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Abstract— This paper presents a novel, curiosity driven
camera positioning algorithm for multicamera systems in robot-
assisted minimally invasive laparoscopic procedures. The work
here extends the authors’ prior studies in curiosity driven
movement algorithms by introducing a new jerk-minimization
term in the extrinsic curiosity reward function. Three basic
and three curiosity driven movement baseline algorithms are
comparatively evaluated against the novel motion-smoothing
approach in both visual and motion metrics - the latter is
analyzed with both time and frequency domain scores. All tests
were performed on an identical laparoscopic simulation, with
dynamic tissue surface, simulated breathing motion, and vir-
tual tool-tissue interactions incorporated. Multicamera systems
can be inserted through a single trocar and be magnetically
anchored or maneuvered. Such systems can enable enhanced
visual feedback and sensing of the surgical cavity, with multiple
simultaneous views affording 3D reconstruction. Results of the
study presented here are promising, and show that the modified
curiosity driven algorithm does indeed reduce camera jerk at
a meager cost to visual and reconstructability metrics. It is hy-
pothesized that reduction in overall camera motion jerk, while
still maintaining 3D reconstructability quality, is a desirable
characteristic in teleoperated laparoscopic procedures.

Index Terms— robot-assisted surgery; multirobot systems;
reinforcement learning; 3D reconstruction; path smoothness

I. INTRODUCTION

Robot-assisted minimally invasive surgery (RMIS)
presents salient benefits compared to manual laparoscopic
procedures, including elimination of inverted motion
commands as well as introduction of intelligent software
layer to scale motion and reduce tremor at the tool tip.
Promising studies have demonstrated that 3D visualization
of the surgical scene can reduce operation time [1],
yet intraoperative 3D scene reconstruction is still an
open challenge. Typically, a surgeon is presented with
visual feedback from a single imaging sensor, potentially
with narrow baseline stereo-vision. Some approaches
seek to expand the capabilities of the inserted vision
sensor, for example with structured light methods [2],
structure from motion or simultaneous localization and
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mapping as examples [3]. These methods are constrained
by a limited number of inserted sensors. Multicamera
systems seek to overcome this restriction, implementing
an array of vision sensors that are inserted through a
single trocar and subsequently magnetically anchored
and maneuvered [4]-[8]. These systems enable multiple,
independently controlled viewpoints of the surgical scene.
Novel multicamera navigation and reconstruction methods
need to be developed to accommodate for the dynamic,
deforming and spatially constrained task space in RMIS.

A. Curiosity Learning and Motion Smoothing

To prescribe individual camera motion, the authors’ pro-
pose a curiosity driven method. Curiosity driven learning
is a reinforcement learning technique that drives agent’s to
explore less predictable states [9], encouraging exploration
of areas that are novel or where prediction error is rela-
tively high. In the authors’ prior studies, multiple camera
trajectories were determined via a curiosity learning method
that considered in the extrinsic reward calculation field of
view (FOV) coverage of the surgical scene and computational
efficiency [10], where 3D reconstructability is determined by
points that are viewable by two or more cameras [11]-[13].

In addition to the visual and computational considerations
mentioned above, it is of interest to incorporate motion con-
straints to ensure stable visual feedback quality. Minimizing
jerk is desired since excessive jerk leads to blurry and jarring
visual feedback, thus interfering with situational awareness.
Jerk minimization or cancellation is an active method for
video stabilization and motion smoothing. Recent applica-
tions include smoothing drone flight plans [14], cinematic
camera trajectory paths [15], surgeon motion feedback [16],
and smooth robotic manipulation trajectories [17], [18].

B. Contributions

This project seeks to enhance an intelligent, curiosity
driven multicamera positioning framework for RMIS. To the
best of the authors’ knowledge, it is the first to:

1) introduce an extrinsic reward function in a curiosity
driven multicamera view adjustment algorithm that si-
multaneously optimizes for reconstructability coverage
and trajectory smoothness;

ii) evaluate the above method, against six other multicam-
era movement algorithms using both visual and motion
scores (time and frequency domain motion metrics);

iii) demonstrate the feasibility of multicamera motion
smoothing without sacrificing 3D reconstructability of
the surgical scene.
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Fig. 1: The camera trajectories in the X and Y direction using the seven algorithms. The tinted regions the bottom two rows and the right column represent
the instantaneous intrinsic reward value 7} = ||¢(s¢+1) — #(s¢4+1)||, depicted is in percentage (%), given the chosen action ay.

