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M E D I C A L  R O B O T S

Autonomous robotic laparoscopic surgery for  
intestinal anastomosis
H. Saeidi1,2, J. D. Opfermann2,3, M. Kam2,3, S. Wei3,4, S. Leonard3, M. H. Hsieh5,  
J. U. Kang3,4, A. Krieger2,3*

Autonomous robotic surgery has the potential to provide efficacy, safety, and consistency independent of indi-
vidual surgeon’s skill and experience. Autonomous anastomosis is a challenging soft-tissue surgery task because 
it requires intricate imaging, tissue tracking, and surgical planning techniques, as well as a precise execution via 
highly adaptable control strategies often in unstructured and deformable environments. In the laparoscopic setting, 
such surgeries are even more challenging because of the need for high maneuverability and repeatability under 
motion and vision constraints. Here we describe an enhanced autonomous strategy for laparoscopic soft tissue 
surgery and demonstrate robotic laparoscopic small bowel anastomosis in phantom and in vivo intestinal tissues. 
This enhanced autonomous strategy allows the operator to select among autonomously generated surgical plans 
and the robot executes a wide range of tasks independently. We then use our enhanced autonomous strategy to 
perform in vivo autonomous robotic laparoscopic surgery for intestinal anastomosis on porcine models over a 
1-week survival period. We compared the anastomosis quality criteria—including needle placement corrections, 
suture spacing, suture bite size, completion time, lumen patency, and leak pressure—of the developed autonomous 
system, manual laparoscopic surgery, and robot-assisted surgery (RAS). Data from a phantom model indicate that 
our system outperforms expert surgeons’ manual technique and RAS technique in terms of consistency and accuracy. 
This was also replicated in the in vivo model. These results demonstrate that surgical robots exhibiting high levels of 
autonomy have the potential to improve consistency, patient outcomes, and access to a standard surgical technique.

INTRODUCTION
Autonomous robotic surgery systems have the potential to substantially 
improve efficiency, safety, and consistency over current teleoperated 
robot-assisted surgery (RAS) with systems such as the da Vinci ro-
bot (Intuitive Surgical Inc.). Autonomous robotic systems aim to 
provide access to standard surgical solutions that are independent 
of individuals’ experience and day-to-day performance changes. 
Proven examples of autonomous surgical robotic systems include 
TSolution One (1) (THINK Surgical) for procedures on rigid bony 
tissues, ARTAS for hair restoration (2) (Restoration Robotics Inc.), 
and Veebot (3) (Veebot LLC) for autonomous blood sampling. 
Currently, the most advanced autonomous capabilities are realized 
in the CyberKnife robot (4) (Accuracy Inc.), which performs radio-
surgery for brain and spine tumors under human supervision. 
However, this robot uses a contactless therapy method for tissues 
that are enclosed in rigid bony structures. Despite such efforts, 
autonomous soft tissue surgery still poses considerable challenges.

Autonomous soft tissue surgery in unstructured environments 
requires accurate and reliable imaging systems for detecting and 
tracking the target tissue, complex task planning strategies that take 
tissue deformation into consideration, and precise execution of plans 
via dexterous robotic tools and control algorithms that are adaptable 
to dynamic surgical situations (5). In such highly variable environ-
ments, preoperative surgical planning, such as in rigid tissues, is not 

a viable solution (6). In the case of laparoscopic surgeries, the diffi-
culty further increases because of limited access and visibility of the 
target tissue and the disturbances from respiratory motion artifacts. 
Anastomosis is a soft tissue surgery task that involves the approxi-
mation and reconstruction of luminal structures, requires high 
maneuverability and repeatability, and hence is a suitable candidate 
for examining autonomous robotic surgery systems in soft tissue 
surgery scenarios. Well over a million anastomoses are performed 
in the United States each year (7–11). Critical factors affecting the 
anastomotic outcome include the health of local tissue, including per-
fusion status and contamination; physical parameters in anastomotic 
techniques, such as suture bite size, spacing, and tension; anastomotic 
materials, including suture and staples; and human factors, such as 
the surgeon’s technical decisions and experience (12–17).

The level of autonomy (LoA) of medical robots is categorized in 
distinct levels ranging from pure teleoperation to full autonomy 
(5, 18). According to the classification introduced in (5, 19), the 
LoAs include LoA 0, no autonomy (e.g., pure teleoperation); LoA 1, 
robot assistance [continuous control by human with some mechan-
ical guidance or assistance from robot via virtual fixtures or active 
constraints (20)]; LoA 2, task autonomy (robot autonomously per-
forms specific tasks, such as running sutures, that are initiated by 
human via a discrete control rather than continuous control); LoA 3, 
conditional autonomy [“a system generates task strategies but relies 
on the human to select from among different strategies or to approve 
an autonomously selected strategy” (19)]; LoA 4, high autonomy 
(robot makes medical decisions but has to be supervised by a quali-
fied doctor); and LoA 5, full autonomy (a robotic surgeon that per-
forms an entire surgery without the need of a human).

Although high-level classifications for autonomy in medical robots 
were introduced in (19), it is understood that these categories are 
broad in scope and lack concrete metrics to properly delineate 
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autonomy between consecutive classifications. In response, Haidegger 
(5) expands the definition of each autonomy level to include an em-
pirical evaluation based on the type or quantity of a task performed. 
Specifically, in LoA 2, task-level autonomy, the system is trusted to 
complete a specific task or subtask in an autonomous manner; in 
LoA 3, supervised autonomy, the system autonomously completes 
the majority of a surgical procedure (such as an anastomosis proce-
dure) and makes low-level decisions; and in LoA 4, high-level 
autonomy, the robotic system executes complete procedures based 
on human-approved surgical plans. The most well-known example 
of LoA 0 autonomy is the da Vinci surgical system, in which every 
motion of the robot during surgery is teleoperated by the surgeon 
via a master console. Many of the recent works, such as SmartArm 
(21, 22), still include a LoA 0 autonomy and were developed for 
operation under space limitations, such as neonatal chest surgery. 
LoA 1 is implemented in the form of shared control for reducing the 
complexity of steering flexible robotic endoscopes (23). The first 
demonstration of LoA 2 (task autonomy) via in vivo open surgeries 
(24) was enabled via a robotic suturing tool controlled by a robot 
arm and a dual-channel near-infrared (NIR) and plenoptic three-
dimensional (3D) camera that allowed the robot to detect the target 
tissue (stabilized outside of the body) and its landmarks, calculate a 
linear suture plan on the tissue, and execute the suture placement 
step by step under human supervision. Recent methods demonstrate 
LoA 2 laparoscopic in vivo hernia repair for porcine models (25). 
Machine learning–based techniques mostly automate surgical sub-
tasks such as tumor ablation (26), debridement of viscoelastic tissue 
phantoms (27), clearing the surgical field (28), autonomous control 
of magnetic endoscopes for colonoscopy (29), and autonomous 
steering of robotic camera holders (30) (i.e., LoA 2) or imitate sur-
gical procedures via learning by observation on phantom tissues in 
a LoA 3 (31–34). More examples consistent with similar LoA defi-
nitions can be found in (6, 35). Despite these considerable efforts, 
most works either present low autonomy in complex tasks or high 
autonomy in simpler tasks using phantom tissues.

