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Abstract

:

Compared to laparoscopy, robotics-assisted minimally invasive surgery has the problem of an absence of force feedback, which is important to prevent a breakage of the suture. To overcome this problem, surgeons infer the suture force from their proprioception and 2D image by comparing them to the training experience. Based on this idea, a deep-learning-based method using a single image and robot position to estimate the tensile force of the sutures without a force sensor is proposed. A neural network structure with a modified Inception Resnet-V2 and Long Short Term Memory (LSTM) networks is used to estimate the suture pulling force. The feasibility of proposed network is verified using the generated DB, recording the interaction under the condition of two different artificial skins and two different situations (in vivo and in vitro) at 13 viewing angles of the images by changing the tool positions collected from the master-slave robotic system. From the evaluation conducted to show the feasibility of the interaction force estimation, the proposed learning models successfully estimated the tensile force at 10 unseen viewing angles during training.
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1. Introduction


Conventional open surgery requires a large incision, but minimally invasive surgery (MIS) only requires a small incision. MIS is popular because it minimizes the recovery time and cost as well as having cosmetic benefits. Robotics-assisted minimally invasive surgery (RAMIS) solves hand tremor and eye-hand coordination problems that exist during MIS. A surgical robot provides dexterous movements combined with a high vision quality [1]. However, applying force feedback remains a problem because there is no proper way to measure the interaction forces [2,3]. One of the major issues caused by this problem is that the sutures break owing to excessive traction. The problem of a suture breakage from excessive pulling complicates the surgical process, increases costs, and adds risk by requiring additional corrective measures if detected intraoperatively [4]. In addition, if weakened sutures break inside the patient postoperatively, the patient may suffer a hemorrhage from vascular anastomosis [5] or peritonitis due owing to a bowel anastomosis disruption [6]. For these reasons, it is necessary for the surgeon to estimate the tensile force of the suture and ensure that the sutures are applied correctly.



There are two main methods to overcome the absence of force feedback: direct force sensing and sensorless force estimation [7]. In direct force sensing, the force is measured at or near the point where the surgical tool and organs interact. Abiri et al. [8] developed a device using a piezoresistive sensor that can be attached to the tip of a surgical tool. In addition, Reiley et al. [9] used a strain gauge attached along the shaft of a surgical tool to measure the interaction force. This provides the most intuitive solution, but comes with numerous constraints such as cost, biocompatibility, sterilization, and miniaturization. For example, the most commonly used method for sterilization is an autoclave, which destroys electronic devices owing to high temperature, pressure, and humidity [10]. Devices [11,12] using fiber Bragg gratings (FBGs) to measure the interaction forces can endure high-temperature sterilization, although the optical fiber used by FBG is less durable and has mechanical limits under complex motions.



By contrast, sensorless force estimation methods predict the force through the already available resources without the use of additional electronic devices. Owing to the aforementioned problems with direct force sensing, there is more potential for the sensorless force estimation to be used in RAMIS [7]. A sensorless force estimation can be divided into control and vision-based approaches. Control-based approaches use observers, models of the surgical tool, and available information from motor devices (e.g., angular position/velocity, current consumption, and torque) to estimate the interaction force [7]. From this perspective, Zhao et al. [13] developed a method using modeling information from the surgical tools and the current of the motors to predict the force. To demonstrate the accuracy of the system, they then created a force-feedback approach using their method for classifying the differences in porcine liver stiffness. Wang et al. [14] measured the external force using a cable-tension disturbance observer for a surgical robot end-effector. However, using these control-based methods, it is difficult to obtain accurate modeling information of surgical tools or robot manipulators. It is therefore difficult to create an accurate interaction force prediction method that relies on this modeling and motor information. Because the motor is behind the trocar and is influenced by external factors, it is difficult to accurately predict the interaction forces between the forceps and organ from the available motor information. Vision-based approaches usually predict the force from visual information. These predictions are refined using surgical tool information such as the tool-tip trajectory, velocity, and grasper status. A number of vision-based approaches have been developed to estimate forces based on 2D or 3D deformation [7,15]. Studies for predicting and measuring the shear force on an image are also being conducted [16,17]. Such approaches first determine the amount of deformation caused by certain applied forces in advance. The relationship between deformation and force is then calculated using the mechanical properties. Kennedy et al. [18] studied the measurement of forces on a rubber membrane. The deformation was calculated by tracking the nodal displacements. A finite element method was used to determine the forces based on these deformations.



Figure 1 shows proposed a novel suture tensile force estimation method that is constructed to extract spatiotemporal features from both the image and tool positions. Using a deep-learning model, this method is designed to mimic the tension prediction using the sense of proprioception and vision. To validate the general performance of the proposed method, a robotic surgery system that interacts with skin and sutures is used. A database of changing soft objects, camera views, and amounts of target tensile force was collected. The database was used as the training and test sets of the model.