II. METHODS
A. Problem Description

Originally proposed in prior work [10], a curiosity driven
reinforcement learning based multicamera viewpoint adjust-
ment framework for abdominal minimally invasive surgery
was designed to simultaneously (a) maximize weighted 3D
reconstructable coverage of the dynamic surgical scene; and
(b) improve runtime efficiency via the dimension reduced 2D
state representations. In this study, the authors added a third
objective to: (c) encourage smooth camera trajectories. The
surgical scene sequences, as in Fig 2, were generated via sim-
ulation for easy replication. Specifically, three magnetically
anchored virtual cameras (30° FOV, 30 fps) were inserted
through a trocar, mounted on the inner abdominal wall,
and maneuvered by external magnets. Each camera moves
independently according to the chosen action a; generated
by policy 7, which is trained using the A3C module [19]
from extracted features of the flattened 2D state, s;, the
next state, s;yi, and the two-component reward function,
re = ri + r{. The intrinsic curiosity reward, r}, promotes
‘curious exploration’ by encoding the discrepancy between
the predicted 5,41 and actual s;y; next state; whereas the
custom designed extrinsic environment reward, r¢, further
optimizes the chosen action toward external objective func-
tions, in this case, maximum 3D reconstructability coverage
and minimum camera trajectory jerk.
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Fig. 2: Sample frames of the surgical scene sequences (total 33.3s captured
at 30 Hz). The surgical tool is denoted by the gray line segment. The
depicted surfaces represent the deforming abdominal wall (blue) and tissue
patch (pink) due to breathing, heartbeat or surgical palpation. Details about
the simulation dataset can be found in [10].
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B. Reward with Smoothness Constraints

The reward function, r; = rg +7f, is composed of intrinsic
reward, ri, and extrinsic reward, ry. The intrinsic reward
ri is trained through the ICM framework [20], while the
extrinsic reward, 7, is a novel function designed to: (a)
reflect the cameras’ FOV coverage as a percentage of the
entire tissue area, (b) encourage computational efficiency,
and (c) encourage smooth camera trajectories. To that end,
r¢ is mathematically represented as
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Here, :G-BT ¢ R120x160 giore pixel values of each color

channel in the flattened state, s, € RI20%160X3, 3117(3) 11/ (¢)
are axial jerk of the i™ camera smoothed by a moving
average sliding window of four time frames; x, = 120 x
160 = 19200 is size of the tissue point cloud; x, = 50
and k., = 0.2 are heuristically tuned hyperparameters that
determine the intensity step size; and motion penalty severity
respectively. F: R120X160 5 R calculates the grand sum of
a matrix; Fr: (R'20X160 x R) — B120%160 js an element-
wise binary threshold operator; and ® denotes element-wise
multiplication. The motion penalty ~ discourages motion
jerk, and is a novel term introduced to the 7 derivation from
prior work [10].
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III. EXPERIMENTAL PROCEDURE

This study introduces a novel, smoothness-constrained cu-
riosity driven multicamera viewpoint adjustment algorithm,
A 7. The method is comparatively evaluated against six base-
line approaches, with each algorithm tested in simulation, for
repeatability, on the same surgical sequences (Fig. 2), each
containing 1000 time steps.

A. Baseline Approaches

The six baseline approaches - As, Ar, Ao, Ac1, Aca,
and A¢5 - are described in the authors’ prior work [10], [21].
These methods were implemented here to evaluate against
the proposed algorithm, A4 7, and are briefly described in the
following paragraphs (the reader is directed to [10], [21] for
additional details).

1) Static Cameras (Ag): this algorithm considers the
strategy of all cameras remaining fixed at their starting con-
figurations with respect to the abdominal wall. The camera
orientation remains normal to the inner abdomen surface,
even with breathing motion. This baseline algorithm assesses
the need for dynamically moving cameras in the case where
multiple cameras are present.