As our first contribution, we achieve the enhanced autonomy 
necessary to perform robotic laparoscopic anastomosis of the small 
bowel using the Smart Tissue Autonomous Robot (STAR). This is 
accomplished by developing several autonomous features, includ-
ing starting/pausing/unpausing the tissue-tracking system, detect-
ing the breathing motion of tissue and its deformations, notifying 
the operator to initiate a replanning step, detecting robot tool fail-
ure, controlling camera motion, suture planning in different modes 
with uniform and nonuniform spacing, prefiltering the plan for re-
ducing noise and irregularity, predicting the tool collisions with the 
tissue, and synchronizing the robot tool with breathing motions of 
the tissue and under a remote center of motion (RCM). The opera-
tor selects among autonomously suggested suture plans or approves 
a replanning step and monitors the robot for repeating a stitch as 
needed. The main objective is to increase the overall accuracy in 
suture placement and, at the same time, reduce the operator work-
load and involvement via the additional autonomous features. Al-
though the system does require manual fine adjustment of the robot 
to correct positioning if a stitch is missed, more than 83% of the 
suturing task is completed autonomously using this workflow. In our 
previous work for open surgical intestinal anastomosis (24), the tis-
sue tracking only considered a stationary tissue without the breathing 
motions, only one linear suture plan option without noise prefiltering 
and collision prevention was considered, autonomous replanning 

suggestions were not included, the operator needed to monitor each 
substep of the suturing procedure, and the tool failure monitoring 
and autonomous camera motion control were not implemented. Con-
sequently, only 57.8% of the sutures were completed autonomously 
with no adjustments. Therefore, the developments presented in this 
work provide notably more autonomy and accuracy during the 
surgical procedure compared with a step-by-step method. This en-
hanced autonomy combined with surgeon’s supervision goes hand 
in hand with several benefits to the patient and the surgeon. Increasing 
the amount of autonomy in robotic surgical systems has the potential 
to standardize surgical outcomes that are independent of surgeons’ 
training, experience, and day-to-day performance changes. This will 
improve the consistency of performing surgery and reduce the 
surgeon’s operating workload, taking advantage of their supervisory 
role to guarantee the safety of the overall surgery. Consistency in 
anastomotic parameters—such as suture bite size, spacing, and 
tension—directly affects quality of a leak-free anastomosis (36), which, 
in turn, improves patient outcomes and reduces the recurrence and 
complication rates of the surgery (12, 14, 15).

The second contribution of this work is enabling a laparoscopic 
implementation of the enhanced autonomous strategy for full 
anastomosis, which imposes various technical and workflow 
challenges. In the new laparoscopic setting, the tissue is suspended 
in the peritoneal space of the patient with transabdominal stay 
sutures. In contrast to open surgical settings, where the motion of 
target tissue motion is restricted via external fixtures outside the body 
and the tissue is more accessible, the laparoscopic settings introduce 
multiple challenges—including the effects of breathing motions on 
the staged tissue location; deformation, kinematic, and spatial mo-
tion constraints for the robots through the laparoscopic ports; tool 
deflections and difficulties in force sensing; limited visibility; and a 
need for miniaturized laparoscopic 3D imaging systems—and other 
factors such as humidity during the surgery. We developed machine 
learning, computer vision, and advanced control techniques to track 
the target tissue movement in response to patient breathing, detect the 
tissue deformations between different suturing steps, and operate 
the robot under motion constraints. We demonstrate implementa-
tion of such soft tissue robotic surgeries in a series of in vivo survival 
studies via porcine models for laparoscopic bowel anastomosis.

RESULTS
In this section, we explain the design and workflow of the enhanced 
autonomous STAR system, then present accuracy testing of the tissue 
motion tracker, comparison testing between STAR and expert 
surgeons performing complete end-to-end anastomosis in phantom 
bowel tissues, a markerless tissue landmark tracking method, and 
porcine in vivo survival studies using STAR to complete laparoscopic 
small bowel anastomosis. The in vivo experiment results were com-
pared with a control test condition via manual laparoscopic surgery 
with standard tools and surgical endoscopes performed by a surgeon 
as a benchmark (see “In vivo end-to-end anastomosis” section for 
details). Although the in vivo experiments prove the feasibly of the 
implementation in the preclinical settings, we also conducted a 
thorough set of experiments via tests on phantom tissues that com-
pared the performance of STAR via several metrics that are not 
measurable after a 1-week survival period after the tissue healing pro-
cess (see “Phantom end-to-end anastomosis” section for details). 
Furthermore, the phantom test conditions enabled controlled 
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disturbance and robustness tests to examine the capabilities of each 
system in a wider range of conditions. We compared STAR with 
standards of care, including a da Vinci SI–based RAS using 3D 
endoscopic vision and manual laparoscopic anastomosis.

System design for enhanced autonomy
The laparoscopic version of STAR with the proposed autonomous 
architecture is shown in Fig. 1 and Movie 1. The system consists of 
one KUKA LBR Med robot with a motorized Endo 360 suturing tool 
(37) for robotic suturing and a second KUKA LBR Med robot that 
carries an endoscopic dual-camera system consisting of an NIR cam-
era and a 3D mono color endoscope (38). The camera system allows 
the STAR to autonomously track biocompatible NIR markers (39) 
on the tissue and reconstruct the 3D surface of the tissue (used for 
suture planning). NIR markers provided a method for tracking de-
sired landmarks on the tissue (e.g., the start and end points of the 
suturing process on the target tissue) that is robust to blood and thin 
tissue occlusions during the surgery (39). The proposed method also 
allows tracking the breathing motion of a patient regardless of the 
lighting conditions inside the animal (e.g., the white light used for 
monitoring the surgery). The 2D view of the camera was also used as 
visual feedback for the operator when supervising the autonomous 
control (Fig. 1A). The view is provided from the 3D mono color en-
doscope when it is not running in the point cloud collection mode 

(i.e., projecting fringes to detect the 3D shape of the tissue), which can 
be confusing to the operator. Because the robot operates with an 
elevated LoA based on the 3D tissue detection and task planning 
methods, a 2D view was sufficient for the supervisory tasks using 
the developed system. Later in this article (in “Cascaded U-Net for 
segmentation-assisted landmark detection” section), we present 
robust tissue landmark tracking via this camera that will obviate the 
need for NIR camera in future works.

