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Teleoperation systems find many applications from earlier search-and-rescue to more recent daily tasks. It is
widely acknowledged that using external sensors can decouple the view of the remote scene from the motion of
the robot arm during manipulation, facilitating the control task. However, this design requires the coordination
of multiple operators or may exhaust a single operator as s/he needs to control both the manipulator arm
and the external sensors. To address this challenge, our work introduces a viewpoint prediction model,
the first data-driven approach that autonomously adjusts the viewpoint of a dynamic camera to assist in
telemanipulation tasks. This model is parameterized by a deep neural network and trained on a set of human
demonstrations. We propose a contrastive learning scheme that leverages viewpoints in a camera trajectory as
contrastive data for network training. We demonstrated the effectiveness of the proposed viewpoint prediction
model by integrating it into a real-world robotic system for telemanipulation. User studies reveal that our
model outperforms several camera control methods in terms of control experience and reduces the perceived
task load compared to manual camera control. As an assistive module of a telemanipulation system, our
method significantly reduces task completion time for users who choose to adopt its recommendation.
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1 Introduction
Teleoperation systems find applications in many real-world scenarios, from earlier search-and-
rescue [19, 20] to more recent daily tasks such as object manipulation [12, 26], food feeding [21],
or tele-nursing [38]. Usually, operators of these systems are presented with one or multiple feeds
from the remote cameras/sensors, and they need to synthesize information about the scene based
on these camera feeds to achieve certain manipulation tasks. However, kinematic differences
between the robot and operator, limited viewing options, and depth ambiguities present significant
challenges, necessitating complex training for users to become proficient. Recent research has
introduced various means to reduce the cognitive burden of the operators either by providing
informative visual cues via augmented reality [9, 33, 40] or more viewing options, such as multiple
view selection [5, 6, 25, 38, 43] or continuous viewpoint adjustment [2, 17, 23, 27, 28, 32].

In this article, we focus on the latter means of continuous viewpoint adjustment. This line of work
has been proven to be effective in reducing users’ cognitive load and can facilitate human–robot
interaction [45]. For example, a set of geometry-based heuristics was proposed to define the focus of
the camera when the gripper approaches a target object [27], and manual adjustment for adapting
viewpoints based on the task semantics or exploration was enabled [28]. These design choices are
generally aligned with how humans adjust their views when performing a pick-and-place task [15].
However, it is not always desirable for humans to have a viewpoint fixating on the gripper across
the entire pick-and-place task, which is adopted by Rakita et al. [27]. Instead, human eyes fixate on
the objects to be grasped or in grip when it is to be released (e.g., placed onto a target location) as
suggested by Lavoie et al. [15].

Through our pre-study, we observed that during the picking or the placing tasks, alignment
between the gripper and the target object or between different targets is, on the one hand, crucial
for the success of telemanipulation tasks and, on the other hand, demanding for the users. In
addition to the target visibility considered in [27], it also requires specific viewing angles to reflect
the relative relationship between the gripper and the target (for grasping) or between different
target objects (for placing). These desirable viewing angles can mitigate the depth ambiguity of the
scene when viewed from a two-dimensional screen and facilitate users to achieve the desired level
of alignment. Providing a desired viewpoint to users is, therefore, crucial to the performance of
telemanipulation tasks where a high level of alignment is required. To address this problem, we
developed an algorithm for autonomously placing the camera viewport during a pick-and-place
task. Our effort is complementary to previous works on autonomous camera control, extending the
current state-of-the-art works to cover the alignment aspect for fine manipulation.

To automate the camera placement, we built a viewpoint prediction model using deep neural
networks (DNNs). Yet, training DNNs requires plenty of labeled data, while collecting the data
from human operators is prohibitive. To reduce the human effort in data collection, we proposed two
strategies. First, we make use of all viewpoints visited in a single trajectory to provide contrastive
training examples. Second, observing that manually adjusting the camera viewpoint may exhaust a
non-expert user, we employed an interactive system and allowed users to correct the automatically
generated views for data collection.

To demonstrate the effectiveness of the proposed learning-based model, we built a physical setup
of a bimanual telerobotics system similar to [27, 28]. A dynamic camera is held by a robotic arm to
provide a real-time video stream of the scene viewed by the camera. The other robotic arm is used to
perform the manipulation tasks. The user can see the remote workplace from the camera feed and
interact with the telerobotics system by controlling both the camera and the gripper to perform the
manipulation tasks. We conducted two user studies to validate the proposed viewpoint prediction
model as a standalone module for camera adjustment and as a part of an assistive telemanipulation
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system, respectively. In the first user study, we compared the viewpoint prediction model to three
baseline methods for adjusting the camera viewpoint. From the experimental results, we found the
proposed model could reduce the task load and lead to a better control experience. In the second user
study, the proposed model serves as an assistive module for the presented telemanipulation system,
where users can request assistance from the proposed model. We compared this assistive mode to
the manual camera control baseline. We observed a strong correlation between user acceptance of
the proposed system and its benefits in improving control experience and enhancing task efficiency.
We release our implementation of the proposed method as well as the baseline methods in this
link.1

The contribution of this article is three-fold: (1) a viewpoint prediction model to learn from
human operator’s demonstrations to predict potential desirable viewpoints to assist users for
telemanipulation tasks; (2) a contrastive learning strategy to fully utilize the camera motion
trajectory for data labeling; and (3) a user study on our physical prototype that validated the
efficacy of the proposed method.