2. Related Works


2.1. Vision-Based Force Estimation


Vision-based force estimation uses the fact that soft bodies made of biological (e.g., tissue) or artificial (e.g., silicone) materials deform when forces are applied to them. In vision-based force estimation, this deformation of the soft body when force is applied is captured by a camera. This information is then used to predict the actual force being applied to the object [19,20]. Previous vision-based force estimation methods used various algorithms to create models for deformation and found relationships between the deformation and forces. Karimirad et al. [21] proposed a method to predict forces during the microinjection of the zebra embryos. This study utilized active contours and a conic fitting algorithm to model the contour deformation of the cell. A fully connected neural network (FC) learn the mechanical relationship between the deformation and the force. In a method proposed by Kim et al. [22], soft tissue surface deformation was calculated from a stereo endoscope image. This information was then applied to a surface mesh (based on spring-damper models) to estimate the force. This image deformation information along with information on the stiffness of the organ was used to determine the interaction force between the tissue/organ and tools for robot-assisted surgery [23] and neurosurgery [24]. Naeini et al. [25] proposed measuring the contact force with a neuromorphic camera(dynamic vision sensor) using Long Short Term Memory (LSTM) networks. However, recent vision-based force estimation approaches have applied deep learning to predict the interaction forces from images using both spatial and temporal information without the need for complex algorithms to detect a deformation. Yuan et al. [26] and Donlon et al. [27] estimated the contact force and shear force by using a convolutional neural network from RGB lights and marker images. However, the sensor needs a large space for use in an MIS environment. Gessert et al. [28] proposed 4D deep learning with streams of volumes for OCT-based force estimation. A temporal history improves force estimation performance and predicts short-term force. Hwang et al. [15] inferred the interaction forces using only visual information in the case of three objects made from different materials. Shin et al. [29] proposed a sequential image-based attention network. The network estimated the force without using a haptic sensor. Lee et al. [30] proposed a convolutional neural network (CNN) and LSTM-based interaction force estimation method that applied the camera information and an electrical current as inputs. The addition of an electrical current as an input helped estimate the forces related to rigid objects. Marban et al. [7] proposed an recurrent convolutional neural network (RCNN) to estimate the interaction forces during robotic surgery. Six-axis force on the skin was predicted using images, the tool-tip trajectory, and grasper status. The RCNN consisted of a VGG [31] network to represent spatial information from the images, such as images of the deformation of the skin, and an LSTM network for temporal information. Despite numerous studies on substituting a force sensor with an image sensor, the occlusion, optical noise, and motion of the camera continue to create an incorrect force estimation from an image. To overcome the lack of image information for estimating the interaction force, the electrical current of the robot, or the robot position, was recently added to an image as an input of a neural network for estimating the interaction force [30].



The main contribution of this paper is a vision-based suture tensile force estimation method that relies on monocular images. Unlike previous methods that estimate a 2D or 3D deformation and then predict the interaction forces using the deformation, our proposed method considers the spatial and temporal information together through deep learning based on images and tool positions without applying deformation measurement algorithms. Furthermore, the test are occurred at the untrained view to verify its feasibility.




2.2. Inception-Resnet V2


It is essential to create feature vectors in deep learning based on an image. These feature vectors are compressed features and information contained in images. Commonly used deep-learning encoders applied to extract a feature vector include AlexNet [32], VGG [31] and Inception [33]. Among them, Inception-Resnet V2 [34] a widely used encoder network for image classification and achieves an excellent performance. Inception-Resnet V2 uses a combination of a residual connection and Inception V4 structures. The modules of the network have a multi-branch structure. In each branch, there are filters of various dimensions, such as 1 × 1, 3 × 3, and 5 × 5. In addition, each branch is combined through a concatenation. Inception modules with a split-transform-merging architecture have a representational ability [35]. Residual connections increase the effectiveness of the learning, making it possible to learn quickly. For the interior of the Inception-Resnet V2 network, 10× Inception-Resnet-B, 5× Inception-Resnet-C, Reduction-A, Reduction-B and Reduction-C modules are used [34].





3. Materials and Methods


In this section, a method is described for estimating the interaction force during suturing using images and tool positions to generate pseudo-tactile feedback, which has been investigated for its usefulness during teleoperation surgery [36]. Similar to experienced surgeons merging visual information and proprioception to feel a pseudo-tactile sensation, our method finds that the tension increases in the image even with slight changes at the end of the stitch as a result of the movement toward the direction of the knot pulling. To estimate the interaction force during the suturing motion during robotic surgery, the database was generated while a teleoperated robot was carrying out a suturing motion under master control. The dataset was entered into the network after augmentation and preprocessing.



3.1. Overall Operating System


In this experiment, the surgical robot was controlled using a master device (Geomagic Touch, 3D SYSTEMS, Rock Hill, SC, USA). The surgical robot is a combination of a surgical instrument (DaVinci Xi ProGrasp™ Forceps, Intuitive, Sunnyvale, CA, USA) and a 6-axis robot (UR5e, Universal Robots, Odense, Denmark), as shown in Figure 2a. The haptic device moved the UR5e through position control using only visual information without position or force feedback. The suturing action of a surgical robot using a silk 5-0 material is recorded by two cameras (CM3-U3-131Y3C-CS Chameleon3, FLIR Systems, Wilsonville, OR, USA) to capture sufficient visual data. At the same time, the ground-truth tensile force of the suture is measured through a load cell (DBSM-3 LOADCELL, BONGSHIN LOADCELL, Gyeonggi-do, Korea) incorporated into the surgical instrument. As shown in Figure 2b,c, the suture passes through a transparent tube and transmits tensile force to the load cell. The transparent tube allows the forceps to pull without holding the thread. In this way, the tension on the suture can be measured from any position.