The following describes the general workflow of the enhanced 
autonomous STAR system used in this study (for further details, 
please refer to Materials and Methods). First, the operator initiated 
a planning sequence with STAR using the graphical user interface 
(GUI) shown in Fig. 1B. The tissue-tracking algorithm (detailed and 
tested in “Tissue motion tracking” section) detected when the pa-
tient was temporarily not breathing (i.e., target tissue reached a stop 
position due to a pause in the breathing cycle). When the tissue was 
stationary, STAR generated two initial suture plans to connect adja-
cent biocompatible NIR markers placed on the corners of the tissue. 
The suture plans were then filtered for noise and STAR predicted 
tool-tissue collisions. Unusable suture plans were discarded, and a 
new set of plans were generated for filtering and collision predictions. 
Once the set of plans was usable, the operator selected a suture plan 
that creates either a uniform suture spacing across the entire sample 
or a uniform suture spacing with additional stitches in the corners 

Fig. 1. Enhanced autonomous laparoscopic soft tissue surgery. (A) The components of the STAR system, including medical robotic arms, actuated surgical tools, and 
dual-channel NIR and 3D structured light endoscopic imaging system. (B) Control architecture of the enhanced autonomous control strategy for STAR.
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of the tissue to elicit leak-free closure in difficult geometry. Once the 
operator selected and approved one of the plans, STAR executed the 
suture placement routine by moving the tool to the location of the first 
planned suture, applied a suture to the tissue, waited for the assistant 
to clear loose suture from the field, and tensioned the suture. After 
completion of the suture routine, STAR reimaged the surgical field 
to determine the amount of tissue deformation. If STAR detected a 
change in tissue position greater than 3 mm compared with the current 

surgical plan, then it notified the operator to initiate a new suture 
planning and approval step. Otherwise, STAR suggested reusing the 
initial surgical plan and continued to the next suture routine. This 
process was repeated for every suture in the surgical plan. In the 
instances when a planned stitch was not placed correctly or if the 
suture did not extend across two tissue layers, the operator re-
peated the last stitch with a slight position adjustment via the GUI 
before the STAR continued to execute the suture plan. It is worth 

noting that although direct intervention 
from the operator was used to correct 
missed stitches, most of the workflow 
was completed in an autonomous manner. 
This strategy can be expanded in future 
works whereby the STAR system auton-
omously detects, adjusts, and repeats a 
missed stich to result in a completely 
autonomous anastomosis procedure. A 
more detailed technical block diagram 
of the overall control strategy is shown 
in fig. S1.

Tissue motion tracking
To track the motion of the tissue due to 
breathing and other tissue motion during 
laparoscopic surgery, we developed a ma-
chine learning algorithm based on the 
convolutional neural networks (CNNs) 
(40) and the feedback from the NIR cam-
era. We labeled a total of 9294 examples 
of different motion profiles (4317 for the 
breathing examples and 4977 for the 
stopped breathing examples) via data 
collected from laparoscopic porcine 
small bowel anastomosis procedures. 

Fig. 2. Tissue motion tracking. (A) The CNN-based breathing motion tracker (units are in pixels). (B) Examples of the vertical motion of NIR marker during in vivo tests. 
(C) Robustness test configurations for the phantom conditions using 20-mm diameter synthetic bowel. (D) The accuracy test results for the breathing motion tracker via 
OF, OA, and the CNN-based method (CNN).

Movie 1.  Overview of the Smart Tissue Autonomous Robot (STAR) for autonomous laparoscopic soft tis-
sue anastomosis.
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The labeled data from the live animal surgeries were collected to train 
the system in a more complex motion tracking setting. Our hypoth-
esis was that if the trained system performs well using in vivo data 
where reflections and obstruction can cause artifacts in the training 
set, then the results would perform as well or better under the con-
trolled phantom test conditions (examined later in this section). 
The inputs to the CNN included the position history of the NIR 
markers in the past 2 s and the direction of motion of the markers 
between now and 2 s ago, which included two channels of 128 pixels 
by 128 pixels downsampled frames (see examples in Fig. 2A). The 
CNN included four convolutional, three dense layers, and two out-
puts (for moving/stopped tissue labeling). The activation function for 
the convolutional layers and the first three dense layers was Rectified 
Linear Unit (ReLU), and the activation function for the final dense 
layer was SoftMax (for labeling the moving and not moving states). 
Same padding and a 25% dropout were used in the convolution lay-
ers. A cross-entropy loss function was used for training the net-
work. This network predicted the motion profiles with an accuracy 
of 93.56% during the training phase. The result was used to syn-
chronize the motion of robot with tissue and trigger data collection 
and planning the right times (e.g., on the bottom of breathing cycles) 
to improve the control algorithm accuracy.

The results of the accuracy tests and comparison with an optical 
flow method are shown in Fig. 2D. The optical flow methods tracked 
the differences of the last two frames in the NIR image, applied a low 
pass filter, and used a threshold to detect when the breathing motion 
ends (i.e., the image flow drops below a certain threshold). Because 
this method was sensitive to light intensity and distance, two varia-
tions were tested: a variation with a fixed threshold for a midrange 
distance and light intensity called optical flow with fixed threshold 
(OF) and a variation with adjustable threshold for each measurement 
distance called optical flow with adjustable threshold (OA). For the 
OF method with fixed threshold, the target tissue was placed at the 
midrange location (here 6.5 cm), and the decision threshold was 

fine-tuned experimentally for the given test conditions to achieve 
the maximum number of correct detections in five breathing cycles 
in a row. The midrange detection threshold was then used for tar-
gets at close (here 3.5-cm distance) and far (here 10-cm distance) lo-
cations. For the OA, a similar process as for the midrange OF 
threshold adjustment was used separately for each test location/
distance to record the best possible motion detection results for this 
method. For each test, we evaluated whether transitions between 
the breathing/moving state of the tissue and nonbreathing state 
(i.e., at T1 and T2 in Fig. 2B) were detected correctly in a 14-breath/
min breathing cycle. If the tested methods labeled any of the tran-
sitions incorrectly, then a mistake was counted. Combinations of 
distance to the target tissue (3, 6.5, and 10 cm) for 11 marker ori-
entations (Fig.  2C) were recorded for five breathing cycles for 
each combination using synthetic colon samples (n = 165 per con-
dition). The results shown in Fig. 2D illustrate that the CNN-based 
method was more robust to tests under different conditions 
owing to the generalization capability of the neural networks. 
The CNN method resulted in 91.52% test accuracy, which was sig-
nificantly higher than OF with 75.76% (P = 0.0068) and OA with 
48.48% accuracies (P < 0.0001). Accuracy of the CNN remained 
unchanged when images obtained during in vivo anastomosis 
(n = 60 representative samples) in four porcine models were ana-
lyzed (91.52% for phantom versus 90.00% for in vivo), whereas the 
OA method’s accuracy dropped to 58.33% from the 75.76% in 
the phantom tests due to a lack of robustness to variations under the 
test conditions.