2 Related Works
Teleoperation tasks are usually performed by one or more human operators, who synthesize infor-
mation based on the streaming images on a screen display returned by the remote cameras/sensors.
Due to the lack of stereo perception to tell the depth, ambiguity about the scene can be severe.
Therefore, it is straightforward to use multiple cameras to provide alternative views [4, 6, 7, 14, 25,
31, 36, 37] for enhancing operators’ performance. However, placing the camera in a suitable location
or selecting a view from a candidate set to facilitate teleoperation tasks will increase the cognitive
burden of the single operator or require coordination between multiple operators. Hence, natural
means to interact with the telerobotics system, such as by eye gaze [21, 25], have been explored.
Leveraging the technological advances in virtual reality [3, 23, 30, 41] or augmented reality [9,
33, 40] has also been widely discussed. In this study, we consider automating an external moving
camera that has long been pursued to reduce the operator’s cognitive burden in the teleoperation
tasks [2, 17].

Recent works [5, 22, 27, 28, 43] extended the previous ones from several aspects. Nicolis et al. [22]
proposed a dynamic camera control method to avoid nearby object occlusions. Rakita et al. [27]
developed an autonomous camera system that can follow the gripper during manipulation. Their
follow-up work [28] extended the previous one by adjusting the viewpoint to avoid occlusions
due to the cluttered remote workplace. In both works, a set of heuristic rules was used to optimize
the dynamic camera’s pose while tracking the gripper. This design rationale for what to look at
during the coarse movement of the gripper (i.e., transport the gripper from one place to another)
aligns well with the observation from [15]. Similarly, Senft et al. [32] adopt a set of view heuristics
to optimize and generate candidate viewpoints for a flying drone with a dynamic camera. Since
the heuristics used in these studies are rules for optimizing the viewport to avoid environmental
occlusions, we follow the empirical observation made in [15] for fine manipulation and extend this
line of research through the discussion of how to select a viewpoint that potentially reduces the
depth ambiguity and facilitates fine manipulation tasks, such as grasping or stacking. Our second
difference from the previous works is the use of a learning-based model to predict the desirable
viewpoints.

1https://github.com/rxjia/view_adjust
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Fig. 1. A viewpoint prediction model was learned from human demonstrations to predict potentially desirable
viewpoints for remote telemanipulation given the current manipulation state, automating the viewpoint
adjustment which is demanding for users. (a) A user was remotely controlling the system for a telemanipulation
task by watching a live video. (b) A task in the user study. (c) The ability of our method in a more realistic
scenario.

Another line of recent research [5, 34, 43] has proposed leveraging the concept of environmental
affordance and psychomotor aspects to evaluate the quality of viewpoints. This research encom-
passes a broader range of teleoperation tasks, including traversing and passing in addition to
manipulation. Expert users were invited to evaluate a limited set of 30 views for each affordance
concept corresponding to a teleoperation task.

Our work shares similarities with this line of research in that both aim to assess the viewpoint
utility based on human evaluation. However, our work takes a step further, developing a data-
driven approach that can evaluate the viewpoints through learning from human demonstrations.
To achieve this, we proposed a novel contrastive learning strategy to operate in a low-data realm.
This learning-based method also enables us to leverage additional information, such as how the
gripper approaches the target object.

3 Methodology
In this section, we first give an overview of our telemanipulation system (Section 3.1). Then, we
present a viewpoint prediction model that predicts desirable viewpoints for users (Section 3.2)
trained with a contrastive learning scheme. Finally, we introduce the user interface and data
collection in Section 3.3.

3.1 System Overview
Using one or more external cameras has become the usual practice for teleoperation. Our system
follows this design rationale and adopts a similar setting presented in [27, 28] to use two robotic
arms and only one dynamic camera for the telemanipulation task. In our physical prototype, one of
the robotic arms is equipped with a parallel gripper while the other moves the camera to change
the viewpoint continuously. Each of the robot arms can be manually controlled via an HTC ViveTM
controller (see Figure 1). Figure 2(a) shows the physical setup of the physical prototype. Our system
also features a viewpoint prediction model that predicts potentially desirable viewpoints based on
the manipulation states for users. The training process and how it interacts with the users during
data collection are shown in Figure 2(b).

