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

Medical needles in the hands of AI: Advancing toward 
autonomous robotic navigation
Ron Alterovitz1*, Janine Hoelscher2, Alan Kuntz3

Safely and accurately navigating needles percutaneously or endoscopically to sites deep within the body is es-
sential for many medical procedures, from biopsies to localized drug deliveries to tumor ablations. The advent of 
image guidance decades ago gave physicians information about the patient’s anatomy. We are now entering the 
era of AI (artificial intelligence) guidance, where AI can automatically analyze images, identify targets and obsta-
cles, compute safe trajectories, and autonomously navigate a needle to a site with unprecedented accuracy and 
precision. We survey recent advances in the building blocks of AI guidance for medical needle deployment robots 
(perceiving anatomy, planning motions, perceiving instrument state, and performing motions) and discuss re-
search opportunities to maximize the benefits of AI guidance for patient care.

INTRODUCTION
Reaching a specific site in the human body with a needle is a critical 
step in billions of medical procedures each year, making needles 
among the most widely used medical instruments (1–7). These pro-
cedures range from simple, routine tasks like vaccinations to complex 
procedures such as biopsies to diagnose cancer or other diseases, lo-
calized injections of drugs into tumors or other diseased tissues, per-
cutaneous needle insertion to enable vascular access, brachytherapy 
to place radioactive seeds to locally kill tumors, and ablation to de-
stroy diseased tissues. The success of the latter, more complex proce-
dures, which collectively number in the millions of cases each year 
(2–7), depends on safely navigating a needle to a specific anatomical 
site with high accuracy.

Reaching a site with high accuracy using a needle is challenging. 
The needle’s initial position and orientation and its path through 
tissue need to be determined and followed. The needle’s path through 
tissue should avoid anatomical obstacles, including nonpenetrable 
structures such as bones as well as sensitive structures such as nerves, 
blood vessels, and other tissues, to which damage might result in nega-
tive side effects or procedure complications. Furthermore, tissues may 
move or deform because of needle/tissue interaction forces as well as 
physiological processes such as respiration and heartbeat. The nee-
dle can be deployed percutaneously (through the skin) or via an en-
doscope (for example, via a bronchoscope or colonoscope), raising 
additional navigation challenges.

Robots combined with artificial intelligence (AI) are showing 
promise in addressing these challenges and enabling needles to reach 
more targets safely and accurately. Robots provide greater accuracy 
and precision than physicians can achieve by manually guiding nee-
dles, and they also allow the use of advanced needle designs that can 
steer through the body. Advances in AI can improve procedure ac-
curacy and safety as well as enable an increase in the level of automa-
tion of such procedures (8, 9). AI can automatically analyze images, 
identify targets and obstacles, compute safe trajectories, and autono-
mously navigate an instrument to a site with unprecedented accu-
racy and precision.

For decades, a dominant paradigm for accurately navigating in-
struments to a site within the human body has been image guidance. 
The field of image-guided interventions was set in motion in 1896, the 
year after x-rays were discovered, when physician John Hall-Edwards 
used an x-ray image of a patient’s hand to surgically remove an em-
bedded needle (10). The advent of computed tomography (CT) scans 
and magnetic resonance imaging (MRI) in the 1970s opened up more 
possibilities for interventional medical procedures: Physicians could 
see anatomy in three dimensions without surgically opening the pa-
tient. With preprocedure image guidance, physicians can visualize 
three-dimensional (3D) anatomy and plan needle paths before a pro-
cedure, enabling safer access to targets deep within the body than pre-
viously possible. In addition, with intraprocedure image guidance, 
physicians can adjust needle motions on the basis of feedback from 
imaging, further improving accuracy. One of the first medical ro-
bots to operate on a human used a needle and image guidance for a 
brain biopsy procedure in 1985 (11). In this pioneering work, image 
guidance enabled a physician, looking at a preoperative CT scan, to 
identify a tumor and plan a path for a needle biopsy. The physician 
then registered a robot to the CT image, and the robot automatically 
positioned and oriented a guide for a needle to accurately reach the 
target. Today, image guidance remains a dominant paradigm for 
achieving accurate needle placement.

Advances in AI are enabling a new form of procedure guidance: 
AI guidance. AI guidance leverages AI to enhance physician perfor-
mance and create building blocks for higher levels of robot autono-
my. The scope of AI methods relevant to AI guidance is quite broad. 
Since the term “artificial intelligence” was coined at a Dartmouth 
workshop in 1956, AI has expanded to cover a variety of techniques, 
including search algorithms, logical agents, probabilistic reasoning, 
learning (for which support vector machines and artificial neural 
networks are particular examples), natural language processing, and 
perception (12). For needle-based procedures, we consider the com-
ponents of AI guidance to include perceiving anatomy, planning instru-
ment motions, perceiving instrument state, and performing instrument 
motions during a procedure.

These AI guidance components can assist physicians or enable a 
medical robot to operate autonomously. Inspired by the levels of au-
tomation for self-driving vehicles standardized by the Society of Au-
tomotive Engineers (SAE) (13), five levels of automation have been 
defined for medical robots (14–16): robot assistance, task autonomy, 
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conditional autonomy, high autonomy, and full automation (14). 
AI guidance components help a robot achieve a higher level of au-
tomation. The robot’s automation level is limited by its AI guidance 
component that requires the most human involvement. For exam-
ple, if planning motions is fully autonomous but performing those 
motions is done manually by the physician, the robot’s level of au-
tomation is limited by the manual execution. Furthermore, AI guid-
ance is enabling better procedure outcomes compared with traditional 
approaches, including in live humans (17, 18) and ex vivo and 
in vivo animal studies (19, 20). Advancements in AI guidance have 
the potential to further enhance physician performance and in-
crease robot autonomy.