Phantom end-to-end anastomosis
Experiments for end-to-end anastomosis were conducted using 
phantom bowel tissues (by 3D Med). The study groups included en-
hanced autonomous robotic anastomosis via STAR (n = 5), a manual 
laparoscopy (LAP; n = 4) method, and a da Vinci SI–based RAS meth-
od (RAS; n = 4) (see fig. S2 for the testbeds). For STAR tests, tissue 

Fig. 3. The results of phantom end-to-end anastomosis via LAP (n = 4), RAS (n = 4), and STAR (n = 5). (A) Suture hesitancy events per stitch (additional suturing attempts 
per stitch). (B) Task completion time. (C) Suture spacing. (D) consistency of suture spacing via the coefficient of variance (COV). (E) Suture bite depth. (F) Consistency of 
bite depth via the COV. (G) Representative examples of the phantom end-to-end anastomosis test via LAP, RAS, and STAR including 3D flow fields within each sample. 
Error bars in (A), (B), (C), and (E) represent one standard deviation.
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orientation was set between −20° and 20° with 10° increments for each 
sample, whereas LAP and RAS tissue orientations were randomly 
selected between −20° and 20°. For all study groups, the test tissues 
were attached to a linear stage that was programmed to move with 
a 14-breath/min frequency and a 3-mm amplitude to replicate the 
in vivo breathing cycles. For the STAR study group, an NIR marker 
tracking algorithm was used to trigger robot motion to the planned 
suture point and to enforce that suturing occurs during the rest phase 
of the breathing cycle. A target suture spacing of 3 mm was selected 
on the basis of our previous results in (24), which considers the tissue 
thickness T, bite depth H, and suture spacing S for a leak-free anasto-
mosis [see figure 1G in (24)]. For the LAP and RAS study groups, 
surgeons were instructed to suture with the same spacing and con-
sistency that they would perform in a human patient. To simulate 
tissue movement that occurs during in vivo surgeries, random de-
formation of the tissue was induced once during back wall suturing 
and twice during front wall suturing by loosening and tensioning the 
stay sutures in a different direction for all study groups. LAP and 
RAS data were collected from four different surgeons from either 
George Washington University Hospital (Washington, DC, USA) or 
Children’s National Hospital (Washington, DC, USA.) The order of 
surgeons was randomized, with half of the participants starting with 
LAP followed by RAS tests and vice versa.

The performance metrics for evaluating the outcomes of test con-
ditions for phantom tissues included task completion time, number 
of suture hesitancy events per stitch, suture spacing, and suture bit 
depth. Individual STAR, LAP, and RAS tests were recorded and 
analyzed to measure the total time to complete knots (STAR, LAP, 
and RAS), complete sutures (STAR, LAP, and RAS), planning 
(STAR), and supervision (STAR). Suture planning was defined as 
moving the camera to measure distance, calculating and saving 
suture plans, and returning to the safe suture distance. Supervision 
was defined as slight position adjustments for the robot after hesi-
tancy events. The number of suture hesitancy events per stitch was 
defined as needle placement corrections for STAR or when surgeons 
inserted and immediately retracted a needle from tissue for LAP and 
RAS experiments. This metric measured the collateral tissue damage 
during surgery. Furthermore, suture spacing, defined as the shortest 
distance between any two consecutive sutures, and bite depth, de-
fined as the perpendicular distance from a suture to the tissue edge, 
were collected for each sample (see fig. S3A). We report the coeffi-
cient of variance for suture spacing and bite depth as a measure of 
consistency for each metric because both are known to directly affect 
the quality of a leak-free anastomosis (36). All results from phantom 
testing are summarized in Fig. 3.

STAR completed a total of 118 stitches (10 knots, 108 running 
stitches, n = 5) with an average suture hesitancy per stitch of 
0.17 ± 0.44. The total number of suture hesitancy events among 
all STAR samples was 20, indicating that STAR correctly placed 
stitches under the enhanced autonomous mode at the first attempt 
83.05% of the time. Twelve of the hesitancy events occurred during 
a corner stich, whereas the remaining eight hesitancy events occurred 
on either the back or front wall of the tissue. Observed hesitancy 
events were a result of small planning errors, tool positioning errors, 
difficulty reaching corner stitches, and shallow bite depth. In each 
of these cases, the operator would interrupt the suture plan to cor-
rect the positioning of the suture tool and then restart the enhanced 
autonomous mode. The average 3D norm of offset adjustments 
was 3.1 ± 1.39 mm with a maximum value of 6.0 mm. For the LAP 

method, a total of 111 stitches (18 knots, 93 running stitches, n = 4) 
were completed with an average hesitancy per stitch of 1.03 ± 1.71, 
whereas RAS samples had a total of 139 stitches (14 knots, 125 running 
stitches, n = 4) with an average hesitancy per stitch of 0.44 ± 0.97. 
As summarized in Fig. 3A, the hesitancy per stitch for STAR was 
significantly less than that of LAP (P < 0.0001) and RAS (P = 0.0177).

The average total time to complete the end-to-end anastomosis 
task is shown in Fig. 3B. It was observed that RAS was the fastest 
method for completing the task (31.96 ± 9.01 min), followed by LAP 
(51.08 ± 32.72 min) and STAR (55.41 ± 2.94 min). Although STAR 
had similar total task time to LAP (P = 0.8091), STAR was signifi-
cantly slower than RAS (P = 0.0009). Differences in total completion 
time were primarily due to additional replanning because of random 
tissue deformations and motions and overall supervision time 
(approving plans and sporadic slight position adjustments) in the 
STAR system that was not needed in the RAS technique, which ac-
counted for an additional 19.66 min per sample. In addition, STAR was 
operated under conservative velocity limits to minimize the force inter-
actions between the surgical tool and the laparoscopic ports to guaran-
tee the smoothness of motion profiles and the accuracy of the suture 
positioning. The smooth motion profiles had the added benefit of re-
ducing the chance that small planning errors in tight corners would 
cause the suture tool to damage the stay sutures or native tissues.

The average suture spacing for LAP, RAS, and STAR was 2.28 ± 
1.04, 1.58 ± 0.65, and 3.05 ± 0.8 mm, respectively (see Fig. 3C). 
Suture spacing resulting from STAR was significantly larger than 
LAP (P < 0.0001) and RAS (P < 0.0001) but was statistically similar 
to the 3.0-mm spacing suggested by the uniform suture plan (P = 
0.4163). Because smaller suture spacing can lead to smaller variance 
in the data, suture consistency was compared by the coefficient of 
variance for each study group (i.e., the ratio of SD to mean converted 
to percentage). On the basis of the results in Fig. 3D, the coefficient 
of variance for LAP, RAS, and STAR was 45.37, 41.42, and 26.36%, 
respectively, which indicated higher consistency of STAR compared 
with LAP (P < 0.0001) and RAS (P < 0.0001). The average bite depth 
for LAP, RAS, and STAR was 2.02 ± 1.10, 1.69 ± 0.55, and 3.05 ± 
0.91 mm (see Fig. 3E). Although the average bite depth for STAR 
was significantly larger than LAP (P < 0.0001) and RAS (P < 0.0001), 
it was similar to the target bite depth of 3 mm programmed by the 
uniform suture plan (P = 0.4414). As with suture spacing, the con-
sistency of the bite depth can be reported as the coefficient of varia-
tion by normalizing the SD of each study group by its mean. As 
illustrated in Fig. 3F, the coefficient of variation for LAP, RAS, and 
STAR was 54.41, 32.57, and 29.99%, respectively, indicating that 
STAR is more consistent in bite depth than LAP (P < 0.0001) and 
similar to RAS (P = 0.2611) (see table S1 for further details).

