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Abstract. The main challenge of creating large interactive displays in the
operating rooms (ORs) is in the definition of ways that are efficient and easy to
learn for the physician. Apart from traditional input methods such as mouse and
keyboard, we have developed a multimodal system with two different vision
based human-computer interaction (HCI) systems that can simplify the way
surgeons interact with the medical images shown on the LCD display. The
purpose of this work is to construct a gesture recognition system with a fast,
accurate, and easily attainable method. The first system is a laser pointer
interaction framework that supports a 2D stroke gesture interface. The recorded
laser gestures are recognized using two different algorithms: dynamic time
warping (DTW) and one dollar (1$) recognizer. Our experimental results
showed that the DTW algorithm performs better with an overall accuracy of
90 %. The second prototype presents an intuitive HCI to manipulate images
using freehand gestures. In order to strengthen the gesture recognition process,
the system incorporates contextual information to determine the intent of the
user of interacting with the large display. Two cameras are used to observe the
surgeon’s hand movements to continuously determine and monitor what the
surgeon intends to perform. Experimental results showed that the system
accuracy is 95 % for recognition with the effect of contextual integration.
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1 Introduction

Recently, the touchless technique has received considerable attention as one of the
promising methods due to its ability to provide a natural interaction between human
and computer. Interaction is said to be touchless if there is no contact between the user
and any part of the system. For example, the interaction with a Nintendo Wii through
its wireless controller is not touchless. Voice based technique, eye gaze, and hand
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gestures are just a few examples of touchless interactions [1, 2]. There have been
several works on touchless interaction that cover different fields, for instance, the
medical applications [3].

In the operating room (OR), doctors should minimize the action of touching the
surrounding area because of sterilized operation theater. In such situation, the surgeon
usually asks another staff member to help him to interact with the display (e.g. zoom
in/out images). This way of interaction might lead to some latency and inaccurate
decisions between doctor’s decisions and actions to be performed by the other member.
Thus, several interfaces aiding direct control for the physicians have been developed.
Some of these systems depend on voice control devices. However, their use may be
associated with obstacles related to misinterpretation of commands, and if there is noise
in the room, the error will increase [4]. In other systems, freehand gestures are utilized.
The Opect system introduced intangible interface depends on the Kinect device [5].
Although the Opect has a high degree of accuracy, our system is characterized by a low
price compared to the Kinect device.

Hepatic angiography is a study of an X-ray of the blood vessels that supply the
liver. The procedure uses a thin and flexible catheter that is placed into a blood vessel
through a small cut. A trained doctor called an Interventional radiologist usually per-
forms the procedure. In this paper, we present two approaches that will help surgeons
in the operating room to interactively control the 3D image on the large screen using
pre-set gestures, which can be executed at a distance from the display. One method
uses an inexpensive laser pointer with an on/off button and the other one uses freehand
gestures.

2 System Overview

The Proposed system aims to help interventional radiologists in the liver angiography
operation to control the 3D image (Fig. 1(b)) on the large screen using pre-set gestures
(Fig. 1(c)). The system is composed of three cameras and a large screen (Fig. 1(a)).
The first method uses one web camera to capture the movement of the laser pointer.
The other system uses two web cameras to recognize freehand gestures. The first
camera is placed in front of the doctor and the second one is held on a ceiling position.
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Fig. 1. Proposed system

3 System Details

3.1 Laser Pointer

After the image has been captured by the web camera, it is considered as the input of
the laser detection algorithm. Laser spot detection step is performed to identify which
one of the detected foregrounds is the actual laser spot. Background subtraction is the
most widespread method for detecting the laser spot. In a laser pointer system, most
cameras are fixed in their position, thus allowing the use of background subtraction
operation to get the foreground object. Frame differencing is the simplest background
subtraction technique where a current frame is compared to the previous one in which a
significant difference between those frames is identified as the foreground object.
First, the web camera captures the first and the second frames and convert them to
grayscale for the process of frame differencing (Fig. 2(b)). Thus, performing frame
differencing with the sequential images will output an “intensity image” that needs to
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be converted into a binary image that provides better information (Fig. 2(c)). However,
the thresholded function still needs more enhancement to detect the laser spot. The
“Blur” function is performed in order to get rid of the noise and improve the
appearance of the laser spot (Fig. 2(d)). Unfortunately, this function will output an
intensity image again, so the threshold binary operation is performed for a second time.
Fig. 2(e) shows the final threshold image after it’s been “blurred”.

Fig. 2. Background subtraction: (a) Original image, (b) Intensity image, (c) Threshold-binary
image, (d) Blur images, and (e) Final thresholded image.