This article reviews the state of the art in AI guidance of medical 
needle deployment robots. We introduce the AI guidance compo-
nents needed to enable higher levels of autonomy. We then review 
robots that percutaneously or endoscopically deploy needles to tar-
gets and discuss their AI guidance capabilities. We then discuss re-
search opportunities to maximize the benefits of AI guidance for 
patient care.

AI GUIDANCE FOR NEEDLE-BASED PROCEDURES
We begin by defining the components of AI guidance for needle-
based procedures (see Fig. 1). Each AI guidance component enhances 
procedure accuracy and safety, reduces physician effort, or increases 
the robot’s level of automation. Each AI guidance component func-
tions as a feature that physicians may find valuable and that medical 
robot vendors could promote as enhancing a robot’s capabilities, ease 
of use, and clinical effectiveness.

The first AI guidance component is to perceive anatomy, which 
provides tools to understand the patient’s anatomy, including the tar-
get to reach and anatomical obstacles to avoid. This can be achieved 
by acquiring and analyzing sensor data, such as medical images, cam-
era images, 3D sensor data [e.g., RGB-D (red, green, blue, and depth) 
sensors, laser scanners, etc.], and force measurements, as well as other 
data sources such as image databases and patient medical record data. 
Key challenges include segmenting and identifying relevant anatomy 
in images and potentially fusing multiple sensor/data sources into a 
single comprehensive geometric or semantic understanding of the 
anatomy. This AI guidance component can be executed preproce-
dure (to facilitate preprocedure planning) or intraprocedure (to pro-
vide feedback during procedures). This AI guidance component can 
also be passive (analyzing provided sensor data) or active (guiding 
sensor data acquisition, for example, deciding when to activate fluo-
roscopy imaging, optimizing the view angle for an x-ray image, or 
selecting the parameters of an MRI scan).

The second AI guidance component is to plan motions, which in-
volves computing safe, feasible motions that the medical instruments, 
such as needles and endoscopes, can follow to accomplish a proce-
dure. The motions should be safe both inside the patient (for example, 
a needle should avoid damaging anatomical obstacles) and outside 
the patient (for example, the robot should safely avoid harming phy-
sicians and medical staff in the procedure room). This AI guidance 
component, like the one before, can be performed preprocedure (to 
plan a procedure before it starts) or intraprocedure (to plan the next 
steps of a procedure in progress). Planning motions can be direct or 
obstacle-avoiding, where the latter means that the medical instru-
ments must avoid anatomical obstacles to ensure safety. Algorithms 
for this AI guidance component can be heuristic or optimal, where 

heuristic algorithms find feasible or good solutions and optimal algo-
rithms guarantee optimization of clinically relevant criteria, such as 
minimizing procedure time, minimizing path length through tissue, 
or maximizing clearance from critical anatomical obstacles.

The third AI guidance component is to perceive instrument state, 
which involves understanding the state of the instruments, including 
the location and shape of instruments relative to perceived anatomy, as 
the procedure is in progress. Methods include state estimation, image 
analysis, sensor fusion, and registration methods between the patient, 
images, and instrument tracking sensors. The perceived instrument 
state can be partial (i.e., localizing only some part of the medical robot, 
such as the needle’s tip) or complete (i.e., sensing the entire shape of the 
medical robot relative to the anatomy). Like the component of perceiv-
ing anatomy, this AI guidance component can also be passive and only 
analyze data provided to it or be active by acquiring images or moving 
the robot to better perceive the state of the instruments.

The fourth AI guidance component is to perform motions, which 
involves moving the instruments to accomplish a task. Methods in-
clude control integrated with motion planning and learning-based 
approaches that output controls. This component relies on the other 
AI guidance components to succeed. It can be static (i.e., the robot 
assumes that the anatomy is unchanging during the procedure) or 
adaptive (i.e., the robot updates its performance on the basis of real-
time updates from other AI guidance components).

Each AI guidance component can evolve independently. For ex-
ample, a robot that provides highly effective AI guidance for per-
ceiving anatomy and perceiving instrument state has the potential 
to substantially accelerate and improve medical procedures, even if 
no AI guidance is provided for planning motions or performing 
motions. Thus, evaluating AI capabilities per component [Fig. 1 (top)] 
is useful. We illustrate the degree of AI guidance for any AI guidance 
component in Fig. 1 (bottom). This taxonomy is inspired by the Mo-
bileye taxonomy for automated driving (21, 22). Unlike SAE-inspired 
levels of automation (14) that apply to the whole robot, the Mobileye-
inspired taxonomy can apply to individual AI guidance components.

The degree of AI guidance for a component reflects the physi-
cian’s role, which decreases as AI guidance gains effectiveness. In the 
degree of full physician control, the physician performs the task 
without AI. In the degree of eyes-on/hands-on, the physician per-
forms the task with AI providing assistance. For example, for the AI 
guidance component of perceiving anatomy, this might involve an 
image segmentation algorithm that requires a human to seed tissue 
types and make corrections. For performing motions, this degree of 
AI guidance might include virtual fixtures for needle control. In the 
degree of eyes-on/hands-off, the AI performs the task, and the physi-
cian monitors the AI and is prepared to intervene in unusual situa-
tions. For example, for perceiving anatomy, the AI might automatically 
segment an image, with a physician verifying correctness and mak-
ing modifications in unusual situations. For performing motions, 
the AI could autonomously move the instruments under physician 
supervision. In the degree of eyes-off/hands-off, the AI performs the 
task and the physician only steps in when requested by the AI, which 
should only occur in unusual situations. In other words, the physi-
cian’s role is to take action when the AI determines that it cannot 
complete its task autonomously. The final degree is full AI guidance, 
in which the AI performs the task. At this degree, the AI must be 
fully trusted to perform the task without supervision.