A representative anastomosis for each study group is shown in 
Fig. 3G. Back wall suturing is illustrated in the top row, front wall 
suturing is illustrated in the middle row, and 3D flow fields of fluid 
passing through the resulting anastomosis are illustrated in the third 
row. To obtain images of the resulting flow fields, samples from each 
study group were connected to a magnetic resonance conditional 
pump and circulated with a 60/40 glycerin-to-water mixture at a 
flow rate of 10 ml/s. Flow fields were acquired using a Siemens Aera 
1.5T magnetic resonance imaging scanner programmed to a 4D flow 
sequence with 1.25 mm–by–1.25 mm–by–1.3 mm spatial resolution, 
with the samples placed at the isocenter of the magnet. Postprocessing, 
including segmentation and display of flow field lines, was per-
formed with iTFlow version 1.9.40 (Cardio Flow Design Inc.). A 
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single phase of the 4D flow was collected for all models. Resulting 
flow lines are most laminar for STAR and most turbulent for LAP, 
indicating that STAR reapproximates tissue better than either 
surgical technique.

Cascaded U-net for segmentation-assisted 
landmark detection
To minimize the complexity of the camera system and to eliminate 
the need for markers, which are difficult to get approved for long-
term implantation in clinical translation, we further aimed to replace 
the fluorescence marker–based imaging with a CNN-based landmark 
detection algorithm. The overall data processing contained a CNN 
architecture and a postprocessing step as shown in Fig. 4A. The CNN 
architecture was adopted from U-Net, because U-Net has demon-
strated superior performances in the segmentation task due to its 
capability of multiresolution analysis (40), and it requires much 
fewer training data compared with a fully connected network due to 
its fully convolutional properties (41). Two U-Nets were cascaded 
for segmentation-assisted landmark detection. The first U-Net took 
each individual grayscale intestine image as the independent input 
and output a segmentation result of the intestine tissue. Its main 
architecture was mostly the same as the one in (40), except that we 
used the same padding in all pooling layers to avoid image cropping 
and used sigmoid activation instead of the soft-max activation for 
the final segmentation results. The second U-Net took both the 
intestine image and the segmentation result from the first U-Net as 
the input and it output a landmark heatmap, because the landmark 
heatmap regression has demonstrated better performances than re-
gressing the landmark coordinates directly (42). The final landmark 
coordinates were obtained as the maximum responses of the pre-
dicted heatmaps. The second U-Net architecture was mostly the 
same as the first U-Net, except that its input contains two channels. 
Because the cascaded U-Net had two outputs, the total loss function 
was the summation of the binary cross entropy of both the segmen-
tation and the landmark heatmap with the same weight. In the 
postprocessing step, we first binarized the segmentation results 
by applying a threshold. Then, we found the largest connected 
component (CC) from the binarized segmentation. In the end, 
we multiplied the largest CC with the landmark heatmap using a 
point-wise approach to eliminating any random landmarks detected 
in the background.

To evaluate the performance of the algorithm, we recorded a 
45-s video of a phantom intestine tissue with various positions and 
orientations using our camera system. During the recording, we 
moved the tissue fast enough such that a wide range of positions 
and orientations were captured to avoid overfitting. The video had 
a frame rate of 68 Hz and contained 3037 frames in total. We took 
50 image frames out of the video every 0.9 s. The 25 image frames 
with an odd serial number were used as the training set, and the 
remaining 25 frames with an even serial number were used as the 
testing set. During the robotic anastomosis in this work, once the tissue 
was staged (for example, for the back wall or the front wall suturing 
steps), it did not undergo marked changes in position and orienta-
tion until the corresponding step of the anastomosis was completely 
done. Moreover, 3D tissue and landmark tracking tasks needed to 
be performed intermittently (i.e., before/after a suture was autono-
mously placed when the tool was not blocking the tissue and when 
target tissue had reached a stop position due to a pause in the 
breathing cycle). Therefore, major temporal information changes did 
not appear in the current setting, and hence, the developed CNN 
was suitable for this task.

We manually segmented the intestine tissue using a binarized hard 
mask as the segmentation ground truth. Similarly, we manually 
segmented four corners of the intestine tissue using binarized hard 
masks, and we used the center of each corner segment as the ground 
truth for the corner landmark coordinate (i.e., for replacing the NIR 
markers used for path planning). Moreover, we fit each corner hard 
mask with an elliptical Gaussian probability as the heatmap ground 
truth. After training, the trained weights were applied to both the 
training set and the testing set, followed by the postprocessing step. 
The predicted landmark coordinates of the four corners were ob-
tained as the four local maximum heatmap responses. Compared 
with the ground truth, it was found that the landmark detection 
accuracy to the training set was 2.3 ± 1.0 pixels, and the landmark 
detection accuracy to the testing set was 2.6 ± 2.1 pixels. Because of 
the different shapes and sizes of the four intestine corners, we de-
fined the maximum allowable error as the statistical average of 
the effective radius of all the corners, which was found to be 11.3 ± 
4.8 pixels. Furthermore, of 25 testing frames, there were 3 frames 
where apart from the correct four corners, extra landmarks in the 
background were mistakenly detected. With the segmentation-assisted 
landmark detection postprocessing step, these extra landmarks were 

Fig. 4. Segmentation-assisted landmark detection. (A) Overall data processing scheme based on cascaded U-nets. (B) Final results on the whole testing set. Blue shows 
the intestine segmentation results, and pink shows the landmark heatmap results.

D
ow

nloaded from
 https://w

w
w

.science.org at T
he H

ong K
ong U

niversity of Science and T
echnology (G

uangzhou) on M
ay 25, 2026



Saeidi et al., Sci. Robot. 7, eabj2908 (2022)     26 January 2022

S C I E N C E  R O B O T I C S  |  R E S E A R C H  A R T I C L E

8 of 13

effectively removed. The final segmentation and heatmap results 
were cropped and combined with the intestine image to a color im-
age as shown in Fig. 4B. From these results, we concluded that the 
cascaded U-Net correctly segmented the intestine tissue and generated 
the intestine landmark heatmap. Moreover, with the segmentation-
assisted landmark detection postprocessing, the noise from the back-
ground was effectively removed.

In vivo end-to-end anastomosis
Last, laparoscopic autonomous surgery was performed in vivo on 
porcine small bowel using STAR (n = 4 independent animals). After 
surgery, the animals were monitored for a 1-week survival period 
and subject to limited necropsy to compare the healed anastomosis 
with a laparoscopic control (n = 1) (Table 1). For these tests, STAR 
used the same suture algorithm described in the phantom tests. To 
guarantee the safety of the procedure and comply with animal care 
protocols, we increased the safety measures by adding to the number 
of tasks that the operator was required to monitor and intervene (the 
phantom tissue tests already allowed higher risk tolerance for testing 
the system features). This included an additional number of human 
interventions for initial robot position fine-tuning (before the first 
suture) and approval of firing the needle. We also reduced the number 
of plan options and replanning steps and implemented more conser-
vative velocity limits to further prevent collateral tissue damage.