The position of the surgical tool was obtained from the controller of the 6-axis robot. Image data, tool position and ground-truth tensile force were obtained at 60 Hz based on the frame rate at which the DaVinci (Intuitive, Sunnyvale, CA, USA) surgical robot system operates [37].




3.2. Dataset


From this environment, a database was built by using the camera views and target tensile force, where the suture interacts with two soft objects. Two soft objects were used with different elastic moduli. Each piece of artificial skin has a different elastic modulus, the elastic modulus of Skin1 is 387.23 kPa (which is similar to the epidermis), and the elastic modulus of Skin 2 is 68.26 kPa (which is similar to the dermis) [38]. Each soft object has two defined conditions: Condition1 represents the start of the suture process. Condition2 represents being at an intermediate stage during the suture process, as shown in Figure 3. The camera views can be changed by moving the camera itself along a semi-circular camera rail, as shown in Figure 2a. Images were recorded at 75°, 60° and 45° angles along the semi-circular camera rail for the training dataset, whereas images taken from 90°, 85°, 80°, 70°, 65°, 55°, 50°, 40°, 35° and 30° angles were used in the test dataset. After a target tensile force is set, the tensile force can be increased up to the target tensile force through the master device. The experimental time is determined by how long it takes for the target tensile force to be reached. The target tensile forces used for training data are 0.5, 1.0, 1.5, 2.0, 2.5 and 3.0 N. The target tensile forces used for testing are 1.0, 2.0 and 3.0 N. The baseline tensile force value for sutures, under both in vivo and in vitro conditions, is 2.37  ±  0.33 N for the silk 5–0 material [39]. For this reason, silk 5–0 sutures is used and chose a maximum target tensile force of 3.0 N to study conditions under which the baseline tensile force was exceeded.



The training dataset consisted of 288 combinations of data from two soft objects, two conditions, four applications for each of three camera views, and six target tensile force changes (2 soft objects × 2 conditions × (4 × 3) views × 6 target tensile forces). For the test data, a total of 120 combinations of data from 2 soft objects, 2 conditions, 10 camera view angles, and 3 changes in target tensile force were used (2 soft object × 2 conditions × 10 view angles × 3 target tensile forces). The experimental time for a single dataset is between 5 and 10 s. The dataset is a collection of data units, which consists of images, the synchronized ground-truth tensile force, and the position of the surgical tool at a given time. Finally, the 288 datasets in the training data are made up of 138,595 (69.53%) data units, and the 120 datasets in the test data are made up of 60,792 (30.47%) data units.




3.3. Image Augmentation and Data Preprocessing


Data augmentation is a training method that uses similar but different examples for training data [40]. Augmentation is a way to supply additional training pairs to simultaneously suppress an overfitting and improve the performance. Random cropping, random brightness, random saturation, random hue, and random contrast were used in our images as augmentations. For the random cropping, the location and size of the bounding box are randomly set over the image at between 0.5 and 1.0, restricting the ratio of width to height from 0.5 to 1.5. The delta for a random brightness is 0.125, the lower bound for the monitoring factor of a random saturation is 0.5, and the upper bound is 1.5. The maximal delta value of the random hue is 0.2, and the lower bound and upper bound of the random contrast factor are 0.5 and 1.5, respectively. In the preprocessing process, data are manipulated to allow the deep learning network to be effectively trained. Both the image and tool position data were preprocessed to facilitate learning. Image preprocessing changes the image pixel values from integers of between zero and 255 to float values of between zero and 1, subtracts 0.5 from all pixels, and multiplies by 2 to normalize the value of all pixels to a value between −1 and 1. Then, a resize method, which adapts binary interpolation, was used to create 320 × 240 pixel images from 640 × 480 pixel images. In addition, the position of the tool, the three-dimensional distance between the reference frame for the robot, and the reference frame of the tool, was normalized to a value within the range of zero to 1 by dividing the maximum moving distance of our experimental setup.




3.4. Feature Modeling Using Proposed Network


Because surgeons undertaking robotic surgery use both visual information and proprioception to predict interaction forces, a network architecture using images and the tool position together is used to estimate the interaction force during a suturing motion. Our method consists of two stages: spatial feature modeling and temporary feature modeling. Spatial feature modeling is an encoding network that expresses the features of the images. Serially connected temporal modeling is a network that predicts interaction forces using temporal information such as changes in the image features and the tool position.