We next review the state of the art in medical needle deployment 
robots and then discuss their AI guidance components. We will 
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Fig. 1. AI guidance components for medical needle deployment robots. AI guidance components for needle-based procedures and the key properties of each com-
ponent (top). The degree of AI guidance for a particular component can vary depending on the effort required by the physician. Each AI guidance component can be 
implemented to provide its own independent degree of AI guidance (bottom).
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conclude with open research challenges for advancing AI guidance 
for needle-based procedures.

NEEDLE DEPLOYMENT ROBOTS AND THEIR APPLICATIONS
Medical needles, with their long history and varied applications, 

come in many forms. For this manuscript, we consider a medical 
needle to be a slender instrument that includes a rigid or flexible 
shaft with a pointed distal tip that moves through tissue (not fluid or 
air), with the shaft’s proximal end starting outside the tissue and the 
distal portion following the tip as the tip moves through the tissue. 
Figure 2 shows different types of medical needles and their needle 
deployment methods. Needles can be straight (typically rigid and 
designed for straight paths through tissue) or steerable (capable of 
navigating along curved paths through tissue). Needles can also be 
deployed via direct insertion into the patient’s tissues—either percu-
taneously (i.e., through the skin) or directly into a tissue type other 
than skin (for example, deploying a needle directly into the brain via 
a burr hole in the skull)—or via endoscopic insertion, in which case 
an endoscope (such as a bronchoscope or colonoscope) or related 
probe is used to deploy the needle into tissues. We next discuss med-
ical robots that incorporate these various needle types and deploy-
ment approaches.

Straight needles require accurate positioning and orientation be-
fore insertion to accurately reach targets. Robots can assist by align-
ing the needle with the target. For robots with a low level of autonomy, 
assistance can take the form of a passive needle guide, similar in pur-
pose to a stereotactic frame, which includes a tube or similar mecha-
nism that helps align the needle before manual insertion. Robots have 
been developed to position and orient a needle guide to align the 
axis of a straight needle with a target (11, 18, 23–33). For higher 
levels of autonomy, the robot can also insert the straight needle after 
it is aligned with the target (34–55).

Straight-needle deployment robots have been applied to a variety 
of clinical applications. These applications include prostate biopsy 
and brachytherapy procedures (26, 56, 57), percutaneous vascular 
access (28, 45, 50, 53, 54, 58–60), liver access for biopsy (61), breast 
biopsy (62), radiofrequency ablation (51), laser ablation (23), brain tu-
mor biopsy (11, 49), and ophthalmic procedures (39, 43, 63). Similar 
to straight needle insertion, rigid neuroendoscopes for transventricu-
lar access have been robotically inserted (64, 65). Several straight-
needle deployment robots have advanced to human testing, including 
systems with robotic needle guides (11, 24, 25) and with robotic nee-
dle deployment (17, 64, 66). Commercially available systems have 
included the Mona Lisa (32) and AmaKris (33) for prostate biopsy, 
ROSA (30) and Neuromate (31) for brain access, and Preceyes (63, 67) 
for retinal insertion.

Steerable needles extend the capabilities of straight needles by 
enabling navigation along curved paths in tissue. Steering provides 
two important benefits: avoiding anatomical obstacles by curving 
around them to safely reach a target and correcting trajectory errors 
to improve accuracy without requiring pulling back the needle and 
reinserting. There are many types of steerable needles, but their uni-
fying feature is that they can steer through tissue following curved 
paths (68–71).

Steerable needles can be steered using various mechanisms (72–
75). Tip-steerable needles are a type of steerable needle for which 
the primary determinant of their ability to move along curves is a 
force and/or torque that is exerted onto the surrounding tissue at or 

near the needle’s tip. Passive tip-steerable needles are tip-steerable 
needles for which the shape of the needle at or near its tip is not ac-
tively changed, and no energy is required for steering other than 
manipulations at the needle’s base. Passive tip-steerable needles 
were inspired by the observation that many conventional medical 
needles bend when inserted into tissue because of their asymmetric, 
beveled tips. Some physicians learned to use this property to their 
advantage and made needles curve in a desired direction (76–78). 
On the basis of this idea, many different steerable needle designs 
have been developed.

Passive tip-steerable needles typically have asymmetric tips, such 
as bevels. When such a needle is inserted into tissue, the tissue ex-
erts a force onto its tip, and the needle’s asymmetric tip causes the 
needle to curve in the direction of the tip’s asymmetry. Passive tip-
steerable needles are inserted by axially translating the needle base, 
and they typically are steered by axially rotating the needle at its 
base, which changes the direction of the asymmetric tip. The curved 
paths achievable by this type of steerable needle can be modeled on 
the basis of the kinematics of a unicycle extended to three dimen-
sions (76, 79). Optimizing the design of the steerable needle’s tip can 
increase the maximum curvature of the needle’s paths, which conse-
quently improves the needle’s steerability, increasing the steerable 
needle’s reachable workspace and the obstacles it can avoid. Bevel tips 
were proposed in early work, inspired by manually deployed clinical 
needles with bevels, which are used for a variety of applications, in-
cluding brachytherapy and biopsies (76–79). Precurved or kinked 
tips increase the curvature of the needle but also create more tissue 
damage because the precurved tip cuts a helical pattern into the tis-
sue when it is twisted (80, 81). Flexure tips have a compliant bend-
ing point at which the needle bends during insertion but not during 
rotation, achieving similar curvatures but causing less tissue damage 
than precurved tips (82). Steerability can also be enhanced by tun-
ing shaft stiffness using helical patterning on the needle shaft (83).