2) Random Camera Motion (Ax): in this algorithm,
cameras move randomly along the abdominal wall surface.
The camera orientation is again constrained to be normal to
the abdomen surface. This baseline algorithm is used analyze
the effectiveness of the curiosity driven motion planning [9],
[20] in the context of multicamera viewpoint adjustment.

3) Three dimensional states (Ay): initially proposed in
[21], the 3D locations of key points in the surgical scene are
concatenated into a single vector. The vector is then directly
treated as state S;. This baseline is executed to analyze the
state dimension reduction proposed in [10].

-
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Rl

o

Fig. 3: (top) The 3D surgical scene is flattened to 2D state representation
though feature extraction. The RGB color channels respectively encode
the field of view extraction (R), curiosity area representation (G) and
camera orientation (B). (bottom) Sample state representations using baseline
algorithms A¢ 1, Aco and Ac 3. Mathematical details are provided in [10].

4) Curiosity Driven Variations (Ac, Acs, Acg): three
curiosity based algorithms share the same reinforcement
learning module, with the only difference being the state
representation, S;. S; in algorithm A¢; encodes information
only in the R color channel. Ac, and Acs respectively
consider two (R+G) and three (R+G+B) color channels.
Figure 3 shows the three variations of state representation
given a sample 3D simulated surgical scene. Each color
channel from red to blue is designed to encapsulate critical
information that is sorted by importance and affects different

3

aspects of the calculated reward. Mathematical details are
provided in [10].

B. Evaluation Metrics

1) Visual Scores: The seven algorithms were compara-
tively evaluated using four visual metrics [10], defined as:

« My: Visibility denotes the average percentage of sur-
gical scene points visible by at least one camera.

« Mg: Reconstructability is the average percentage of
surgical scene points visible by at least two cameras.

o Mt _r: Tool-weighted Reconstructability records the
mean weighted reconstructability [%] whose weights
are determined by Z1.

e Ma_gr: Accumulative Reconstructability is the per-
centage of reconstructable points out of all points al-
ready recognized by the model (i.e. observed by at least
two camera within the most recent five time steps).

2) Motion Scores: Two motion metrics were used to
determine the camera trajectory smoothness, one in the time
domain (M) and one in the frequency domain (Mg).

o Mj: Absolute Jerk records the motion jerk magnitude,
disregarding the motion axis. This time domain measure
of jerk [22], commonly understood as the derivative of
acceleration, is represented in mathematical terms as

M; = ( / ’ [x”’(t)th) D—Z )

to Um

, where ¢ is time, x(¢) is the movement function,
D =ty — t; is the movement duration, and v,s is the
maximum speed along the entire movement procedure.
The My score is expressed in m/s? (the SI units of jerk)
throughout the article.

« Msg: Spectral Arc Length, on the other hand, captures
the motion smoothness in the frequency domain. This
is a modified version of the continuous spectral arc
length measure [23] specifically accounting for discrete
movements [24], mathematically represented as:

@
-
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We [V(0)]? dw
, where V' (w) is the Fourier magnitude spectrum of the
trajectory, V' (0) is DC magnitude, V(w) = V@) s the

. . RAONSS
normalized magnitude spectrum, and w, is a coefficient
term set as:

we £ min (max We, Min (w, V(r) <V,Vr> w))

“)
In implementation of the time domain approach, the cam-
era motion is updated at 33 Hz, which translates to one
camera position recording every 0.0303 seconds. Therefore,
the movement duration, D, when calculating My is the
4x%0.0303 = 0.1212 seconds, the smallest interval to approx-
imate =’ (¢) in discrete sampling.

AV (w)

M
S dw

do ()

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on March 19,2026 at 16:35:59 UTC from IEEE Xplore. Restrictions apply.