3.4.1. Spatial Feature Modeling


A lightweight Inception-resnetV2 network was used to improve the utility during actual use. As shown in Figure 4, the light-weighted Inception-resnetV2 network consists of 3 Inception-Resnet-A, 5 Inception-Resnet-B, a 3 Inception-Resnet-C blocks, a Stem module with a half filter size, and a reduction module with a half filter size compared to the original Inception-resnetV2. In this way, the parameter size was reduced by 40.4% from 55,096,033 of the original Inception-resnetV2 to 22,294,560 with the modified Inception-resnetV2. The modified Inception-resnetV2 will help provide real-time force feedback by reducing the calculation time in the force estimations. During the training stage, the softmax part of the original Inception-resnetV2 is replaced by FC layers to extract the spatial features from the images. The input for this process is a preprocessed image, and the output is an estimated tensile force. The output from this process is compared to the ground-truth tensile force synchronized with the image. This process causes a loss of the optimization, and the network is trained by this loss. The learning rate was 0.0001, and the batch size was 10. The network was trained using    L 2    loss and an Adam optimizer [41] with    β 1  = 0.9 ,    β 2  = 0.999  . By contrast, the test stage uses the feature vector of R1536, which is the output from the average pooling layer. The spatial feature modeling is trained separately before temporal feature modeling.




3.4.2. Temporal Feature Modeling


As shown in Figure 5, the image feature vector R1536 derived from the average pooling layer of the learned spatial feature modeling and the position of the tool measured by the robot are concatenated. From the concatenated values, the outputs obtained through FC layers of 1056, 512, and 128 are regarded as the Z-values. By stacking the data, the Z-values change to stack sequence data according to the number of choices. The network is consist of 32 sequences of data in the LSTM layer with 32 and 16 nodes, and finally passed the data through the FC layer to estimate the suture tension. The purpose of this temporal feature modeling is to improve the tension estimation performance by using the changes in features over time.






4. Results


4.1. Results for Soft Objects and Conditions


In this section, the results of the proposed network learned through the collected datasets are presented, and its performance is analyzed. The estimated forces of the figures were calculated after data acquisition. In this study, the proposed network is trained on a PC with the assistance of a TITAN V GPU (NVIDIA, California, CA, USA). During the test, the calculation time used to predict the interaction force with an image is 12.13 ms, which fully proves that the design of the system meets the real-time requirements. The differences between the estimated force from the proposed network model and the measured ground-truth force was analyzed with quantified errors using the root mean square error (RMSE) and maximum absolute error (Max-AE) when the maximum pulling force was 3.114 N within the test set. Figure 6 shows a graph of the sample results of the ground-truth tensile force and estimated tensile force from 85°, 70°, 55°, and 40° untrained views for two soft objects and two conditions. Each soft object has two conditions, as shown in Figure 3. In both the early phase of a stitch, where the visual changes are in proportion to the tensile force (e.g., during the starting part of a knot), and in the latter phase of a stitch where there is a slight image change (e.g., finishing a knot), the tensile force of the sutures is well predicted.



Table 1 shows the RMSE and Max-AE between the ground-truth and estimated tensile [42,43]. The proposed model performs better for Skin 2 than Skin 1 under the same conditions to compare rows 1 and 3 as well as 2 and 4 of Table 1. Under the same conditions, Skin 2 showed more deformation for the same tensile force compared to Skin 1 because of its lower elastic modulus. In addition, based on Table 1, the results show that the proposed method has better results for condition 1 in terms of RMSE and Max-AE because the images under Condition1 are clearer in terms of deformation, given the same skin, than under Condition 2. Consequently, this means that the actual suture tensile force for soft objects is easier to estimate owing to the more apparent deformation.




4.2. Comparison of Results by Networks


To verify the feasibility of the proposed method using images, tool position, and LSTM, our results were compared with comparison networks that use the image and tool position without an LSTM (comparison network 1), only an image with inception-based spatial feature modeling (comparison network 2), and only an image with CNN-based spatial feature modeling (comparison network 3), as shown in Figure 7. The comparison methods were trained using the same training data. Figure 8 shows a comparison graph of a sample of the ground-truth suture tensile force and estimated suture tensile force at 30° and 65°. In addition, Table 2 shows the results of the comparison cases in terms of RMSE and Max-AE at 90°, 65°, 55°, and 30°.



Table 2 and Figure 7 show that visual information can be used to estimate the suture tensile force. However, it is important to use the proper spatial feature modeling to encode an image. The comparison network 3, which uses a simple CNN encoder, shows significant errors in RMSE and Max-AE (RMSE = 0.4055, Max-AE = 1.6452). A reasonable performance was shown in comparison network 2, which uses inception-based spatial feature modeling (RMSE = 0.1005, Max-AE = 0.6662). In particular, there is a distinct difference in error between the comparison network 2 results and comparison network 3 results from 90° and 30° views, which is farther from the training views than the 65° and 55° views. Through these experiments, we showed that our proposed estimation method uses the image, tool position, and LSTM effectively. As a result, the proposed method shows the best performance for a suture tensile force estimation by presenting quantified errors.