Active tip-steerable needles actively change the needle’s shape at 
or near the tip to steer. Methods include extending and retracting a 
precurved stylet through the needle’s main shaft (84), actuating ten-
dons that bend the needle near its tip (85, 86), using a push-pull 
mechanism consisting of two segments inside the needle (87), using 
an internal compliant mechanism (88), and using shape memory 
alloy actuators (89–91). Programmable bevel tips change the geom-
etry of a needle’s tip to create asymmetries, allowing steering in differ-
ent directions (92). This can be achieved using two to four interlocking 
segments with bevels facing in different directions. Sliding the seg-
ments along one another in their axial direction changes the shape of 
the needle’s tip in aggregate and, therefore, the direction and curva-
ture of steering (92, 93). Another approach uses directed tissue fracture 
to make room for the needle in the desired direction before inserting it 
(94, 95).

Tip-steerable needles have been successfully tested in in vivo ani-
mal models. In vivo applications include drug delivery in the brain 
(96) and lung biopsy (19, 20).

Base-steerable needles rely on manipulation of the needle at its 
base to bend the needle and deform tissue, causing the needle to 
move along curved trajectories. For example, the base of the needle 
can be translated transverse to its axis, which will deform the tissue 
and consequently reorient the tip of the needle inside the deformed 
tissue. By predicting using models or data the interaction of the needle 
with the surrounding deformable tissue, motion planners and con-
trollers can compute needle base manipulations that steer the needle 
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Fig. 2. Needle deployment robots can be classified on the basis of steerability type and deployment type. At the top, we illustrate needles in black, tissues in gray, 
and controllable elements (after entering tissue) in red. Below, we highlight needle deployment robots with different anatomical applications and classify them by their 
steerability type (top half of circle icons) and deployment type (bottom half ). Anatomical applications include the eye (63), lung (20, 128, 131, 247), breast (34), vasculature 
(58, 59), colon (120, 121), prostate (140, 189, 248–251), liver (23, 252), and brain (96, 100, 111, 113). Figure created with Biorender.com.
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around obstacles and reach targets (19, 97, 98). This needle-steering 
approach was successfully tested in an in  vivo animal model for 
prostate procedures (19), and a variant was commercialized and re-
ceived US Food and Drug Administration approval (99).

Shaft-steerable needles leverage precurvature of the needle’s shaft 
to enable steering. The most basic example is a needle that is pre-
curved in a single planar arc. A more complex precurvature is a 3D 
helical shape (100). Concentric tube robots consist of multiple nested, 
precurved tubes that can each be independently extended and re-
tracted as well as axially rotated to determine the shape of the robot. 
Concentric tube robots can operate in free space as general continu-
um manipulators. They can also be used as steerable needles, par-
ticularly if their design and controller allow for follow-the-leader 
deployment (69, 71, 101–107). Follow-the-leader (108) deployment 
ensures that the concentric tube robot’s shaft follows the path of the 
tip through tissue, which prevents lateral tissue deformations or 
damage and allows concentric tube robots to be used safely and ef-
fectively as steerable needles inside tissue.

Externally steerable needles achieve curvature in tissue via forces 
and torques applied from outside the needle. One approach is lever-
aging magnetic actuation (109), including pulling the needle tip 
magnetically (110), pushing the needle while adjusting tip deflec-
tion with external magnets (111, 112), and combining base rotation 
and a screw tip to pull the needle forward while steering with a mag-
net (113). Tip tendon actuation and magnetic steering can be com-
bined to increase tip bending (114). Another approach is to deform 
tissue via external manipulation to push obstacles out of the way or 
push the target into the path of the needle (115). This approach is 
the inverse of other steering approaches; rather than curving the 
needle to avoid obstacles, the tissue is deformed so that the obstacles 
avoid the needle, and the target enters the needle’s path. External 
steering approaches can be combined with other steering mechanisms 
to enhance steerability (115).

Beyond direct insertion, needles can also be deployed via endo-
scopes. Endoscopes navigate through open-air spaces inside the body, 
such as the airways or the digestive tract. We focus on endoscopes 
whose structure creates a continuous path from outside the patient 
to their tip inside the patient and are explicitly capable of deploying 
a needle. Such endoscopes can be rigid or flexible. Flexible robotic 
endoscopes can be steered using a variety of methods, including via 
a single actuated section near the distal tip that can bend in one 
(116) or multiple (117) directions, multiple tendon-driven sections 
(118, 119), or an external magnet (120–123). Besides these robots 
that allow for the deployment of straight needles, steerable needles 
can also be deployed from endoscopes to further increase reachability 
(20, 124, 125). Applications for needle-deploying robotic endo-
scopes include bronchoscopies (116, 117), colonoscopies (118, 120–
123), and brain access for biopsies (119). A magnetic colonoscopy 
robot with an instrument channel has recently advanced to clinical 
trials (126). Several endoscopic robots are commercially available 
today (127, 128).

METHODS FOR AI GUIDANCE AND AUTOMATION
We next review methods developed to implement each AI guidance 
component for medical needle deployment robots. The software 
implementing the AI guidance components can run on computer 
hardware that is integrated with or attached to the robot [for example, 
the plan motions, perceive instrument state, and perform motions 

components in (20)] or on a remote computer or cloud-based ser-
vice that exchanges data with the robot [for example, the perceive 
anatomy component in (20)].

Perceive anatomy
Medical needle deployment robots must understand the anatomical 
environment in which they operate, including the target to reach 
and anatomical obstacles to avoid. Going beyond basic image guid-
ance that displays images, AI guidance for perceiving anatomy aims 
to gain a geometric or semantic understanding of the relevant anat-
omy to support a procedure. To perceive anatomy, AI can use a vari-
ety of data sources, particularly medical images from modalities 
such as ultrasound, CT, MRI, and RGB cameras. Robots with AI can 
also assist with image acquisition (129).