Demonstrated in previous works (e.g., [25]) and also observed in our pre-study, users prefer to
control the gripper movement in the reference frame aligning with the viewing frame. Hence, we
used the current viewing frame as the reference frame for gripper motion control. This leads to the
design of an alternating control pattern where the users controlled either the gripper or the camera
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(a) Physical setup (b) System architecture

Fig. 2. System overview. (a) Physical setup of the remote workplace for the telemanipulation tasks. (b) System
architecture shows how the viewpoint prediction model is trained in an interactive data collection process.

Fig. 3. Two samples of the control signals regarding the zenith (\ ) and azimuth (q) angles are shown. The
yellowish and greenish blocks represent the control of the camera and of the gripper. Three and four pairs of
live video snapshots (cropped and zoomed-in for readability) before and after the autonomous viewpoint
adjustment are shown for the two samples, respectively. Pairs A, B, D, E, and F were captured before the pick
event (the red line); pairs C and G were captured after that. Views obtained by the automatic adjustment
can better reveal relative positions between the gripper and the target, reducing the depth ambiguity. For
example, pair E reflects the gap between the gripper and the target object along the axis perpendicular to the
tabletop; pair G shows the misalignment between the gripper and the target.

at one time, avoiding the issue of confounding viewpoint control mentioned in [18]. Our viewpoint
prediction model is, therefore, inactivated when the gripper is moving and predicts desirable view
changes upon the request by users when the gripper is stationary.

Several examples of the control signals and their corresponding camera motions are shown in
Figure 3. For example, the view suggested by our automatic viewpoint adjustment in snapshot C
shows that the two cubes are almost aligned. Hence, the user can move the gripper downwards
without any horizontal adjustment. In snapshot F, the suggested view indicates that the user needs
to adjust the gripper before picking the plug. The suggested view in snapshot G can better facilitate
the plug-in task. See the attached video for more details. Next, we present the implementation
details of the viewpoint prediction model.
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3.2 Viewpoint Prediction Model
As demonstrated in [15], humans consistently direct their attention toward or near the object of
interest during manipulation tasks, such as picking and placing. Hence, the moving camera of
our system is set to look at the target object during the pick-and-place tasks. Consequently, the
automatic placement of a moving camera reduces to determining a camera pose, or a viewpoint,
which can be expressed as the coordinates of a spherical coordinate system with the origin at the
target object.

One way to address this problem is to adopt a regression approach to train a model that predicts
the coordinate of the viewpoint based on the manipulation state with a large amount of training data.
However, the amount of data that can be collected from human demonstrations is limited. Hence,
the model should be able to learn the utility of a viewpoint from this limited set of demonstration
data. To achieve this, we propose a contrastive learning approach that leverages all viewpoints
visited by the trajectories of human demonstrations. Specifically, we treat different viewpoints as
contrastive examples and require our model to score all viewpoints in a candidate set. This way,
both the target viewpoints collected and those implicitly rejected by human operators are exploited
during the training, which leads to the superior performance of our contrastive approach compared
to the regression approach as shown later. Next, we will first present the formulation of the training
objective and then elaborate on how the contrastive examples of viewpoints are defined from our
collected data.

3.2.1 Viewpoint Modeling. We consider the target viewpoint to be a sample from a discrete set
of views V = {v8 } uniformly sampled from a spherical surface centered at the target object.

We define the manipulation state, s, to contain the following information: (1) current viewpoint
vcur, (2) current gripper pose gcur, and (3) gripper movement G = {g8 })8=1 in previous seconds. The
proposed viewpoint prediction model � takes as input a manipulation state, s, and predicts a score
(? ∈ [0, 1]) for each view v8 in V . Formally, we have

? (v8 |s) = � (v8 , s), ∀v8 ∈ V, (1)

where s = [vcur, gcur, � (G)] and G = {g8 })8=1 represents the gripper movement consisting of
poses from previous ) frames (spanning 2 seconds). All components of the manipulation state are
represented in the local frame of the target object. To simplify the experimental settings, we assume
that our system has access to the positions and orientations of the target objects in the remote
workplace, but other existing methods [16, 42] can be used to obtain this piece of information in
real-world applications.

Viewpoint prediction model � is implemented as a network of multi-layer perceptrons (MLP)
with 3 hidden layers of 512 dimensions, and motion encoder � is also designed as an MLP with
1 hidden layer of 256 dimensions to aggregate the motion information. We chose this network
architecture to predict the score of each candidate viewpoint as MLPs are proven to be effective in
predicting a scalar field [35, 44]. We opt for a three-layer small network for its inference efficiency
and due to the simplicity of our tasks.

We consider the target viewpoint to be the one with the highest score, or v∗ = argmaxv8 ? (v8 ).
Once the target viewpoint is predicted, a smooth path is planned on the spherical surface (to keep a
constant distance A = 0.6 m between the object and the camera) to transport the camera viewpoint
from the current pose vcur to the target one v∗.