5. Discussion


The experimental results in this study prove that our vision-based suture tensile force estimation method was able to estimate the suture tensile force for RAMIS systems. Our proposed method can estimate the suture tensile force in an environment where the view and type of soft object change. When suturing soft objects, the type of deformation varies depending on the elastic modulus of the soft object and the suturing condition, such as at the start or during an intermediate stage of the suture process. With the proposed method, a suture tensile force estimation was conducted for two soft objects under two conditions from various untrained views, verifying the feasibility of our method for RAMIS in a similar environment. In addition, our proposed method uses images and tool positions, as well as how such information changes in the same way as when an experienced surgeon uses visual information and proprioception together. Therefore, our method can improve the performance during the end part of a stitch where little deformation of the soft object occurs when the suture is pulled.



Figure 4 shows our proposed vision-based deep learning network. Our vision-based deep learning network uses images and tool positions as data input and consists of two parts: spatial and temporal feature modeling. The spatial feature modeling extracts image features from each image, and the temporal feature modeling identifies changes in the images and tool positions. As a result, our deep learning network can estimate the tensile force of sutures in soft objects under the conditions shown from untrained views. In previous studies, a force sensor was used to measure the interaction forces [8,9,10,11]; however, such methods suffer from numerous constraints such as cost, biocompatibility, sterilization, and miniaturization. Moreover, in previous studies using available information from models of the surgical tool and motor devices [13,14], the parameter values of the surgical tool need to be accurately known, and a precise accurate estimation is difficult because the motor is placed behind a trocar. To ease these constraints, previous methods used a vision-based force estimation with only visual information [15,29] or with both visual information and tool information [7]. In this study, our vision-based suture tensile force estimation method was more efficient as it used images and tool positions during the suturing action. Figure 8 shows that the use of images, tool positions, and the changes in this information give better suture tensile force estimation results than the other methods. Our vision-based deep learning network leverages the images and tool positions by combining different networks: inception-resnetV2 based spatial feature modeling for extracting image features and an LSTM-based temporal feature network for analyzing changes in the images and tool positions.




6. Conclusions


A suture tensile force estimation method based on monocular vision is proposed to apply to a surgical robot to provide interaction force feedback without force sensor. The proposed method estimates the tensile force through the proposed deep network based on modified Inception Resnet-V2 and LSTM networks using an image and tool position. The performance of the proposed method was verified with the generated DB, which recorded the image, robot position, and tensile force of the suture under the condition of two different artificial skins and two different situations (in vivo and in vitro) at 13 viewing angles of the images by changing the tool positions collected from the master-slave robotic system. The force estimation performance is compared by changing the inputs of the network by using spatial or temporal information. The results showed that the proposed method can estimate the suture tensile force in RAMIS systems with two types of artificial skin under the two conditions at various unseen views during training. As a further study, this vision-based force estimation method will be applied to a pig model used in open-heart surgery to estimate the interaction force in a complex environment. Moreover, the haptic feedback system or suture breakage alarm system in robotic surgery will be applied by using suture tensile force estimation method proposed in this study.







Author Contributions


Conceptualization, K.-S.K. and S.-C.L.; data curation, K.-S.K. and S.-C.L.; funding acquisition, S.-C.L.; investigation, K.-S.K.; methodology, K.-S.K.; project administration, S.-C.L.; software, K.-S.K. and W.-J.J.; supervision, S.-C.L.; writing—original draft, W.-J.J. and K.-S.K.; writing—review & editing, W.-J.J. and S.-C.L. All authors have read and agreed to the published version of the manuscript.




Funding


This research was supported by the National Research Foundation of Korea (NRF) Grant funded by the Korean Government. (NRF-2020R1A2C1008883).




Data Availability Statement


Data sharing not applicable.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Gomes, P. Surgical robotics: Reviewing the past, analysing the present, imagining the future. Robot. Comput. Manuf. 2011, 27, 261–266. [Google Scholar] [CrossRef]

	



Marbán, A.; Casals, A.; Fernández, J.; Amat, J. Haptic Feedback in Surgical Robotics: Still a Challenge. In Proceedings of the First Iberian Robotics Conference (ROBOT2013), Madrid, Spain, 28–29 November 2013; pp. 245–253. [Google Scholar] [CrossRef]

	



Bayle, B.; Joinié-Maurin, M.; Barbé, L.; Gangloff, J.; de Mathelin, M. Robot Interaction Control in Medicine and Surgery: Original Results and Open Problems. In Computational Surgery and Dual Training: Computing, Robotics and Imaging; Garbey, M., Bass, B.L., Berceli, S., Collet, C., Cerveri, P., Eds.; Springer: New York, NY, USA, 2014; pp. 169–191. [Google Scholar] [CrossRef]

	



Leblanc, K.A. Laparoscopic incisional and ventral hernia repair: Complications? how to avoid and handle. Hernia 2004, 8, 323–331. [Google Scholar] [CrossRef] [PubMed]

	



Melinek, J.; Lento, P.; Moalli, J. Postmortem analysis of anastomotic suture line disruption following carotid endarterectomy. J. Forensic Sci. 2004, 49, 1–5. [Google Scholar] [CrossRef]

	



Anup, R.; Balasubramanian, K. Surgical Stress and the Gastrointestinal Tract. J. Surg. Res. 2000, 92, 291–300. [Google Scholar] [CrossRef] [PubMed]