Traditionally, physicians manually analyze and annotate medical 
images, which can be tedious and imprecise. Early work on perceiv-
ing anatomy in images aimed for eyes-on/hands-on AI guidance by 
requiring a user to manually provide some information, like select-
ing seed points to initiate image segmentation on the basis of region 
growing or active surface methods (130). Recent approaches in 
medical image analysis focus on eyes-on/hands-off or higher de-
grees of AI guidance.

Preprocedure perception of anatomy often uses imaging modali-
ties such as CT or MRI that provide 3D volumetric images. Needle 
deployment robots can use automatically segmented images for pro-
cedure planning [for example, (131–133)], and automatic image seg-
mentation methods are integrated into commercial robots (127, 128). 
With the advent of deep learning, a myriad of new techniques for 
medical image segmentation are being developed (134, 135), which 
can be leveraged by medical robots.

Intraprocedure perception of anatomy can monitor changes in 
anatomy (and localize instruments relative to anatomy, which is cov-
ered under the AI guidance component of perceiving instrument 
state discussed later). Intraprocedure image analysis is often time 
critical and requires real-time performance. For intraprocedure MRI 
and CT imaging, the robot must fit and operate within the scanner 
bore (37, 38, 46, 51, 131). Leveraging intraprocedure MRI is further 
complicated given that conductive, metallic, and magnetic materials, 
including electric motors, cannot be used inside an MRI scanner be-
cause of its strong magnetic field (136). To address this challenge, 
MRI-conditional and MRI-safe needle deployment robots have been 
developed (18, 19, 23, 34, 40–42, 48, 55–57, 137–139). Ultrasound 
imaging, with its lower overhead compared with CT and MR imag-
ing, is widely used by needle deployment robots (17, 26, 27, 45, 58, 140–
142). Deep learning has enabled effective segmentation of ultrasound 
images (53, 59, 143). Intraprocedure ultrasound images can also be 
fused with other sensing modalities to account for deformation and 
motion (26, 144) and enable more accurate intraprocedure vessel de-
tection (145). Robots can automatically move ultrasound probes, en-
abling active perception of anatomy (62). Active techniques have also 
been developed for x-ray imaging (146).

For endoscopically deployed needles, intraprocedure endoscopic 
RGB camera images can be used for learning-based 3D anatomy re-
construction. Methods exist for bronchoscopies (147, 148), ventric-
uloscopies (149), and colonoscopies (150).

Plan motions
Planning motions for a needle-based procedure, often referred to as 
procedure or image-guided planning, involves selecting a feasible 
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path for the needle that reaches the target and avoids obstacles. Go-
ing beyond basic image-guided planning in which physicians use 
images to plan procedures, AI guidance for planning motions auto-
mates part or all of the planning process. We first review eyes-on/
hands-off or higher degrees of AI guidance for planning motions, 
followed by eyes-on/hands-on AI guidance that incorporates physi-
cian feedback into the planning process.

For straight needles, planning motions requires determining a 
start pose for the needle and an insertion distance (151, 152). Multi-
target applications can optimize the start pose to reach multiple tar-
gets per insertion (26, 140). Planning algorithms can also explicitly 
consider the impact of tissue deformations (153). Planning algo-
rithms for straight needles can provide anatomical obstacle avoid-
ance by adjusting the needle’s start pose (131, 154–156). Planning 
algorithms can also include collision avoidance for the robot arm 
deploying the needle (131, 157).

Steerable needles can safely and accurately reach more targets 
because of their ability to move along curved paths in tissue and al-
low obstacle avoidance. However, these benefits come with the cost 
of increased planning complexity because more options need to be 
considered while adhering to the needle’s kinematic constraints.

A variety of motion planners have been developed specifically for 
tip-steerable needles. Early motion-planning algorithms considered 
needle kinematics and tissue deformation or motion uncertainty but 
often assumed deployment in a 2D plane (77, 158–160). Achieving 
the full potential of steerable needles requires planning in 3D, which 
is more complex. An early 3D planning approach used a diffusion 
method, but it did not consider obstacles (161). Optimization-based 
planning techniques iteratively improve plans on the basis of cost 
functions and can include obstacle avoidance (162–164). Sampling-
based motion planners efficiently explore high-dimensional spaces 
and have been successfully applied to steerable needles (20, 165–170). 
They can be combined with evolutionary optimization to refine plans 
(171). Inverse reinforcement learning has been applied to steerable 
needle motion planning (172). Needle planning methods have also 
been developed that explicitly consider tissue deformations by mod-
eling needle/tissue interactions (77, 133, 173). Search-based planning 
methods systematically explore the needle’s reachable workspace to 
find motion plans. A fractal tree approach (174, 175) smooths candi-
date plans from a search tree to comply with the needle’s hardware con-
straints. A search-based planner using appropriately selected needle 
motion primitives, under certain assumptions, guarantees both com-
pleteness and optimality (176).

Motion planners for tip-steerable needles typically compute 3D 
space curves from an insertion pose to a target, avoiding obstacles 
and respecting curvature constraints. These methods can apply to 
other steerable needle types that follow similar space curves. This 
includes some magnetically actuated externally steerable needles 
and some shaft-steerable needles. Customizations may be required. 
For example, for magnetically actuated externally steerable needles, 
the achievable curvature varies with the needle tip’s distance from 
the external magnet (113).

For base-steerable needles, simulating tissue deformations is 
critical. Early planning algorithms modeled the needle’s movement 
in 2D deformable tissue (97, 177). Motion planning for externally 
steerable needles via tissue manipulation also requires modeling tis-
sue deformation to compute manipulations that push obstacles out 
of the needle’s path (115).