3.2.2 Learning from Contrastive Examples. We detail how the collected trajectories from human
operators are annotated into positive and negative examples for contrastive learning of the viewpoint
prediction model.
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Given a manipulation state s, users will change the viewpoint and continue performing the
manipulation task, either moving the gripper again and adjusting the view or performing the final
action (e.g., trigger the picking or stacking actions) to finish the task. To collect training data on
desirable views that may lead to the success of the manipulation task, we only focused on the
camera trajectory, along with its previous manipulation state, right before the final action.

As training a neural network usually requires a large amount of data, we made two core as-
sumptions about the collected data to get dense annotation for each camera pose in the camera
trajectory. We assume that (1) the operators are rational in the sense that they will not choose
another viewpoint if a good one is presented to them and (2) if a task fails, it is because there exists
no good viewpoint along the camera trajectory for completing the task. We consider a viewpoint v
desirable if it can lead to a successful completion of the task.

We define a control sequence as a tuple of {s, Γ, U}, where s is the manipulation state as described
previously; Γ = g 8=0 denotes the trajectory that adjusts viewpoint g0 to g right before the final
action; U indicates the success (U = 1) or failure (U = 0) of a task. We refer to the views (g 8=0) visited
by the trajectory Γ as seen views and the rest as unseen. If U = 1 (i.e., the task was successfully
completed), we labeled the candidate views from V that are close to the last viewpoint (angular
distance �) less than 10°) in the trajectory as desirable views. The rest of seen views were labeled
as undesirable. This practice is based on Assumption 1; if the operator finds an intermediate view
to be desirable, s/he should have stopped at this view instead of ending at an inferior view that
appeared later. If otherwise the task failed (i.e., U = 0), all seen views were considered undesirable,
following the rationale that the user would have stopped at a desirable view to finish the task if
there is any (based on Assumptions 1 and 2).

On the other hand, we also need to label the unseen views in the entire space of candidate views,
V . For these views, we simply labeled them as undesirable, but a different weight was applied
to them in the training objective. This difference between the weights on the seen views and the
unseen ones can be seen as the difference between annotation confidences on the seen and unseen
views. Two example camera trajectories with labels are shown in Figure 4.

Thus, we write the training loss term for a success control sequence (i.e., 1 = {s, Γ, U = 1}) as

!+ (v8 , 1) =

0.3 · ��� (? (v8 |s), ;−), � (Γ, v8 ) > �)

0.7 · ��� (? (v8 |s), ;+), � (g , v8 ) < �)

0.7 · ��� (? (v8 |s), ;−), otherwise,
(2)

and the loss term for a failure control sequence (U = 0) as

!− (v8 , 1) =
{0.3 · ��� (? (v8 |s), ;−), � (Γ, v8 ) > �)

0.7 · ��� (? (v8 |s), ;−), otherwise.
(3)

Here, we set ;+ = 1 to represent the ground-truth (GT) label of a viewpoint if it leads to task
success; otherwise, this viewpoint has the label ;− = 0. ��� is the binary cross entropy loss

��� (~, ~̂) = − (~ log(~̂) + (1 − ~) log(1 − ~̂)) , (4)

where ~ and ~̂ denote the predicted score of a viewpoint and the GT label of this viewpoint,
respectively. Finally, � (·, v8 ) is the distance of v8 to either the camera trajectory Γ or a viewpoint
g: in the trajectory. The training objective for a batch of control sequences � = {1 9 } is minimized
with respect to the network parameters Φ.

Φ∗ = argmin
Φ

∑
1 9 ∈�

∑
v8 ∈V

U!+ (v8 , 1 9 ) + (1 − U)!− (v8 , 1 9 ). (5)
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Fig. 4. Annotating each camera trajectory as contrastive examples. Viewpoints that are visited by the
trajectory and closer to the destination of the trajectory are labeled as positive viewpoints. The rest of the
visited viewpoints are labeled negative. Unseen viewpoints (transparent ones) in the ambient space are labeled
negative with a smaller weight.

Table 1. Ablation Study on the Performances of Different Design Choices

Method Mean (M) prediction error Error threshold
(◦) ≤ 10◦ ≤ 20◦ ≤ 30◦

Regression 19.8 (11.3) 22.8% 55.7% 65.4%
Contrastive-0s 12.3 (9.5) 59.4% 83.9% 94.3%
Contrastive-2s 11.9 (8.8) 61.1% 85.2% 96.0%

The average prediction errors with SDs in parentheses are shown. Our approach (Contrastive-2s) is compared to two
alternatives (Regression-2s and Contrastive-0s). Our approach outperforms the other two, validating our design choices.