Visibility Analysis(My)

Accumulative Reconstructability Analysis (Mz )

Tool Weighted Coverage Analysis (M7_=)

| e
o0 090 oal0
S 9 = T "
——— -
D e D o (| e T
(%) (%)
£ e — £ E —_—
< L = e ) F=! ORI . = e
s e = o S G
g I - S ° e
O NN & RS- © RN @ R T ——— .
= ] U © Algorithms
e —— ——eeen
g - y As
O — e o)
W + Y CL I % Ll HW AR
0.4 05 o _0.6 0.7 0.8 0.4 0.5 0.6 0.7 08 0.9 0.35 0.40 0.45 0.50 0.55 0.60 0.65 AQ
visibility (%) accumulative reconstruct (%) tool weighted coverage (%) — A
» . , ) — A
Reconstructability Analysis (Ma-=) Jerk Analysis (M) Spectral Arc Length Analysis (Ms) A”
—_————— 4 3
L A R R O I B R B I K B |
[ —y
lum/ . LA N N :A/)'u ‘000000000000000—%,—4
Y
~‘_m»—%l—' 0000000000'0.———%’———‘ w 0.00“0000000000‘0'—@”6—'
") 0 £
£ - € E=}
= < DRI e ] = D A O -
S o s r s et
= = =
<) S ©
=2 = R ey R
S G © ey e
RS PEINNIIIIRIIIOIOY  m—- R R
e —
e + SRS $040 04§ IR L A o

0.35 0.5

040 045 o
reconstruct (%)

0 10 20

. 30 40
jerk (m/s%)

0.0

0.5 1.0 15 25 3.0 35

2.0
spal

Fig. 4: Histograms of the four visual metrics (My, Mg, MT1_Rr, Ma_Rr) and the two motion metrics (Mj, Mg) using A7 and the six baseline

algorithms at the testing phase. Mean scores are annotated on the graphs.

For the spectral arc length, the above mentioned w,
provides a better sensitivity and reliability through constantly
updating w. This method is designed for movements that are
only a few seconds long. Therefore, w. was heuristically
tuned to 407 when calculating Mg.

IV. RESULTS AND DISCUSSION

Table I showcases the mean metric scores across all
time frames for each algorithm and performance difference
(the gray rows) against the algorithm of interest, .A 7. The
proposed smoothness constrained algorithm, A 7, shows su-
perior metric scores in Mg, Mrt_gr, My, and Mg compared
to all six baselines.

Beyond numeric results, different facets of the results
were also visualized. Figures 1, 4, 6, and 7 respectively
demonstrate the camera trajectories, metric score histograms,
chosen actions, and extrinsic rewards of the testing surgical
sequence.

Finally, the authors examined path smoothness of the
multicamera system under three assumptions regarding op-
erator experience: (a) surgeons prefer to observe the surgical
scene from a camera viewpoint that has minimal to no
movement; (b) frequent changes to the viewpoint (camera)
that corresponds to the least jerk can be distracting to
surgeons; and (c) accurate (tool-weighted) 3D reconstruction
of the dynamic surgical scene is beneficial for making
critical decisions during surgery. To compare the algorithms
against the three hypotheses, the motion smoothness of each
individual camera across time frames is illustrated in Fig. 5.
Figure 8 then shows the instantaneous correlation between
reconstructability (Mg ) and motion smoothness (My, Mg).

A. Observable Effects of Smoothness Constraints

The positive influences and side effects of the smoothness
constraints in Ay are perceivable in multiple figures.