	



Marban, A.; Srinivasan, V.; Wojciech, S.; Fernández, J.; Casals, A. A recurrent convolutional neural network approach for sensorless force estimation in robotic surgery. Biomed. Signal Process. Control. 2019, 50, 134–150. [Google Scholar] [CrossRef]

	



Abiri, A.; Askari, S.J.; Tao, A.; Juo, Y.-Y.; Dai, Y.; Pensa, J.; Candler, R.; Dutson, E.P.; Grundfest, W.S. Suture Breakage Warning System for Robotic Surgery. IEEE Trans. Biomed. Eng. 2019, 66, 1165–1171. [Google Scholar] [CrossRef] [PubMed]

	



Reiley, C.E.; Akinbiyi, T.; Burschka, D.; Chang, D.C.; Okamura, A.M.; Yuh, D.D. Effects of visual force feedback on robot-assisted surgical task performance. J. Thorac. Cardiovasc. Surg. 2008, 135, 196–202. [Google Scholar] [CrossRef]

	



Stephens, T.K.; O’Neill, J.J.; Kong, N.J.; Mazzeo, M.V.; Norfleet, J.E.; Sweet, R.M.; Kowalewski, T.M. Conditions for reliable grip force and jaw angle estimation of da Vinci surgical tools. Int. J. Comput. Assist. Radiol. Surg. 2019, 14, 117–127. [Google Scholar] [CrossRef]

	



Shi, C.; Li, M.; Lv, C.; Li, J.; Wang, S. A High-Sensitivity Fiber Bragg Grating-Based Distal Force Sensor for Laparoscopic Surgery. IEEE Sens. J. 2020, 20, 2467–2475. [Google Scholar] [CrossRef]

	



Lim, S.-C.; Park, J.; Lee, H.-K. Grip force measurement of forceps with fibre Bragg grating sensors. Electron. Lett. 2014, 50, 733–735. [Google Scholar] [CrossRef]

	



Zhao, B.; Nelson, C.A. A sensorless force-feedback system for robot-assisted laparoscopic surgery. Comput. Assist. Surg. 2019, 24, 36–43. [Google Scholar] [CrossRef] [PubMed]

	



Wang, Z.; Zi, B.; Wang, D.; Qian, J.; You, W.; Yu, L. External Force Self-Sensing Based on Cable-Tension Disturbance Observer for Surgical Robot End-Effector. IEEE Sens. J. 2019, 19, 5274–5284. [Google Scholar] [CrossRef]

	



Hwang, W.; Lim, S.-C. Inferring Interaction Force from Visual Information without Using Physical Force Sensors. Sensors 2017, 17, 2455. [Google Scholar] [CrossRef] [PubMed]

	



Beruvides, G.; Quiza, R.; del Toro, R.; Castaño, F.; Haber, R.E. Correlation of the holes quality with the force signals in a mi-crodrilling process of a sintered tungsten-copper alloy. Int. J. Precis. Eng. Man. 2014, 15, 1801–1808. [Google Scholar] [CrossRef]

	



Huang, Z.; Tu, Y.; Meng, S.; Sabau, C.; Popescu, C.; Sabau, C. Experimental study on shear deformation of reinforced concrete beams using digital image correlation. Eng. Struct. 2019, 181, 670–698. [Google Scholar] [CrossRef]

	



Kennedy, C.W.; Desai, J.P. A vision-based approach for estimating contact forces: Applications to robot-assisted surgery. Appl. Bionics Biomech. 2005, 2, 53–60. [Google Scholar] [CrossRef]

	



Wang, X.; Ananthasuresh, G.; Ostrowski, J.P. Vision-based sensing of forces in elastic objects. Sens. Actuators A Phys. 2001, 94, 142–156. [Google Scholar] [CrossRef]

	



Greminger, M.A.; Nelson, B.J. Modeling elastic objects with neural networks for vision-based force measurement. In Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS 2003), Las Vegas, NV, USA, 27–31 October 2003; pp. 1278–1283. [Google Scholar] [CrossRef]

	



Karimirad, F.; Chauhan, S.; Shirinzadeh, B. Vision-based force measurement using neural networks for biological cell mi-croinjection. J. Biomech. 2014, 47, 1157–1163. [Google Scholar] [CrossRef]

	



Kim, W.; Seung, S.; Choi, H.; Park, S.; Ko, S.Y.; Park, J.-O. Image-based force estimation of deformable tissue using depth map for single-port surgical robot. In Proceedings of the 12th International Conference on Control, Automation and Systems (ICCAS 2012), Jeju Island, Korea, 17–21 October 2012; pp. 1716–1719. [Google Scholar]

	



Zhang, S.; Wang, S.; Jing, F.; Tan, M. A Sensorless Hand Guiding Scheme Based on Model Identification and Control for Industrial Robot. IEEE Trans. Ind. Inform. 2019, 15, 5204–5213. [Google Scholar] [CrossRef]

	