Evaluation on the Contrastive Learning Scheme. We conducted an ablation study to validate the
use of the proposed contrastive learning scheme against the regression approach. For our model,
the viewpoint with the highest prediction score is considered the predicted target view, while the
regression approach (Regression) directly predicts the coordinates of target viewpoints given the
same input as ours.

The performance of different methods was measured as the angular distance between the pre-
dicted target viewpoints and the user-selected viewpoints. We collected 400 control sequences and
randomly split them into five folds. We conducted a five-fold cross-validation on these data, that is,
we trained the model on four folds and tested it on the remaining one. This was repeated five times,
each with a different fold as the test set. The performances of different design choices are reported
in Table 1. The average test error of our method (Contrastive-2s) is 11.9° against 19.8° for Regression,
validating our design choice.

3.3 Prototype Implementation and Data Collection
Prototype and User Interface. At the backend, the telemanipulation system uses CollisionIK [29] to

generate the joint position commands, which were sent to the joint position controller ofUniversal
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Robot (UR) Robot Operating System (ROS) Driver [1] to control two six-df UR robot arms
(UR16e for manipulation and UR10e for camera control). The gripper for manipulation is a parallel
gripper (ROBOTIQ 2F-85), and an Intel Realsense D435 sensor is used as the remote camera. Our
system runs on a Linux desktop with an Intel i7-11700K @ 3.60 GHz CPU and 32 GB RAM. The
programs communicate via the ROS. The live video is of size 1, 280 × 720. The streaming video
showing the remote workplace captured by a moving camera was displayed on a 52″ screen monitor.
Two HTC Vive controllers were used to control the gripper and the camera motions (see Figure
1(a)).

As for the neural network, we implemented it in PyTorch [24] and adopted the Adam optimizer
[13] (with the initial learning rate of 10−3).

We employed an alternating control strategy in which only the camera or the gripper can be
controlled and moved by the users at one time. With this alternating control strategy, we ensure
that the control frame defining the movement of the gripper in the remote scene aligns with the
viewing frame of the camera for visualizing the remote scene [25]. Hence, even drastic changes in
the gripper’s movement will not introduce inconsistent movement to the users.

Gripper control is only enabled when the trigger button on the joystick controller for the gripper
is pressed and held. The movement of the gripper is controlled by moving and rotating the joystick
controller in the space. The control frame (coordinate system for controlling the gripper) is defined
as the viewing frame when the gripper controller is triggered [25]. Owing to the alternating control
strategy, the viewing frame will not change as the camera is stationary when the gripper is moving.
To reduce the physical workload of participants in the user studies, we only enable four Degrees of
Freedom (DF) movements of the gripper, namely, translation along three axes and the rotation DF
about the z-axis (the direction of gravity). The gripper’s opening/closing is controlled by clicking
the menu button of the gripper controller.

Camera control is enabled by holding the trigger of the corresponding controller as well. Touch-
ing/pressing, for example, the southwest of the trackpad can generate a corresponding camera
motion moving along the same direction in the spherical surface. We relaxed the camera position
to be within a distance ±0.1m from the spherical surface (with a 0.6m radius) centered at the
target object. We specifically chose to use the trackpad to control the camera viewpoint because
our camera movement is parameterized to a spherical coordinate system. When a user presses the
camera controller’s trigger without pressing the controller’s trackpad, the viewpoint prediction
model is invoked to predict a viewpoint given the aforementioned manipulation state. An assistive
camera mode is provided to allow users to terminate this automatic camera placement process and
manually control the camera motion by pressing the trackpad.

Data Collection. Our data collection is conducted in a simulation environment adapted from
RLBench [11]. We train the viewpoint prediction model in an online fashion as we collect the
data. This is shown in Figure 2(b) where two processes are run during the data collection. In the
training process, an instance of the viewpoint prediction model is trained in the background. In
the prediction process, another instance of the model is run to predict target viewpoints upon the
user’s request. For every five interactions, the prediction model instance will be updated by cloning
the weights of the model from the background training process.

With this online training scheme, we employ a correction-based interface to facilitate the data
collection. Upon receiving a recommended target viewpoint from the model, users can accept
this viewpoint or reject it by manually adjusting the camera pose. Such a correction can be made
anytime during the camera movement. The entire camera trajectory before the final action is then
labeled as described in Section 3.2.2.
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Since all components of a manipulation state s are represented in the local coordinate system
of the target object, we made use of the symmetry of the target objects at runtime, if applicable,
to augment the collected data. We rotated the local frame of the target object according to its
rotational symmetry. After that, we transformed the poses of the gripper and the camera into these
rotated frames and input them into the trained model to predict target viewpoints.

4 User Studies and Discussion
The results of two user studies are presented. The goal of User Study 1 is to compare our viewpoint
prediction model with the other three methods for viewpoint adjustment to validate our design.
In User Study 2, our viewpoint prediction model serves as an assistive module in our telemanipu-
lation system prototype, which is compared to a manual camera control mode. The objective is
to investigate how this assistive technique will be used and how it performs as compared to the
telemanipulation system with a manually controlled camera. Note that the DNN for our viewpoint
prediction model was fixed in both user studies.