Find contours approach is performed for locating a moving object (i.e. Laser spot).
The final threshold binary image is treated as the input image for the tracking process
(Fig. 2(e)). First, “findContours” Process is used to find all contours in the binary
image where each contour is stored as a point vector (i.e. we search only for the
extreme outer contours). Then, we make the assumption that the biggest detected
contour is the object we are looking for. The circumscribed rectangle or bounding box
has been drawn around the largest contour. Then, the centroid of the rectangle will be
the object’s final estimated position.

Finally, to recognize the laser gestures, two different algorithms are tested in order
to choose the best algorithm for the proposed system. The first algorithm is called
dynamic time warping (DTW) algorithm [6]. The second one is called 1$ recognizer
algorithm [7].

3.2 FreeHand Gestures

Hand Segmentation. We propose a hand detector that splits into two stages: find the
position of the hand only in the first frame, then extract the hue component of the glove
color. As, the hue value will be used for further processing.

First, the images are captured with the front camera. The hand region is extracted
from the background with the background subtraction method. The hand detection
output image is a binary image as the white pixels represent the hand region and the
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black pixels belong to the background (Fig. 3(a)). Then, “findContours” function is
used to find all contours in the binary image. A bounding box has been drawn around
the largest contour. Then, the centroid of the rectangle will be the hand’s estimated
position. However, the subtracted image contains the whole arm region causing a false
hand detection as seen in Fig. 3(b).

Fig. 3. Hand detection process: (a) and (c) background subtracted images, (b) false detection,
(d) true detection.

Therefore, the bounding box width has been reduced to 50 % and the height is
divided into three equal parts. The upper part is assumed to be the rectangle that
specifies the palm and finger regions (Fig. 3(c)). Then, we calculate again the center of
the new rectangle to be the final position of the hand (Fig. 3(d)). Finally, the hue color
of the segmented rectangle is calculated in order to be used in the tracking algorithm
that depends only on the color that is extracted from the detection stage.

Hand Tracking. The surgeon’s right hand is tracked by using a CamShift algorithm
[8]. The algorithm works by tracking the hue color value of an object where the color
probability distribution for a 2D search window is calculated.

Fig. 4. (a) Test image, (b) Back-projection image
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First, we create a hue histogram of an image containing the object of interest (i.e.
Surgeon’s hand). The hand should fill the image as far as possible for better results.
Second, the histogram back-projected image is created. Backprojection image is used
to find the object of interest in an image. In other words, it creates an image of the same
size as that of our input image (i.e. single channel), as each pixel corresponds to the
probability of that pixel belonging to the hand. Therefore, the output image will have
our object of interest in more white compared to the remaining part (Fig. 4). Finally,
the backprojection image will be the input image to the CamShift algorithm that finds
the location with the maximum density. Obviously, when the object moves, the
movement is reflected in histogram back-projection image.

Spotting Problem. One of the challenges in gesture interaction in the OR is the
spotting problem, the problem of discrimination between intentional and unintentional
gestures. Surgeon’s hand movements can be divided into two categories: gestures that
are performed in the operation mode and the others are performed in the interaction
mode. The interaction mode is detected without asking the surgeon to perform a start
gesture, we detect it when the surgeon intends to manipulate the images on the large
screen by raising his hand up from the patient at a level slightly above the chest that
exceeds a threshold value. In contrast, when the surgeon returns his hand down at the
patient’s level or any level below the level of the chest that means he enters the
operation mode and the system is no longer able to recognize any gestures until the
surgeon switches to the interaction mode again.

The surgeon’s hand movements are divided into periods identical in length, each of
them is composed of 20 frames. In practice, we found number of frames = 20 to be
adequate. Each period is divided into two segments to merge the second one with the
next period in order to make up a gesture. Then, generate a vector representation for
this gesture that is classified later through the matching procedure using DTW against a
set of templates. The classification results provide information that will enable the
system to detect the surgeon’s mode. Each two adjunct vectors have a segment length
overlap, as shown in Fig. 5.
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Fig. 5. Tllustrations of frame segmentation

In the interaction mode, the surgeon will interact with the system by gesturing in the
view of the front camera. However, the start and the end point of the intended hand
gesture in a continuous hand trajectory should be identified. Each gesture is recognized
by the hand-close and hand-open events that represent the two possible states for the
hand. The hand state (open and close) detection is performed by measuring the height
of the track window (i.e. the ellipse shape) that is drawn around the user’s hand, the
size of the track window is updated in each frame (Fig. 6).
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Fig. 6. Image capture with two cameras