For shaft-steerable needles, planning motions can support not 
only computing paths to a target but also optimizing the design of 
the needle’s constituent parts to enhance reachability. For helical 
needles, this includes optimizing the needle’s curvature parameters 
(100). For concentric tube robots, this can involve specifying or opti-
mizing the properties of the multiple tubes of the robot and determin-
ing a deployment strategy for those tubes (69, 71, 101–107, 178–182). 
Planning methods that optimize tube designs are necessarily pre-
procedure. As mentioned previously, follow-the-leader (108) de-
ployment is important when steering concentric tube robots through 
tissue. Early work on concentric tube robots often assumed domi-
nating stiffness in the robot’s outer tube(s), which ensures follow-
the-leader motion when inner tubes are extended beyond the tip of 
the stiffer tubes, whereas recent work considers more realistic physics- 
based models of tube interactions. Many concentric tube robots 
with follow-the-leader designs have been developed for navigating 
tortuous and constrained anatomical passageways, such as vascula-
ture, which is beyond this article’s scope.

Many needle motion planners assume a fixed needle start pose. 
However, in practice, needles are often deployed from a surface (for 
example, skin), allowing multiple potential start poses. One approach 
is for the motion planner to consider many possible start poses and 
compute which one results in the best motion plan (124, 155). Dy-
namic programming has been shown in a 2D setting to determine 
the position and orientation on an insertion surface that yields the 
highest probability of success (160). Another strategy is to invert the 
planning problem by planning backward from a target position to-
ward an insertion surface (183, 184).

Motion-planning algorithms for bronchoscopes navigating air-
ways in the lung have been proposed (124, 185, 186). Bronchoscope 
motion is restricted by the airway tree structure, which simplifies 
the planning problem.

For eyes-on/hands-on AI guidance for planning motions, meth-
ods have been developed that incorporate physician input. Strate-
gies include allowing physicians to select a start pose (187), draw an 
initial motion plan that is then optimized (164), and provide dem-
onstrations for learning expert preferences (187).

Perceive instrument state
Conceptually related to perceiving anatomy is perceiving instrument 
state, involving understanding the location of relevant points on the 
needle and other system components relative to the perceived anato-
my as well as other potentially relevant state information like instru-
ment/tissue interaction forces. Perceiving instrument state enables 
closed-loop control, intraprocedure replanning, and verifying needle 
placement. Beyond basic image guidance where instrument state is 
read from sensors and can be registered to images, AI guidance can 
augment incomplete sensor data, reduce noise, and fuse sensing mo-
dalities. The appropriate degree of AI guidance is informed by, or 
often dictated by, the specific use of perceived instrument state. For 
example, if needle tip localization is being used by an automated mo-
tor control method, then eyes-off/hands-off may be the lowest AI 
guidance degree that is feasible for perceiving instrument state if the 
control method’s execution frequency is too high to allow a human to 
effectively monitor and intervene with the localization method. As 
such, AI guidance approaches to perceiving instrument state pre-
dominately end up taking a hands-off approach, falling into the cat-
egory of eyes-off/hands-off for most methods detailed below.
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Historically, many approaches for localizing needles have been 
distinct from AI methods. Commonly, sensors are added to the sys-
tem, and methods register sensor measurements to preprocedure or 
intraprocedure imaging of the anatomy (188). Examples include op-
tical tracking markers affixed to the proximal end of rigid instru-
ments or guiding frames, magnetic tracking coils embedded in the 
tips of steerable needles or endoscopes, and fiber Bragg grating fiber 
optic–based shape sensors (19, 85, 189–191). Other sensing modali-
ties have been proposed to determine the state of a needle during 
insertion, including force sensors (60, 170, 192) and time-of-flight 
cameras to record needle insertion depth (26). Many robots have 
proprioceptive capabilities similar to those of humans via the use of 
motor and joint encoders and a computational understanding of the 
robot’s mechanics; i.e., by knowing the state of the robot’s joints, and 
the robot’s geometry as a function of joint state, we can potentially 
infer the state of any instruments being held by or affixed to the ro-
bot. Such sensor- and proprioception-based methods are often ef-
fective but have limitations. These limitations include sensor noise 
and the difficulty in some cases of sensing all relevant degrees of 
freedom (DOFs). These challenges are exacerbated by the variety of 
curves that steerable needles can take and the clinical desire for nee-
dles with thin outer diameters, which restrict space available for on-
board sensors, thus motivating AI guidance.

AI guidance–enhanced localization often combines this sensor 
data with observer models to estimate full instrument state. For in-
stance, Kalman filters (193) (often extended Kalman filters, or EKFs) 
have been used to infer needle orientation from partial 2D (194, 195) 
or 3D position data (196, 197). Missing DOFs, such as roll in 5-DOF 
electromagnetic sensors (necessitated because of size requirements), 
have been estimated using deep recurrent networks (198) and torsion- 
aware EKFs (199).

AI guidance leveraging medical imaging methods for needle lo-
calization includes passive approaches using fluoroscopy (98) or MRI 
(200–202) and active methods such as robotically actuated ultra-
sound probes (203, 204), needle vibration in ultrasound for better 
localization (205), MRI signal modulation (41, 42), and optimal x-ray 
view planning (146, 206). Needle guide and fiducial segmentation in 
MRI have also been combined with robot kinematics (23, 34, 46, 131).

In endoscopy, tip cameras provide rich visual data. AI guidance 
can analyze these data to estimate endoscope location and orienta-
tion in anatomy (117, 207, 208).