The performance metrics for evaluating the outcomes of test 
conditions for in vivo experiments included task completion time, 
number of suture hesitancy events per stitch, lumen patency, leak 
pressure, and quality of wound healing and inflammatory changes. 
Upon completion of the 1-week survival period after surgery, limited 
necropsy was performed. Gross examination of the anastomosis 
identified scar tissue and adhesions consistent with the control animal. 
In addition, residual NIR markers used during the surgery had to be 
encapsulated and remained outside of the anastomosis. A portion 
of the small bowel was resected and subject to leak and lumen 
patency testing. Lumen patency was defined as the largest diameter 
gauge pin that could be passed through the anastomosis. Leak pres-
sure was defined as the maximum internal pressure achieved by the 
anastomosis before rupture. Leak pressure testing was limited to 
a maximum of 1.2 psi to preserve the sample for histology testing 
(see Fig. 5).

In this study, STAR achieved a leak pressure of 0.69 ± 0.59 psi 
and a lumen patency of 88.75 ± 4.79%, which are both consistent 
with our previous results in open surgeries (24). The average task 
completion time for STAR was 62.03 ± 5.32 min compared with 
25.6 min for the control. Similar to the phantom tests, STAR was 
slower to complete the task primarily due to the additional planning 
(8.5 min on average for three plans), safe tool rotations (1.13 min), 
and task supervisions (10.2 min). Moreover, STAR was operated 

Table 1. In vivo end-to-end anastomosis. Bowel anastomoses were carried out in pigs using STAR (n = 4) and manual laparoscopic control (n = 1). 

Pig no. Weight at 
surgery (kg)

Weight at 
sacrifice (kg)

Leak pressure 
(psi)

Lumen 
patency (%)

Completion 
time (min) No. of sutures Suture 

hesitancy

STAR 1 32.7 36.4 0.23 85 59.71 24 4

STAR 2 35.4 37.3 0.12 85 55.64 17 7

STAR 3 35.3 33.5 1.2 90 65.73 24 11

STAR 4 35.5 33.8 1.2 95 67.03 21 7

5 (Control) 30 32 1.2 90 25.6 21 9

Fig. 5. The results of in vivo experiments. (A) Representative histology examples from each anastomosis tissue operated on with STAR (n = 4), and manual laparoscopic 
control test (n = 1). The approximate location of each anastomosis is indicated with an arrow. Squares near each anastomosis represent the location of the magnified 
images. (B) PMN cell as a surrogate measure of inflammation for each sample. (C) Representative examples of the anastomosis collected at necropsy for STAR and 
control tests.
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under conservative speed limits to minimize the interaction forces 
at the laparoscopic ports and reduce the chance of collisions among 
the suture tool, stay sutures, and nontargeted tissue because of 
breathing motions, which further increased the total time. Histol-
ogy carried out on day 7 (Fig. 5A) illustrated that there was no 
observable difference in wound healing and inflammatory changes 
as observed in continuity of mucosal edges, degree of tissue injury 
such as hematoma, and similar counts of polymorphic nucleated 
(PMN) cell infiltrates (P = 0.4543; Fig. 5B) between STAR and 
the control.

In all four in vivo tests, STAR completed a total of 86 stitches 
(eight knots, 78 running stitches). The total number of sutures 
requiring manual adjustments were 29 (66.28% correctly placed 
stitches in the first attempt), which corresponded to an average of 
0.34 suture hesitancy per stitch. These attempts included 14 corner 
stitches and 15 stitches along the back and front walls. Compared 
with the phantom tests, a higher average number of attempts were 
required to adjust the offsets manually via the GUI (0.34 additional 
attempts for in vivo versus 0.17 for phantom). Additional sources of 
extra attempts observed during the in vivo experiments included 
animal size variations that affected the optimal laparoscopic port 
placement and tissue reachability, extra tissue motion induced by 
the stay sutures on the flexible skin of animal, sporadic insufflation 
leaks due to the motion of robot tool and imperfect sealing of the gel 
port, edema causing the tissue not to fit in the jaw, harder tissue 
staging depending on the animal, and tool flex under forces from the 
trocar. The average norm of offset adjustments in three dimensions 
was 3.85 ± 1.88 mm with a maximum value of 8.15 mm. For the 
control test condition, a total of 21 stitches were completed (four knots 
and 17 running stitches). The total number of needle repositioning 
was nine (57.14% correctly placed stitches in the first attempt), which 
corresponds to an average of 0.43 suture hesitancy per stitch. These 
needle repositioning adjustments included four corner stitches and 
five stitches on the front and back walls.

DISCUSSION
Here, we demonstrated laparoscopic autonomous soft tissue bowel 
surgery in unstructured and deformable environments under motion 
and visual constraints. Advanced imaging systems, machine vision 
and machine learning techniques, and real-time control strategies 
were developed and tested to track tissue position and deformation, 
perform complex surgical planning, interact with the human user, 
and adaptively execute the surgical plans. In the robotic laparoscopic 
anastomosis experiments, the developed system outperformed 
surgeons using LAP and RAS surgical techniques in metrics, including 
the consistency of suture spacing and bite depth and the number 
of suture hesitancy events, that directly affect the quality of a 
leak-free end-to-end anastomosis. The STAR system encapsulates 
the autonomous control functionality and reduces the involvement of 
the human operator, with the robot reacting to tissue deformation 
and various test condition changes. Although the role of human super-
vision cannot be eliminated in complex and unpredictable surgical 
scenarios, advancing through the LoAs can reduce the individual-
based experience and performance variations and result in higher 
safety, access to a standard surgical technique, and consistency of the 
surgical outcomes. We also demonstrated in vivo robotic laparoscopic 
anastomosis, which involved surmounting several challenges—
including soft tissue tracking, surgical planning, and execution—in 

a highly dynamic and variable environment with restricted access 
and visibility. The survival study results indicated that the developed 
robotic system could match the performance of expert surgeons in 
metrics including leak-free anastomosis and lumen patency and at 
the same time exhibit an elevated level of consistency.

Despite these achievements, some limitations exist in the current 
methods and the results. Currently, a successful implementation of 
the robot control algorithms depends on the reachability and cor-
rect staging of the tissue in a certain working region. This does not 
allow any arbitrary tissue staging given the limitations of the camera 
system and robot’s kinematic architecture. Furthermore, once addi-
tional staging features are enabled, the tissue landmark detection 
methods discussed in this article will need to include architectures 
such as long short-term memory (43) to handle marked changes in 
the temporal information caused by rapid position and orientation 
changes in the tissue. Another limitation of this study was that the 
comparison of the STAR robot, manual laparoscopic surgery, and 
teleoperated da Vinci was performed on phantom tissue. There was 
no possibility of using a da Vinci–based test arm for the in vivo 
study, because this specific system is only allowed for use in human 
patients at Children’s National Hospital (Washington, DC, USA). 
In addition, because of ethical reasons to limit the number of in vivo 
experiments and because of dynamic factors that uniquely occur 
during each surgery (such as variations in size, port placement, tissue 
reachability, sporadic insufflation leaks, tissue motion, and edema), 
we limited the in vivo comparisons to one manual laparoscopic 
surgery and instead performed an extensive, more controlled com-
parison study in phantom tissue. However, considering all these 
factors, we were able to confirm the overall feasibility of imple-
menting the enhanced autonomous strategy of the STAR in the 
in vivo experiments.