Hand Gesture Recognition. In the hand gesture recognition process, a problem of
losing information needs to be solved. To overcome this problem, we use two cameras.
The trajectory of each gesture is recorded twice, one time from the view of the front
web camera and the other time from the view of the ceiling camera in order to make the
recognition process easier. The data that is collected from the front camera is used to
recognize gestures such as the circle in the two directions and the line with the four
directions: up, down, left, and right. The collected data of the ceiling camera recognizes
only gestures that are unclear for the front camera (i.e. push-forward and pull-back
gestures). It is an important issue to identify when the system starts using the recording
data from the ceiling camera. The arm’s length is measured in each frame in order to
know whether or not the hand is stretched out (Fig. 6). In recognition process, we
depend on the 1$ algorithm. This algorithm performs well and achieves good results in
differentiating the shape of the gestures (i.e. mouse gestures) at overall accuracy more
than 99 % using only a small number of training samples. Take into consideration that
we may attempt to increase the number of the command gestures in our system, 1$
classifier is well suited for our situation. In the following section, we conduct a small
study to measure the performance of the 1$ algorithm in classifying the shape and the
direction of the hand gestures.

4 Primitive Experiment

We have conducted a primitive study for calculating the accuracy of 1$ classifier, we
found that the algorithm performs well and achieves good results in differentiating the
shape of the gestures, but it also has some limitations. The 1$ can not distinguish
gestures whose identities depend on aspect ratios, locations, or specific orientations.
This means that separating up-lines from down-lines or left-lines from right-lines is not
possible without modifying the conventional algorithm. So, we conducted another
study to calculate the accuracy of DTW in recognizing only the directions of the line
gestures. We have found that the DTW can achieve 95 % accuracy for the line’s
direction, Table 1 shows the results for both algorithms. After these two primitive
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studies, the recognition algorithm in the proposed system depends mainly on two
algorithms: the 1$ for recognizing the shape of the gesture as it gives good results with
only a few loaded templates and the DTW to recognize the direction of the line
gestures.

Table 1. Detection of the line gesture direction

Gesture 1$ detection (%) | DTW detection (%)
Left-line 84 100
Right-line 72 88
Up-line 68 92
Down-line 80 100
Push forward | 76 96
Pull back 72 92

5 Experiments and Results

5.1 Laser Pointer

The experiment was performed by 15 subjects, there were 5 males and 10 females aged
between 19 and 25. The users were asked to stand close to the large display at a
distance of 1.5 m (Fig. 7). Each user is asked to use three input ways: the traditional
way, i.e. input with a mouse and keyboard, and the laser pointer per each classifier
(DTW and 1$ recognizer) in order to complete tasks as shown in Fig. 8.

Fig. 7. Laboratory experiment Fig. 8. Laser command mappings

Results and Discussion. Experimental data shows that mouse-based interactions are
faster than the laser pointer either with the DTW or the 1$ (Fig. 9). However, the
average time cost to complete the total task with the mouse and the keyboard is just one
second faster than that with a laser pointer using the DTW recognizer. Considering that,
the latency problem or the slowness of the spot recognition can be solved by using
better and faster cameras connections, we are satisfied with the performance of the laser
pointer with DTW recognizer relative to the traditional method.
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The averaging accuracy of DTW is 89.6 %, it means that the system misinterprets
the laser pointer gestures at a rate of 10 %. As shown in Figs. 9 and 10, the laser
pointer with the 1$ recognizer including error correction is almost twice as slow as the
mouse and the averaging accuracy of 1$ is 75 %. The 1$ can not distinguish up-lines
from down-lines and left-lines from right-lines. This explains why the 1$ comes last in
the total time results. When the users make mistakes, they need extra time to correct
their errors as we give them two trial for error correction.

Figure 11 displays the number of errors for all participants in each session for both
algorithms. It is observed that the errors in DTW in session 3 and 4 are much less than
those in session 1 and 2 which indicates that a user can be expected to improve in the
usage of the laser pointer with the DTW. However, we cannot expect that in the 1$
classifier. There was no discernible difference in user performance between any of the
four sessions.
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The obtained data from participants gestures are then analyzed using an ANOVA
test. First, a one-way ANOVA test is performed in regards to the time of the total task
for the three input ways. The test indicates that there is a significant difference between
the three algorithms (p<0.05). However, the ANOVA analysis only indicates that if
there is a significant difference between at least one pair of the group means. It does not
indicate what the pair or pairs are significantly different. To find which method is of
better performance, a Tukey HSD test needs to be performed. A Tukey test is interested
in examining mean differences where any two means that are greater than HSD are
significantly different. From ANOVA results, the mean values of the three input ways:
mouse, 1$, and DTW are M1, M2, and M3, respectively. A post-hoc analysis using a
Tukeys HSD test showed that HSD = 13.18, with [M1 - M2| = 109.36, [M2 — M3| =
108.43, and [M3 - M1| = 0.93. Thus, the total time of the 1$ recognizer was signifi-
cantly larger than those with the other input methods (i.e. no difference was found
between the traditional method using the mouse and the laser pointer using DTW
recognizer). Second, another one-way ANOVA test is performed in regards to
recognition rate (accurracy) of the laser pointer with the two algorithms: DTW and 1$.
The test indicates that there is a significant difference between the two algorithms
(p<0.05). Thus, participants within the DTW method group generated significantly
more accurate gestures than the 1$ recognizer.