4.1 User Study 1: Comparison with Multiple Baselines
Baseline Methods. In this study, three baseline methods (conditions) are compared with our

viewpoint prediction model (denoted as Condition Auto-Cam) as follows.
Manu-Cam: In thisManual Camera control setting, users manually adjust the viewpoint to achieve

the task in the feasible viewing region. The manual control camera is adapted from the semantically
dictated viewpoint adaptations of [28], with two modifications. First, the camera focuses on the
target object based on [15] for the alignment tasks. Second, the camera here is controlled by a
trackpad rather than the joystick’s motions in space.

Rand-Cam: This Random Camera control setting is included as a random control group to demon-
strate the effectiveness of the proposed method for predicting desirable viewpoints. The only
controlled variable between Rand-Cam and Auto-Cam is that the viewpoints of Rand-Cam are
randomly sampled from the uniform distributions (\ ∼ U(!\ ,*\ ), q ∼ U(!q ,*q )).

Dyna-Cam: ThisDynamic Camera control setting is a rule-based camera control method presented
in [27]. While the other methods have the camera focused on target objects, the camera of Dyan-
Cam always looks at the gripper from a randomly initialized angle. Previous methods [27, 28] adjust
the camera viewpoint only when the gripper is occluded. Since the gripper will not be occluded in
our tasks, the viewing angle of this condition is fixed. That said, the gripper’s motion allows the
camera to move and hence provide different views of the remote scene.

The same feasible viewing region (!\ = 30◦, *\ = 80◦, !q = −50◦, *q = 90◦) is applied to all
four conditions due to the mechanical limit of the camera robot arm. To evaluate the quality of the
predicted target viewpoints, a black screen was displayed to mask out the intermediate camera
feeds during the transition of the camera under conditions Auto-Cam and Rand-Cam. This way,
the spatial perception is solely based on the stationary images captured from target viewpoints,
preventing participants from leveraging the intermediate views for perceiving the remote scene
under these two conditions. For conditions Manu-Cam and Dyan-Cam, there is no black screen
applied when the camera moves.

Hypotheses. H1: The proposed method (Auto-Cam) can provide users with a better control expe-
rience than the other methods. H2 : The proposed method (Auto-Cam) can reduce the task load as
compared to the other methods. H3: The proposed method (Auto-Cam) can achieve higher efficiency
in the designated tasks.
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Fig. 5. In the pick-and-place tasks, the object in red is to be grasped and placed on the target area marked by
an X, resulting in the target configurations shown in the bottom row.

Experimental Design. We designed a 4 × 1 within-participants experiment in which partici-
pants used the four camera control methods to complete a set of telemanipulation tasks in a
counterbalanced order.

Study Tasks. The concerned objects were cubical wooden blocks with a size of 5 cm. The picking
sub-task requires the participants to align the gripper with the block for a stable grasp, while the
placing sub-task requires them to align the block in the gripper with different target configurations
for stacking, as shown in Figure 5. Participants could only observe the remote workplace from the
display showing the view of the single moving camera. Thus, the camera view needs to be adjusted
from time to time to achieve these tasks.

Study Procedures. An experimenter first obtained informed consent, introduced a participant
to the user study by explaining the goal, procedures, and tasks of this study, and guided the
participant through an interactive session with the prototype system (Figure 2(a)). The experimenter
initially provided users with an elucidation of the manipulation of the gripper’s movements via
the controller in Manu-Cam condition, including directional commands (e.g., move left or right),
rotational instructions, and grasp. Since there are three ways of controlling the camera (with
Auto-Cam and Rand-Cam being seen as the same for users), the participants were taught how to
use the three control methods in the manipulation tasks. The experimenter explained how to use
the Manu-Cam in the top-place task, the Dyan-Cam in the side-place task, and the Auto-Cam in the
top-side-place task. The total tutorial took around 20 minutes: about 5 minutes for the introduction
and 5 minutes for each task (or camera control method). Participants should be able to finish the
task successfully in the tutorial session.

After the tutorial session, the participant was invited to perform the pick-and-place tasks. The
four investigated conditions were presented in a counterbalanced order. The participant needs to
complete the three tasks in each condition. Each task was repeated twice in succession, resulting in
a total of six trials within a given condition. The initial states of the blocks and the gripper were
fixed for each task, as shown in Figure 5. We randomly selected six initial viewpoints for each trial
and initialized the camera arm to the corresponding viewpoint. The initial viewpoint of each task
was the same for all four conditions.