Giannarou, S.; Ye, M.; Gras, G.; Leibrandt, K.; Marcus, H.J.; Yang, G.-Z. Vision-based deformation recovery for intraoperative force estimation of tool–tissue interaction for neurosurgery. Int. J. Comput. Assist. Radiol. Surg. 2016, 11, 929–936. [Google Scholar] [CrossRef]

	



Naeini, F.B.; Makris, D.; Gan, D.; Zweiri, Y. Dynamic-Vision-Based Force Measurements Using Convolutional Recurrent Neural Networks. Sensors 2020, 20, 4469. [Google Scholar] [CrossRef] [PubMed]

	



Yuan, W.; Dong, S.; Adelson, E.H. GelSight: High-Resolution Robot Tactile Sensors for Estimating Geometry and Force. Sensors 2017, 17, 2762. [Google Scholar] [CrossRef] [PubMed]

	



Donlon, E.; Dong, S.; Liu, M.; Li, J.; Adelson, E.; Rodriguez, A. GelSlim: A High-Resolution, Compact, Robust, and Calibrated Tactile-sensing Finger. In Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS 2018), Madrid, Spain, 1–5 October 2018; pp. 1927–1934. [Google Scholar]

	



Gessert, N.; Bengs, M.; Schlüter, M.; Schlaefer, A. Deep learning with 4D spatio-temporal data representations for OCT-based force estimation. Med. Image Anal. 2020, 64, 101730. [Google Scholar] [CrossRef] [PubMed]

	



Shin, H.; Cho, H.; Kim, D.; Ko, D.-K.; Lim, S.-C.; Hwang, W. Sequential Image-Based Attention Network for Inferring Force Estimation Without Haptic Sensor. IEEE Access 2019, 7, 150237–150246. [Google Scholar] [CrossRef]

	



Lee, D.-H.; Hwang, W.; Lim, S.-C. Interaction Force Estimation Using Camera and Electrical Current Without Force/Torque Sensor. IEEE Sens. J. 2018, 18, 8863–8872. [Google Scholar] [CrossRef]

	



Simonyan, K.; Zisserman, A. Very deep convolutional networks for large-scale image recognition. arXiv 2014, arXiv:1409.1556. [Google Scholar]

	



Krizhevsky, A.; Sutskever, I.; Hinton, G.E. ImageNet classification with deep convolutional neural networks. Commun. ACM 2017, 60, 84–90. [Google Scholar] [CrossRef]

	



Szegedy, C.; Liu, W.; Jia, Y.; Sermanet, P.; Reed, S.; Anguelov, D.; Erhan, D.; Vanhoucke, V.; Rabinovich, A. Going deeper with convolutions. In Proceedings of the Conference on Computer Vision and Pattern Recognition, Columbus, OH, USA, 23–28 June 2014. [Google Scholar]

	



Szegedy, C.; Ioffe, S.; Vanhoucke, V.; Alemi, A.A. Inception-v4, inception-resnet and the impact of residual connections on learning. In Proceedings of the 31st AAAI Conference on Artificial Intelligence, San Francisco, CA, USA, 4–9 February 2017. [Google Scholar]

	



Szegedy, C.; Vanhoucke, V.; Ioffe, S.; Shlens, J.; Wojna, Z. Rethinking the inception architecture for computer vision. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Las Vegas, NV, USA, 27–30 June 2016; pp. 2818–2826. [Google Scholar] [CrossRef]

	



Neupert, C.; Matich, S.; Scherping, N.; Kupnik, M.; Werthschutzky, R.; Hatzfeld, C. Pseudo-Haptic Feedback in Teleoperation. IEEE Trans. Haptics 2016, 9, 397–408. [Google Scholar] [CrossRef]

	



Bourcier, T.; Chammas, J.; Gaucher, D.; Liverneaux, P.; Marescaux, J.; Speeg-Schatz, C.; Mutter, D.; Sauer, A. Robot-Assisted Simulated Strabismus Surgery. Transl. Vis. Sci. Technol. 2019, 8, 26. [Google Scholar] [CrossRef]

	



Kim, D.-H.; Lu, N.; Ma, R.; Kim, Y.-S.; Kim, R.-H.; Wang, S.; Wu, J.; Won, S.M.; Tao, H.; Islam, A.; et al. Epidermal Electronics. Science 2011, 333, 838–843. [Google Scholar] [CrossRef]

	



Karabulut, R.; Sonmez, K.; Turkyilmaz, Z.; Bagbanci, B.; Basaklar, A.C.; Kale, N. An In Vitro and In Vivo Evaluation of Tensile Strength and Durability of Seven Suture Materials in Various pH and Different Conditions: An Experimental Study in Rats. Indian J. Surg. 2010, 72, 386–390. [Google Scholar] [CrossRef] [PubMed]

	



Feng, R.; Gu, J.; Qiao, Y.; Dong, C. Suppressing Model Overfitting for Image Super-Resolution Networks. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition Workshops (CVPRW 2019), Long Beach, CA, USA, 16–17 June 2019; pp. 1964–1973. [Google Scholar]

	



Kingma, D.P.; Ba, J. Adam: A method for stochastic optimization. In Proceedings of the 3rd International Conference for Learning Representations (ICLR), San Diego, CA, USA, 5–8 May 2015. [Google Scholar]