g mean My mean Mg
. ﬁ My Mg Mr-r Ma-r (Cameral, Camera2, Camera3, All Cameras) | (Cameral, Camera2, Camera3, All Cameras)
Algorithm 1 preferred | 1 preferred | 1 preferred | 1 preferred | preferred | preferred
A 0.640 0.392 0.410 0.999 (148.537, 49.745, 47.684, 48.655) (3.357, 3.309, 3.363, 3.343)
S 108% | | 2911%) | 3450%) | 16.56%1 | 61.73% 1, 72.69%71, 59.60% 1, 64.58%+ | 6.44%1, 4.88%1, 595%71, 5.76% 1
A 0.623 0.407 0.446 0.621 (46.627, 47.566, 50.097, 48.097) (3.316, 3.357, 3.287, 3.320)
R 371% ) | 2640% | | 2875% 1 | 2754%| | 5537%1, 65.13% 1, 61.68%1, 62.69% 1 | 5.14%1, 637%%, 3.56% 1, 5.03% 1
" 0.601 0.464 0517 0.940 (47.048, 44.861, 49.080, 47.296) (3.345, 3.345, 3.366, 3353)
Q 7.11% | 16.09% | 17.41% | 9.68% 1 59.77% 1, 55.74% 1, 64.27% 1, 59.98% 1 6.06% 1, 5.99% 1, 6.05% 1, 6.14% 1
A 0.669 0.494 0.478 0.732 (148.465, 47.413, 49.752, 48.543) (3.349, 3.359, 3.332, 3.347)
c1 347%1 | 1067% ) | 23.64%) | 1459% | | 61.49%1, 64.60% 1. 66.52%1, 64.10%1 | 6.18%1, 643%*. 4.98% 1, 5.88% 1
A 0.710 0.473 0.523 0.662 (50.169, 47.573, 47.165, 48.302) (3.319, 3.298, 3.356, 3.324)
c2 9.74% 1 1447% ] | 1645% | | 2275% ] | 67.17%1, 65.16%1, 57.86% 1, 63.38%1 | 523%1, 450%1, 5.73%1, 5.16% 71
a 0.661 0492 0540 0.734 (47.879, 47.794, 46.367, #1347 (3.340, 3.343, 3.333, 3338)
€3 2.16% 1 11.03% | 13.74% | 14.35% | 59.54% 1, 65.92% 1, 55.19% 1, 60.15% 1 590% 1, 593%1, 5.01% 1, 5.60% 1
A H 0.647 ‘ 0.553 { 0.626 | 0.857 { (30.011, 28.805, 29.877, 29.564) (3.154, 3.156, 3.174, 3.161)
J 0% 0% 0% 0% ( 0%, 0%, 0%, 0% ) ( 0%, 0%, 0%, 0% )

TABLE I: Mean metric scores and percentage difference (red and green text) of six baseline algorithms compared against the proposed A 7. The best

performing algorithm under each evaluation metric is highlighted in blue .
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Fig. 5: The instantaneous smoothness metric scores over the 1000 time frames during the test surgical sequence are analyzed. Results from the baseline
algorithms are displayed on the left 3 columns, while the right most column for A 7. In every subgraph, My (top half) and Mg (bottom half) scores for
each camera are illustrated as the solid curves in three different shades of blue. The black dotted curve denotes the instantaneous average scores across the
three cameras, whereas the blue dotted line represents a constant comfort threshold that is heuristically determined by the mean metric score using Ag.
The top of each subgraph is color-coded to indicate the time periods where the smoothness score of a certain camera falls below the threshold. Finally,
the bottom of each subgraph is also filled with a shade of blue to reflect the camera whose instantaneous smoothness score is the lowest.

o From the camera trajectory log in Fig. 1, A; shows
little motion direction changes along the x axis, an
axis where the tool trajectory has a more consistently
ascending trend, for all three cameras. Although the av-
erage intrinsic reward, r%, (color filled area centering the
trajectory curves) corresponding to the chosen action,
at, reduces as more color channels are incorporated
in the state representation, A7 reflects a higher 7}
compared to any algorithm in the A series. This is
because the added smoothness constraints can explicitly
alter the chosen action and consequently the actual
next state, which subsequently increases r}, a quantity
calculated as the error between the predicted next states,
S¢+1, and the actual next state, s;1.

Chosen Actions Action No.
o 728:[111111]

700:[110110]
600:[1 0 0-1 1-1]
500:[1-1-1 0 0 1]

400:(0 0110 0]

Iteration (30Hz)
Candidate Actions

300:[0-1 1-1 0-1]

200: (-1 10 0-1 1]

~100:[-1 0-1 1-1 0]

-000: [-1-1-1-1-1-1]

As Ar Ao Acy Acz Ae Az

Algorithms

Fig. 6: Chosen actions a; across 1000 testing time frames. The selected
multicamera movement action a; = [Axy, Ayg, Vk € [1,3]] € RS at time
t encodes the motion of all 3 independently moving cameras. It is a length 6
vector where each element contains an axial movement choice (either along
x or y) by -1, 0 or 1 mm for a particular camera.

o Figure 6 demonstrates a chosen action sequence for
A that shares a more similar shade of blue compared
to other baseline algorithms (except the static camera
baseline, .As). This means that .4 7 is not only selecting
actions based on scene reconstructability, tool location,
and exploration of unseen region, but also takes into
account differences with previous actions, eventually
picking ones that more resemble past ones.