In the current version of the system, the laparoscopic dual-camera 
system has a 3-cm footprint that requires the use of a gel port for 
camera insertions. This will also increase the chance of a gel port 
blocking the robotic suture tool or inducing extra pressure and slight 
positioning errors at the tool control point. In our future works, we 
will integrate and test the marker-less tissue tracking techniques to 
reduce the camera system to an endoscope that will provide quanti-
tative 3D visualization with a smaller footprint than used in this 
study. Furthermore, we will enable a larger distance for accurate point 
cloud collection so that the camera system does not require back and 
forth motion between the imaging and suture positions to reduce 
the suturing time. It is also worth mentioning that because of addi-
tional forces and torques introduced at the laparoscopic port on the 
robot tool, the force measurements at the tool tip are not observable. 
More specifically, the six-axis force/torque sensor of the robot is 
mounted on the robot flange, which measures a combination of tool 
gravity forces (three estimated forces based on the tool geometry and 
mass), interactions at the laparoscopic port (two unknown forces 
and two unknown torques assuming negligible axial force and torque 
along the port), and the tension and contact forces at the tool-tip 
during the suturing process on tissue (three unknown forces, i.e., a 
total of at least seven unknowns with six measurements). In future 
works, we are planning to include a tactile or proximity sensor near 
the tool tip to decouple the interaction forces and measure the 
tissue contact and suture tensioning forces locally. Furthermore, we 
are planning to add a sensor at the tool tip to detect whether the two 
layers of the target tissue are inside the robot tool jaw before firing 
the needle. This will help eliminate one monitoring task from the 
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operators and guarantee that robot does not miss any stitches on the 
tissue, which will be a key step in enabling a fully autonomous 
system. We expect that the synergy of these changes will allow a 
substantially faster task completion time via higher (but safe) robot 
velocity limits, reduced measurement and (re)planning time, and 
reduced number of suture hesitancy events.

MATERIALS AND METHODS
Imaging system
A customized laparoscopic imaging system was built for in vivo 
animal studies via STAR (shown in Fig. 1A). The projector and the 
monochrome camera were used to reconstruct the 3D point cloud 
of the sample. The NIR light source and the NIR camera were used 
for fluorescence marker imaging. Both cameras were enabled simulta-
neously through the nonoverlapped imaging spectral window. More-
over, a white light source was added to monitor the environment 
inside the animal body when necessary. NIR and 3D cameras enabled 
the robot to reconstruct the 3D model of the tissue and plan for 
robotic suture planning. The detailed specifications for the imaging 
system are presented in the supplementary methods.

Robotic platform
The platform consisted of a KUKA LBR Med lightweight robot that 
was equipped with a motorized commercial Endo 360 suture tool 
with pitch control. The camera system allowed measurement of the 
tissue geometry 5- to 8-cm distance from the tissue. The system was 
capable of dynamic position control of the camera system via a linear 
stage, which was used to prevent collisions between the camera sys-
tem and suturing tool when STAR was executing a suture plan. In 
practice, the camera was positioned 5 to 8 cm from the target tissue 
and used to collect 3D point clouds, whereas the suture tool was 
retracted from the field of view to prevent occlusion and collision 
with the surgical field (imaging configuration), or the camera was 
positioned at a 4-cm distance behind the measurement position so 
that the suture tool could be advanced into the surgical field and 
execute the surgical plan without collision with the imaging system 
(suturing configuration).

High-level control strategy
A detailed view of the overall control strategy is shown in fig. S1, 
which highlights the interaction of the low-level robot motion con-
trol with the higher-level control blocks (such as suture planner, 
operator, and suturing logic). The overall control strategy was based 
on a feedback control loop with components that include internal 
feedback mechanisms. In this figure, the first and the second time 
derivatives of the variables are shown with the notation ​v​a ̇ ​r​ and ​v​a ¨ ​r​, 
respectively. In this control loop, real-time video frames from the 
3D endoscope and NIR cameras were collected and processed via a 
raytracing technique that were developed in (39) to track the 3D 
motion of the tissue (denoted by xt ∈ R6 for translations and orien-
tations). A tissue motion tracking algorithm (detailed and tested in 
Results) tracked the position of target tissue via the NIR fluorescent 
markers in the NIR view of the camera and autonomously detected 
when the tissue is stationary. At this point, the motion tracker trig-
gered the imaging system to reconstruct the surgical field based on 
the image of the stationary scene to produce tissue position estima-
tions (denoted by ​​​   x ​​ t​​  ∈ ​ R​​ 6​​). A path planning algorithm, developed 
in our previous works (44, 45), generated multiple suture plan options 

on the 3D point cloud of the tissue, which can be selected by the 
user from a GUI. This is denoted by xp1 ∈ R3n and xp2 ∈ R3m, which 
represents the 3D positions of the suture points in plan 1 (with n 
points) and plan 2 (with m points), respectively. This method also 
projects the robot tool on each planned suture point, predicts the 
chance of tool collision with the tissue, and autonomously generates 
a new suture plan if the original image is noisy. Once STAR gener-
ates a usable suture plan that is selected by the operator (i.e., the 
approved plan xpa from the two available options), reference way-
points and real-time robot positions (x ∈ R6) were used in a high-
level suture logic and task planner via the methods developed in (46). 
This planner generated the strategy for knots and running stitch in-
dices and produced motion primitives (such as target position and 
orientation for approaching the tissue, biting/firing the suture, wait-
ing for the assistant, and tensioning briefly denoted as xs ∈ R6). These 
stepwise target positions were then sent to the low-level control block 
to guarantee that the desired position and orientation was followed 
according to the following details.

Low-level control
The motion primitives xs were sent to a trajectory generator to obtain 
smooth time-based desired trajectories in the task-space (shown as 
xd ∈ R6 here) via Reflexxes Motion Libraries (47). Kinematics and 
Dynamics Library of Open Robot Control Software (OROCOS) con-
verted the task-space trajectories of the robot into to the joint-space 
trajectories (48) (denoted as qd ∈ R9 because it includes seven DoFs 
of the KUKA robot in addition to one DoF for the tool pitch angle 
and one DoF for the linear stage that carries the camera system). An 
RCM constraint was also implemented in the kinematic solver (i.e., 
forward and inverse kinematics functions f and f−1, respectively) at 
the site of the laparoscopic tool port. Last, closed-loop controllers 
enabled via KUKA robot controllers in IIWA stack (49), OROCOS 
real-time toolkit (50), and Fast Research Interface (51) (here shown 
as “Robot Driver”) guaranteed the joint-space trajectories control 
of the robots and the mounted suture tool and linear stage. These 
drivers followed standard closed-loop control strategies, such as in 
(52), based on the robot dynamics (i.e., inertia H, Coriolis and 
viscous damping effects c, and external disturbances fext) to produce 
the joint torque inputs  ∈ R9 (implemented via robot motors) to 
follow the desired trajectories.