Perform motions
Performing motions involves moving instruments during a proce-
dure to accomplish the task. Going beyond basic image guidance 
that can display instrument motions relative to images, AI guidance 
for performing motions can partially or fully autonomously move 
instruments during a procedure. AI guidance is not required for per-
forming motions during needle procedures. For example, straight 
needles and even steerable needles in certain circumstances can be 
deployed manually by physicians (84, 88). However, steering needles 
in a 3D environment is not intuitive for human operators (209), 
making some degree of AI guidance critical for the adoption of these 
needle types. Furthermore, AI guidance for performing motions can 
improve the accuracy and safety of many needle procedures. Some 
methods for performing motions, particularly those based on con-
trol theory, evolved independently from the topics explored by the 
AI research community (12). We first review eyes-on/hands-on AI 

guidance for performing motions of needle-based procedures and 
then eyes-on/hands-off and higher degrees of AI guidance.

Eyes-on/hands-on AI guidance for performing motions requires 
human/AI collaboration to deploy a needle. As discussed earlier, a 
common method is for a robotic needle guide to assist in positioning 
and orienting a straight needle, and a human manually inserts the 
needle. Robotic needle guides can be remotely controlled (18) or 
move autonomously (26, 140) to support planned needle trajectories.

Another approach to eyes-on/hands-on AI guidance is teleoper-
ation, where the physician conceptually has hands-on control of the 
needle’s motion by remotely controlling the needle deployment ro-
bot. In procedures with teleoperated devices, the physician provides 
control input, which the robot maps to low-level motor commands. 
Graphical user interfaces can support needle robot teleoperation via 
keyboard and mouse (58, 210). Haptic devices may provide more 
intuitive interfaces for robot control inputs, including joystick- 
like devices (35, 117, 127, 211, 212), pen-like haptic devices 
(47, 142, 209, 213–218), the Intuitive Surgical da Vinci Master Tool 
Manipulator (219), or custom devices representing the robot’s DOFs 
(38, 43, 128, 137, 220). Teleoperating a robot requires situational 
awareness, typically through a visual interface showing the needle’s 
current location with respect to anatomy. Beyond visual cues on a 
screen, head-mounted displays can enable augmented reality and 
support robot control via hand gestures (221). Other types of user 
feedback can be provided, including force feedback (38, 209, 218) 
and vibrotactile feedback (142). Teleoperation has been demon-
strated for a tip-steerable needle in living brain tissue (96) and has 
been commercialized for a base-steerable needle (99). Performing 
motions for the magnetically actuated externally steerable needles 
requires controlling the motion of the external magnet that applies 
steering forces or torques to the needle tip. This can be done via 
teleoperation, where the user selects a desired steering direction and 
the magnet automatically moves to achieve the desired steering di-
rection (113), or visually to compute currents for an array of enclos-
ing electromagnets (110).

Eyes-on/hands-off AI guidance reduces the responsibility of the 
physician to simply monitoring the needle deployment. This degree 
of AI guidance has been achieved for straight-needle robots by actu-
ating insertion of the needle to the target (34, 42, 44, 46, 131).

Achieving eyes-on/hands-off and higher degrees of AI guidance 
for steerable needles requires developing control algorithms for nee-
dle deployment. For tip-steerable needles, controlling motion along 
a curved path requires controlling its asymmetric tip. Early bevel-tip 
steerable needles were steered along paths composed of arcs corre-
sponding to the needle’s maximum curvature, where the plane of 
each arc was determined by axially rotating the needle tip to orient 
its bevel. The duty cycling technique rapidly switches between inser-
tion with uniform axial rotation (steering straight) and insertion with-
out rotation (steering curved) and thereby achieves needle-steering 
paths with varied curvatures (80). Further advances in needle control 
include a sliding mode controller (222) and a pause-and-go method 
(20) that takes a deadband-aware Kalman filter (199) approach to 
ensure that unknown needle torsion is minimized during control. 
These controllers can be used to follow motion plans computed us-
ing the AI guidance methods described in the Plan motions section. 
Another approach is to use fast replanning during deployment, which 
can be used to handle uncertainty or deviations, effectively serving as 
a controller and introducing adaptive properties to this component of 
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AI guidance (145, 204, 223–226). Steerable needle motion planners 
can also consider uncertainty and create a policy that is robust to 
deviations during robot deployment (160, 169, 227). Hands-off AI 
guidance using closed-loop control has also been demonstrated for 
active tip-steerable needles using electromagnetic localization (212) 
and for base-steerable needles using fluoroscopic image guidance 
(98). Eyes-on/hands-off AI guidance has been demonstrated in liv-
ing tissue (20).

For shaft-steerable needles, performing motions can take an 
open-loop approach, given that these needles, particularly follow-
the-leader concentric tube robots, are designed to accurately perform 
the planned motion (100, 178, 179, 181). Closed-loop approaches can 
leverage intraprocedure control to follow the desired follow-the-
leader trajectories without the need to customize the robot to the de-
sired trajectory in advance (182, 228). In both cases, the user can be 
hands-off.

For magnetically actuated externally steerable needles, eyes-on/
hands-off and higher degrees of AI guidance have also been demon-
strated. Closed-loop control has been demonstrated using feedback 
from camera images (112) and fluoroscopic images (111), and MRI 
imaging has been used to actuate needle insertion leveraging the 
MRI bore field itself (although in this case for a nonsteerable, straight 
needle) (42).

OPEN CHALLENGES
Translating AI-guided medical needle deployment robots from re-
search to clinical practice is essential for real-world impact. Although 
many technical challenges remain, we focus here on a few critical bar-
riers to clinical adoption, including safety, regulation, intuitive and 
capable physician-AI interfaces, and clinical workflow integration.