« In Fig. 7, the extrinsic reward (r{) curve for A shares

the same oscillating frequencies as the baselines, which
are believed to be a result of periodic breathing motions
of the abdominal wall. However, it also exhibits several
sudden drops (from the smoothness constraints) on an
overall superior r{ curve. This means that other than
the occasional penalties due to excess jerk, the external
optimization objectives are well met.

Extrinsic Reward

Algorithms
As
Ar

— A

Acy

— Acy

[ 200 400 600 800 1000
Iteration (30Hz)

Fig. 7: The instantaneous extrinsic reward r{ in the test sequence.
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Fig. 8: The relational plots demonstrate the relationship between reconstructability Mg and jerkiness My across time frames ¢ (color of dots) and different
spectral arc length values Mg (size of dots). Along the two axes of each subgraph are histograms of Mg and My respectively. Results from the static

baseline Ag is not shown since it has a constant jerk value of 0.

B. Reconstructability Under Smooth Motion

The proposed smoothness constrained algorithm .4 7 has
shown significant success in reducing motion jerk for all
three cameras while maintaining decent visual coverage and
outstanding reconstructability of the dynamic surgical scene.
This is evident in Table I, where A7 was the top algorithm
in four out of six metrics, the second runner-up for Mo _gr
after algorithms As and Ag, and the fourth in rank for My,
just below the A¢ series. The ‘curiosity-driven’ nature of the
A series motivates the cameras to explore unseen (or highly
dynamic) areas, which can be a trade-off against repeated
visits to known regions in the surgical scene. With that said,
the higher My, and lower M s _g scores are to be expected
for the three A¢ baselines. Demonstrating a more balanced
exploration and exploitation trade-off, the added smoothness
constraint in 4 7 is proven to improve M _g compared to
its algorithmically closest baseline competitor, Ac, .

In addition to numeric analysis, the correlation between
Mpg and Mj across time frames using each algorithm is
captured in Fig. 8. Below are a few observations:

o The ‘tail’ that shrinks in size and points downward in
each subgraph comes from a common decrease in My
and Mg scores toward the end of the surgical sequence.

o Other than the random baseline Ax, all other algorithms
show an improving tendency in My as time progresses,
as concluded from the progressively darker blue dots
from the left to the right in each subgraph.

« While Ag was the fastest to reach the algorithm specific
best Mg score, the reconstructability oscillations as

6

show in the A¢ series (by the darker dots in the low
Mg region) are evidence of ‘curious exploration’ of
unseen areas in the surgical scene.

« Even with the smallest My throughout the surgical se-
quence, the ‘tail’ for A lands at the highest Mg score
compared to the baselines. This shows the outstanding
capability of A7 to reconstruct the dynamic surgical
scene despite its camera motion smoothness constraints.

Together, the positive results speak directly to the operator
comfort hypotheses (a)-(c) defined in Section IV.

C. Minimal Viewpoint Switching

Apart from the promising performances in both camera
trajectory smoothness and scene reconstructability, A 7 also
requires minimal viewpoint switching to maintain a com-
fortable view of the surgical site. Assuming a viewpoint is
deemed comfortable to stare at when its smoothness score
falls below the comfort threshold, Figure 5 confirms the user
comfort hypothesis (b) in Section IV by showing the fewest
white gaps in the top color bars of the A7 subgraphs.

V. CONCLUSION

This work demonstrated the feasibility of motion smooth-
ness constraints in a deep-reinforcement, curiosity learning
framework for multicamera positioning in RMIS. The results
show trajectory jerk reduction of at least 59.98% in My, and
5.03% in Mg, while maintaining quality reconstructability
scores as observed through Mg and M~r_g. Development
towards this end is a step towards sim-to-real translation and
clinical adoption of intelligent multicamera systems.
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