After completing all trials under a condition, the participant filled out a subjective question-
naire regarding that condition and moved to the next one. A break was given to the partici-
pant after a condition. After finishing all conditions, the participant filled out a demographic
survey, underwent a semi-structured interview with the experimenter, and received a coupon
equivalent to 16 USD. It took approximately 100 minutes for each participant to finish the user
study.
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Table 2. Statements About the User’s Perceived Control Experience

Goal understanding (Cronbach’s U = 0.84) Fluency (Cronbach’s U = 0.81)
+ The robot perceives accurately what my
goals are

+ The robot contributed to the fluency of the
interaction

− The robot does not understand what I am
trying to accomplish

+ The robot and I worked fluently together
as a team

+ The robot and I are working toward mutu-
ally agreed upon
Robot contributions (Cronbach’s U = 0.71) Ease-of-use (Cronbach’s U = 0.83)
− I had to carry the weight to make the
human–robot team better

+The control method made it easy to accom-
plish the task

+ The robot contributed equally to the team
performance

+ I felt confident controlling the robot

− I was the most important team member on
the team

+ I could accurately control the robot

+ The robot was the most important team
member on the team

Statements related to Goal understanding, Fluency, and Robot contributions are adopted from [10], while those related to
Ease-of-use are from [28].

Measures. We measured the alignment quality, success rate, and time to complete a trial. The
alignment quality is measured by the Intersection-over-Union (IoU) of the top surface of the
placed object and the target place area. A trial is considered successful if the IoU is larger than 0.3.
Mistakenly triggering the pick-up action was viewed as failing to complete the trial.

The National Aeronautics and Space Administration Task Load Index (NASA TLX) [8]
was adopted to measure the perceived workload. As shown in Table 2, we adopted questions
commonly used in human-computer interaction from [10, 28] to measure perceived control experi-
ence. Specifically, the questions regarding Goal Understanding, Fluency, and Robot contributions are
adopted from [10], while the questions regarding Ease-of-use are from [28]. All questions in these
subjective questionnaires were evaluated with a seven-point Likert scale. For each measure in the
perceived control experience, a higher rating indicates a better control experience.

Participants. Twenty-four participants with ages 23–49 (Mean (M): 28; SD: 4.97) were recruited
from a university campus. Eleven participants are female. Six participants have studied robotics
but reported had never participated in similar research before. Two reporting previous experience
in similar user studies were from majors other than robotics.

4.2 Results and Discussion of User Study 1
We analyzed all measured results using one-way repeated-measures analyses of variance. The
camera control method was treated as the within-participants variable. We conducted a post hoc
analysis, performing pairwise C-test betweenAuto-Cam and the other three conditions.The returned
p values were adjusted using the Bonferroni correction by multiplying the p value by 3 (except
Goal Understanding). The survey results are shown in Figure 6.

Perceived Control Experience. Our results partially support Hypothesis H1. Specifically, Auto-Cam
outperforms all other three methods concerning Fluency. Additionally, Auto-Cam significantly
improves the user control experience over Manu-Cam concerning Robot contribution, over Dyan-
Cam in terms of Ease-of-use, and over Rand-Cam regarding Goal Understanding. Specifically, this
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Fig. 6. Boxplots of the survey results of User Study 1. Average ratings and their SDs (in parentheses) are
reported below the plots. Overall, participants perceived a lower task load and improved control experience
with the proposed method (Auto-Cam). Different statistical significance levels are denoted with *? < 0.05
and **? < 0.01.

last comparison with Rand-Cam the random control group demonstrates that the proposed method
(Auto-Cam) can encode task-related information to generate viewpoints preferable to users. Notably,
our method still gains marginal improvement and exhibits smaller SDs for those aspects without
statistically significant differences.

Perceived Task Load. Our results also partially advocate Hypothesis H2. Compared to Manu-Cam,
our method (Auto-Cam) can significantly reduce the mental demand, physical demand, or effort
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Fig. 7. User Study 1: Average time spent (in seconds) and IoU, along with their SDs (in parentheses) of each
camera control mode, are reported below the plots.

required for completing the tasks, while improving the perceived performance. Auto-Cam also
outperforms Dyan-Cam in terms of the perceived performance and effort. Auto-Cam receives
slightly higher ratings than Dyan-Cam regarding mental and physical demand, indicating similar
benefits of automatic camera control enjoyed by both methods. Since Rand-Cam and Auto-Cam
differ only in how the viewpoint is synthesized, it is reasonable that they do not show significant
differences in terms of the perceived task load.

Task Performance. Hypothesis H3 was not confirmed in this user study. The results regarding
task efficiency, which show no significant differences, align with the scores for Temporal Demand
in the NASA-TLX survey. This may be attributed to the relatively low difficulty of the manipulation
tasks designed for the user study.