Suture planning
The suture planning and tissue deformation tracking logic is shown 
in fig. S4. This method allows interactions with the operator for 
approving a suture plan or initiating a (re)planning step. The work-
flow is according to the following. The breathing motion tracker 
tracked the motion of tissue xt at the measure mode/distance. When 
a plan update command was issued by the operator, the motion 
tracker detected the end of the breathing motion via a sequence of 
NIR image frames and triggered a 3D point cloud collection from 
the target tissue ​​​   x ​​ t​​​. Collecting the point cloud when the tissue is not 
moving is essential to remove blurry and noisy data caused by the 
motion of the tissue during the fringe projection process. The pro-
jected NIR marker positions on the point cloud (via raytracing) 
were used for determining the start and end points of the suturing 
path. For the backwall suturing, the NIR marker order was detected 
automatically via blob tracking techniques such that the top marker 
was identified first, followed by the left marker and then the right 
marker. For the front wall, the order was left marker followed by 
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right marker. The suture path planning method then planned suture 
points between the NIR markers in the sequence mentioned above 
with 3-mm spacings and an optional extra corner stitch for prevent-
ing leaks at the corners. For each of the planned suture points 
(xp1 and xp2), the system autonomously detected potential collisions 
of the suture tool with the target tissue by projecting the geometry 
of suture tool with a fixed bounding box onto the point cloud data 
from the camera. If the ratio between the number of points predicted 
to collide with the tool and the number of points projected to cor-
rectly fit inside the tool jaw exceeded an 80% threshold, then the 
system warned the operator that suture misplacement or tool colli-
sion is possible, and the operator could select to generate a new 
suture plan.

Tissue deformation and motion tracking
Once a suture plan was selected by the operator xpa, the robot saved 
the plan and autonomously switched to the suture mode. At the end 
of the next breathing cycle, a first snapshot of the NIR view was re-
corded (i.e., ​​​   x ​​ t0​​​) and the suturing process started. Once a suture had 
been placed by STAR, the system waited until the end of the next 
breathing cycle and the camera system captured a new image via the 
NIR camera (i.e., ​​​   x ​​ tk​​​ if the kth suture from the planned path is com-
plete). The new image was then compared with the initial image, 
and if the norm distance of any marker exceeded 3 mm (i.e., 
​‖​​   x ​​ tk​​ − ​​   x ​​ t0​​‖> ​ ​ h​​​, where h is the 3-mm decision threshold), STAR 
suggested to the operator that a new suture plan should be generated. 
A new suture plan is recommended in this instance because a tissue 
deformation greater than 3 mm exceeds more than half of the tool 
jaw, resulting in suture positioning errors if the previous plan is used. 
If the detected motion between images was less than 3 mm, then a 
message was shown to the operator indicating that the previous plan 
is still usable, and the operator can continue to use the existing plan 
(i.e., xpak + 1 = xpa). Last, the motion of the robot was synchronized 
with the breathing motion such that the suture tool reached the target 
tissue at the stationary point of the breathing cycle. The synchroni-
zation was achieved by calculating a trigger on the basis of the 
current t, distance to target d, the average robot velocity v, and 
the breathing cycle duration T. For the robot to reach the target at the 
nth breathing cycle, the trigger time can be calculated according to 
​​t​ t​​  =  nT − ​d _ v ​​, where n is ​​​min​ n​ ​​ (​​nT − ​d _ v ​​)​​  >  t​​. At this point in time, the 
robot tool started moving and reached the target point after ​​d _ v ​​ seconds. 
When the robot reached the target suture point at the end of breath-
ing cycle, the target tissue was enclosed within the tool jaw, and a 
needle fire command was issued at the end of the next breathing 
cycle. The tissue stayed stationary for 1.143 s at the end of the 
breathing cycle. The needle firing mechanism takes 0.5 s to insert 
the needle through the tissue, which is considerably less than the 
1.143-s stationary period.

Surgical methodology
All animal testing adhered to the National Institutes of Health 
(NIH) Guide for the Use and Care of Animals and was performed 
under Institutional Animal Care and Use Committee Approval 
(Protocol 30759) at Children’s National Hospital in Washington, 
DC, USA. The anesthetized animal was positioned supine, and the 
abdominal/surgical site was prepped with alcohol, followed by 
chlorhexidine scrub and sterile drapes. On the abdomen, four trocars 
(Ethicon, Somerville, NJ) were placed laterally, and a gel port (Applied 
Medical, Rancho Santa Margarita, CA) was inserted medially (e.g., 

as shown in fig. S3B). The trocars provided sterile access to the peri-
toneal space for STAR’s suture tool and the assistant’s grasper, where-
as the gel port provided sterile entry for the laparoscopic camera. 
STAR’s suture tool and imaging system were disinfected using 
MetriCide 28 (Metrex, Orange, CA). Using insufflation and laparo-
scopic technique, a surgeon identified and transected a loop of small 
bowel. The two open ends of the intestine were reapproximated and 
suspended with transabdominal stay sutures (e.g., as shown in fig. 
S3C). NIR markers (indocyanine green and Permabond) that can be 
visualized by STAR’s laparoscopic camera were placed on the corners 
of the tissue, and robotic suturing was performed. After the anasto-
mosis was completed, the abdominal wall was closed in a multilayer 
fashion. The total procedure time was about 4 hours. See Supple-
mentary Materials and Methods for the preoperative setup and the 
postoperative care.

Statistical analysis
GraphPad Prism 7.04 statistical software was used for all analysis in 
this study. Suture spacing and bite depth for each modality were 
subjected to the D’Agostino and Pearson test for normality and then 
compared using the nonparametric Mann-Whitney comparison test. 
Mann-Whitney tests are also used to compare the hesitancy per stitch 
and time per stitch between STAR and the surgical modalities. 
Levene’s test for variance was performed on total suture times, 
followed by Welch’s t test assuming unequal variance to compare 
STAR and LAP total suture times and the unpaired t test assuming 
equal variance to compare STAR and RAS total suture times. Single 
comparisons are chosen for all comparison tests because our hy-
pothesis only considers relationships between STAR and each of the 
surgical techniques individually. Variation in suture spacing and bite 
depth for each test modality is normalized using the sample mean 
and reported as the coefficient of variation, with statistical differ-
ences calculated as in (53). A Kruskal-Wallis test for analysis of 
variance followed by Dunnett’s tests for multiple comparisons was 
performed for phantom motion tracking accuracy, and Mann-Whitney 
comparison tests were performed for in vivo tracking accuracy. Un-
paired t tests are used for comparing PMN cell counts. P values are 
reported for all comparison tests, with P < 0.05 considered to be 
statistically significant.

SUPPLEMENTARY MATERIALS
www.science.org/doi/10.1126/scirobotics.abj2908
Materials and Methods
Figs. S1 to S4
Table S1
Movie S1
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