5.2 Freehand Gestures

Our goal of this experiment was to measure the performance of the proposed hand
gesture recognition algorithm, the classification accuracy is evaluated in the experiment
using three algorithms: DTW recognizer, 1$ recognizer, and the proposed algorithm.
We asked each user to perform a set of movements in the first two minutes (i.e.
operation mode). As seen in Fig. 12(a), the user performs hand movements. For
example, deals with the patient, talks with a staff member or points to any object. Then
for 30 s, the user enters the interaction mode by raising his hand above the chest level
next to his/her face (Fig. 12(b) and (c)).

Fig. 12. Laboratory experiment

Results and Discussion. Figure 13 shows the performance of each user in the three
algorithms. The averaging accuracy of the proposed algorithm, DTW, and 1$ is 95 %,
84 %, and 80 %, respectively. In the confusion matrix (Fig. 14), the entries of the
matrix record the numbers of the gesture predicted as the corresponding gestures.
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For example, the numbers in the first row 95 %, 2 %, and 3 % are in the columns
corresponding to the gestures circle-clockwise, up-line, and down-line, respectively.
It means that the proposed system misinterprets the circle-clockwise gesture at a rate of
5 %. Generally, there are some obvious sources of error in our experiment. For
instance, some circle gestures and line gestures are misclassified as down-line, i.e.
right-line and left-line. The reason is some users perform lines with a slightly skewness
to the down and circles with a very small diameter. So, in these cases the system
misunderstands these gestures as down-line. In Push-Forward gesture, the user should
perform this gesture with a stretched-out arm, otherwise the system will misunderstand
it as a right or left line.

Accurcay (%)
g

Fig. 13. Accuracy of the three algorithms achieved from the second experiment

95% 0% 0% 0% 2% 3% 0% 0% 5%
0% 93% 0% 0% 2% 5% 0% 0% 7%
0% 0% 95% 0% 3% 2% 0% 0% 5%
0% 0% 0% 90% 0% 7% 3% 0% 10%
0% 0% 2% 3% 95% 0% 0% 0% 5%
0% 0% 0% 0% 0% 100% 0% 0% 0%
0% 0% 2% 5% 0% 0% 93% 0% 7%
0% 0% 2% 0% 0% 0% 95% 5%

Average Rate (True ): 94.5%

Average Misinterpret Rate (False Positive): 5.5%

Fig. 14. Confusion matrix for the proposed algorithm

Figure 15 displays the number of errors for all participants in each session for each
algorithm. In DTW, there is a slight improvement from session 1 to session 3. How-
ever, there is no discernible difference in user performance between any of the three 1$
sessions. Furthermore, the number of errors in session 1 and 3 is almost equal. It is
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Fig. 15. Number of errors for all participants in each session

observed that the errors in the proposed algorithm in session 3 are much less than those
in session 1 which indicates that the performance of the user can be expected to
improve with the proposed algorithm.

From ANOVA results, the mean values of the three algorithms DTW, 13, and the
proposed one are M1 = 83, M2 = 80.8, M3 = 94.2, respectively. A post-hoc analysis
using a Tukeys HSD test showed that HSD = 3.56, with [M1 - M2| =2.2, [M2 - M3| =
13.4, and M3 -M1| = 11.2. Thus, participants within the proposed method group
generated significantly more accurate gestures than the other two groups and there were
no significant differences between the results of DTW and 18$.

6 Conclusion

A multimodal system with two input modality is introduced in this paper. It provides a
good solution to help interventional radiologists in the liver angiography operation to
control the 3D image on the large screen using pre-set gestures. Our Future work
includes firstly testing the proposed multimodal system in a real-world scenario such as
the OR. However, the OR is a very critical place so we need to increase the accuracy of
the proposed algorithm. Secondly, extend this work to support multiple users with
personalized service.
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