about 3 cm to 18 cm, the 
proposed system produced a distance measurement result 
with an error of about 1 mm. Furthermore, our system’s 
frame rate for two endoscopic cameras at a resolution of 
640 × 480 was determined to be 17.6 fps, which was good 
enough for practical uses for the MIS.

We have proposed a novel algorithm for the stitch-
ing video. The proposed stitching algorithm was based 
on the stereo vision theory and, thus, also supports 3D 
reconstruction. The experimental results obtained showed 
that our method could accelerate 1.4 times faster than the 
SURF-based stitching method. Furthermore, our approach 
also improved the stitched image quality by reducing 
alignment errors or “ghosting” when compared with the 
SURF method.

In the future, we plan to further improve the perfor-
mance of our system in terms of both quality and speed. 
Further, we intend to develop an object-tracking module 
that is based on deep learning so as to perfect the current 
system.
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