	



Talasaz, A.; Trejos, A.L.; Patel, R.V. The role of direct and visual force feedback in suturing using a 7-DOF dual-arm teleoperated system. IEEE Trans. Haptics 2016, 10, 276–287. [Google Scholar] [CrossRef] [PubMed]

	



Chu, C. Mechanical properties of suture materials: An important characterization. Ann. Surg. 1981, 193, 365. [Google Scholar] [CrossRef] [PubMed]








[image: Sensors 21 00110 g001 550] 





Figure 1. Robotic surgery experiment system for vision-based suture tensile force estimation. Simplified procedure of the proposed method and its experiments. An operator controlled the robot with visual information by sending the position of the end-effector. On the tool, there is a load cell that measures the ground truth of the tensile force. The force was estimated from the image and tool positions using the proposed network. 
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Figure 2. (a): Experimental setup. (b): Tool tip for measuring tensile force. (c): Instrument combined with load cell. 
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Figure 3. Two soft objects and two conditions per soft object used for experiment. Two artificial skin types with different elastic modulus: the elastic modulus of Skin1 is 387.23 kPa, and the elastic modulus of Skin2 is 68.26 kPa. Each artificial skin has two different conditions. Condition1 represents the start of the suture process. Condition2 represents an intermediate stage during the suture process. 
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Figure 4. Spatial Feature Modeling structure. Inception-ResnetV2 network is used to obtain the spatial feature vector. This network consists of Stem, 3× Inception-resnet2-A, Reduction-A, 5× Inception-resnet2-B, Reduction-B, 3× Inception-resnet2-C, average pooling and FC layer modules. At test time, feature vector    φ t  i m a     is extracted from the average pooling. 
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Figure 5. Proposed network structure. The network consists of spatial feature modeling and temporal feature modeling. Whereas spatial feature modeling and temporal feature modeling are trained separately, the two models trained are used together for the suture tensile force estimation during the test stage. Preprocessed images and preprocessed tool positions are used as input for the suture tensile force estimation.    δ t  i m a   ∈  R  320 × 240 × 3     = preprocessed image,    φ t  i m a   ∈  R  1536     = feature vectors from the image,    φ t  p o s   ∈  R 3    = preprocessed tool position, and    Z t  ∈  R  128     = FC output feature of the feature vector concatenation. The feature vector concatenation is a concatenation of the image feature and tool position,    ∅ t  ∈  R  T × 128     = stacked sequence feature vector,     Y ^  t  f o r c e       ∈  R 1    = estimated suture tensile force, and T = sequence size. 
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Figure 6. The estimated tensile force estimation results from the proposed network for two soft objects and two conditions: (a) Graph from 85° view for Skin1, Condition1, (b) graph from 70° view for Skin1, Condition 2, (c) graph from 55° view for Skin2, Condition1, and (d) graph from 40° view for Skin2, Condition 2. Sixty time steps are equal to 1 s. 
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Figure 7. Network structure diagram: (a) proposed network, (b) comparison network 1 with inception-based spatial feature modeling and tool position, (c) comparison network 2 with Inception-based spatial feature modeling, and (d) comparison network 3 with CNN-based spatial feature modeling. 
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Figure 8. Tensile force estimation results from various networks. The estimation result for a 30° view is shown in the left column and the estimation result for a 65° view is shown in the right column: (a) proposed network, (b) comparison network 1, (c) comparison network 2, and (d) comparison network 3. 
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Table 1. Results comparison for two objects and two conditions for untrained views.
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Soft Object

	
Condition

	
RMSE (N)

	
Max-AE (N)






	
Skin1

	
1

	
0.07227

	
0.3286




	
Skin1

	
2

	
0.08065

	
0.4531




	
Skin2

	
1

	
0.07174

	
0.2479




	
Skin2

	
2

	
0.07847

	
0.2993




	
All test dataset

	
0.07578

	
0.4531
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Table 2. Comparison of estimation method results in untrained views.
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Model

	
Test Camera View Angle Accuracy




	

	
90°

	
65°

	
55°

	
30°

	
All Views






	
Proposed network

	
RMSE

	
0.0959

	
0.0627

	
0.0744

	
0.0983

	
0.0758




	
Max-AE

	
0.3249

	
0.2110

	
0.256

	
0.4531

	
0.4531




	
Comparison network 1

	
RMSE

	
0.1011

	
0.0682

	
0.0766

	
0.1108

	
0.0816




	
Max-AE

	
0.3995

	
0.2941

	
0.3244

	
0.4396

	
0.4396




	
Comparison network 2

	
RMSE

	
0.1348

	
0.0777

	
0.08729

	
0.1395

	
0.1005




	
Max-AE

	
0.6662

	
0.3784

	
0.3567

	
0.5730

	
0.6662




	
Comparison network 3

	
RMSE

	
0.6458

	
0.2214

	
0.2617

	
0.6428

	
0.4055




	
Max-AE

	
1.179

	
0.7819

	
0.7457

	
1.6452

	
1.6452
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