Safety and regulatory considerations
One way for AI guidance methods to address safety concerns and 
improve regulatory feasibility is to provide formal theoretical guar-
antees. Formal guarantees have been integral to verifying safety in 
computational systems in other application areas where the hands-
off degrees of AI guidance have been successfully commercially de-
ployed, for example, aviation autopilot systems and automotive 
components such as adaptive cruise control. Currently used guaran-
tees for robots include stability guarantees in control algorithms and 
real-time process scheduling guarantees. However, such guarantees, 
although valuable, address only low-level behavior. As AI guidance 
methods take on higher-level responsibilities in medical needle de-
ployment, new types of guarantees may be needed: ones that ensure 
that actions achieve clinical objectives safely and accurately. The 
challenge becomes how to formally guarantee semantic medical ob-
jectives, not just satisfy engineering constraints.

In robot motion planning, theoretical guarantees have been pur-
sued for decades. However, because of the PSPACE-hard nature of 
motion planning (229), exact solutions in finite time are often infea-
sible. Instead, the field has relied on probabilistic completeness and 
asymptotic optimality (230): guarantees in the limit of computation, 
e.g., as computation time or power approaches infinity. Unfortu-
nately, in medicine, the infinite limit of computation is not an ideal 
place to find our guarantees if guarantees are required. Recent work 
on motion planning for medical steerable needles has proposed al-
gorithms that are both complete and optimal in finite time for spe-
cific designs (176), which is important progress in this direction.

Control methods underpinning performing motion also fre-
quently offer critical guarantees, such as stability (231) and safe state 
set reachability (232). These guarantees certainly remain relevant 
but may be insufficient as AI guidance takes a larger role in motion 
execution. For instance, when full instrument state is not directly 
sensed, and AI guidance fills the gap, the assumptions enabling clas-
sical control guarantees may no longer hold.

Formal verification techniques, such as those based on hybrid 
automata, have been applied to medical robots (233–235). These ap-
proaches may guarantee the safety of certain AI guidance compo-
nents, but applying them to the breadth of learning-based systems 
remains a major (and active) research challenge.

Further, current regulatory frameworks may not align with the 
guarantees AI systems can realistically offer. High-performing AI 
models are often opaque, making formal validation difficult. Efforts 
such as the IDEAL framework (236) are exploring how to adapt ex-
isting medical regulatory standards to AI-based systems, but much 
work remains.

Interest in regulatory and ethical considerations in this area is rap-
idly growing (237). For example, the European Union AI Act man-
dates human oversight for high-risk systems (238), emphasizing the 
potential importance of transparency and explainability. Explainable 
AI (XAI) methods (239) may support oversight by making AI guid-
ance predictions interpretable. Applied to medical needle deployment, 
XAI may help human supervisors understand not just what the AI 
guidance is doing, but why. Effective supervisory methods for people 
who are not AI experts (but are clinical domain experts) are emerging 
and could potentially be integrated into clinical workflows (240).

Physician interfaces and clinical workflow
To be adopted in clinical settings, AI guidance for medical needle 
deployment robots must integrate into clinical workflows, contrib-
ute to overarching clinical objectives, and be usable by physicians. 
Designing effective physician interfaces for intermediate guidance 
modes (eyes-on/hands-on and eyes-on/hands-off; see Fig. 1) is an 
important challenge. Nonlinear needle paths are especially difficult 
to control manually (209, 241), making intuitive interfaces essential. 
The fields of human-computer interaction (HCI) and human-robot 
interaction (HRI) offer valuable insights into designing such sys-
tems (242, 243). Creating effective AI guidance methods for needle 
deployment robots will benefit from the science behind how hu-
mans and machines interact.

As AI guidance methods are tasked with higher levels of reason-
ing, the right way to construct these interfaces becomes less obvious. 
The HRI/HCI subfield of human-AI teaming is becoming increas-
ingly relevant (244, 245). A key question is how clinicians should 
communicate with AI systems, particularly when the AI system is 
involved in procedural or semantic decision-making. Foundation 
models such as large language models (LLMs) and vision language 
models (VLMs) may offer natural language interfaces for medical 
needle systems. LLMs tailored specifically to surgery are beginning 
to emerge (246), potentially enabling more intuitive interactions.

The physician interface is just one part of the clinical workflow. 
AI guidance will need to integrate seamlessly with other compo-
nents, for example, real-time imaging and medical records databas-
es, and use information from these components to learn context and 
patient-specific information.

Although we have highlighted a number of key areas of critical 
open challenges, many others remain. Bringing AI guidance of 
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medical needle deployment robots to clinics and operating rooms, 
and the improved capabilities and access it will afford, will require col-
laborative efforts among engineers, computer scientists, and clinicians.

CONCLUSIONS
Safely and accurately navigating needles percutaneously or endo-
scopically to sites deep within the body is essential for many medical 
procedures. In this Review, we covered a wide range of applications, 
including biopsies, localized drug deliveries, enabling vascular ac-
cess, and tumor ablations. The advent of image guidance decades ago 
gave physicians information about a patient’s anatomy. We are now 
entering the era of AI guidance, where AI can automatically analyze 
images, identify targets and obstacles, compute safe trajectories, and 
autonomously navigate instruments to sites with unprecedented ac-
curacy and precision. We surveyed recent advances in the building 
blocks of AI guidance for medical needles and endoscopes: perceiv-
ing anatomy, planning motions, perceiving instrument state, and 
performing motions. We also categorized and reviewed current nee-
dle types and robots that enable reaching sites for various applica-
tions, often with the need for obstacle avoidance. We also highlighted 
a number of open challenges related to safety, regulatory consider-
ations, physician interfaces, and clinical workflow. With further ad-
vances, AI guidance for needle-based procedures has the potential to 
enable higher levels of automation and enhance patient care via im-
proved accuracy and safety.
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