Nevertheless, certain advantages of our method (Auto-Cam) over the other methods can be
observed from Figure 7. First, our method achieved a shorter task time than both Manu-Cam and
Dyan-Cam, both of which involve camera movements during the manipulation task. Second, when
compared to Dyan-Cam, our method also yielded a lower manipulation time (total task time minus
camera motion time).
Auto-Cam achieved the highest success rate (93.8%) compared to Manu-Cam (89.6%), Dyna-

Cam (90.8%), and Rand-Cam (91.7%), while keeping a relatively high IoU (slightly failing behind
Rand-Cam), as shown in Figure 7.

Post Hoc Power Analysis. The post hoc power analysis [39] with 1 − V = 0.80 and U = 0.05 found
24 participants are sufficient for most questions in User Study 1, with some exceptions such as
Fluency in Rand-Cam vs. Auto-Cam (? < 0.01, 1 − V = 0.68) and Effort in Dyna-Cam vs. Auto-Cam
(? < 0.01, 1 − V = 0.75).

User Preference. In the follow-up semi-structured interview of Study 1, we asked the subjects to
rank each method according to their preference. The results are shown in Figure 8. Among them, 12
users liked Auto-Cam the most, while 8 liked Manu-Cam, 3 liked Rand-Cam, and 1 liked Dyna-Cam
the most, respectively.

We also interviewed the participants about the positive and negative features of each camera
control mode. For our Auto-Cammode, seven participants thought Auto-Cam was “smart” as the rec-
ommended viewpoints were convenient for completing the tasks and requiring less effort compared
to other camera control modes. But, on the other hand, four participants mentioned the predicted
viewpoints were not what they wanted and two participants thought this method cost more time.
This shows that our camera control method may satisfy the expectations of part of the participants.
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Fig. 8. User Study 1: Participants’ preference toward different camera conditions. The number is the rank of
different camera conditions: 1 indicates the highest rank and 4 means the lowest. Our method (Auto-Cam)
was ranked first place by 12 out of 24 participants.

The Rand-Cam mode is similar to our Auto-Cam mode. From the interview, six participants were
not satisfied with the viewpoints provided by Rand-Cam. But a bit contradictory, the overall IoU
metric achieved in the Rand-Cam mode is slightly higher than that achieved in the Auto-Cam mode.

For the Manu-Cam mode, its controllability received most comments, both positive and negative.
Those (10) who liked this mode usually mentioned they could navigate the camera to “go to the
viewpoint they want,” while those (7) against this mode complained about the effort required for
controlling both the camera and the gripper.

Four participants thought the Dyna-Cam mode could boost the task efficiency (as no camera
traveling time) while reducing their effort andworkload; while more than half of the participants (13)
found Dyna-Cam difficult to use as the camera view could reveal little about the spatial relationship
(e.g., distance) between the gripper and the objects of interest.

In summary, half of the participants ranked Auto-Cam as their first preference among the four
methods. However, subjective comments on each method are somewhat conflicting among the
participants.

General Discussion. In summary, based on both the subjective questionnaire responses and the
quantitative analysis of the results, the proposed camera control method (Auto-Cam) demonstrates
the ability to enhance users’ control experience, particularly in terms of control fluency. It also
outperforms each of the other methods in a different aspect related to control experience. In terms
of task load, our method significantly reduces the task load compared to Manu-Cam. However, it’s
worth noting that we did not observe a clear improvement in task efficiency.

It is intriguing to understand how participants were able to achieve the manipulation tasks in
Condition Dyan-Cam with similar efficiency as other methods. Through our semi-structured post-
experiment interviews, we found that the primary reason is as follows. In Condition Dyan-Cam,
the camera’s spatial position changes as the gripper moves to maintain a fixed viewpoint of the
camera focused on the gripper. As they explained in the interviews, participants can exploit the
limited camera movement and the disparity created by these continuous changes in perspective to
perceive the three-dimensional remote scene and complete the tasks, albeit at the cost of expending
more effort, resulting in lower ratings for Fluency and Ease-of-use.
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Most participants considered bothManu-Cam and Auto-Cam to be easy to use, and as a result, no
statistically significant difference in terms of Ease-of-use was observed between the two methods.
However, based on the interviews, some participants believed that Manu-Cam offered higher
control accuracy than Auto-Cam because it allowed them to position the camera at their preferred
viewpoint precisely. Another frequently mentioned reason was that Manu-Cam permitted users to
see intermediate views during the camera movement, which provided valuable information for a
better understanding of the remote environment.

4.3 User Study 2: Assistive Camera Mode vs. Manual Camera Mode
In the previous user study, our primary focus was on evaluating the effectiveness of the proposed
viewpoint prediction model. In that study, we masked out the intermediate views during camera
transitions and did not allow users to override the suggested viewpoints provided by our system.
In this second user study, we removed these constraints and integrated the viewpoint prediction
model as an integral part of the telemanipulation system for evaluation.

Specifically, we implemented the proposed automatic camera placement method as an assistive
technique (referred to as Assist-Cam), activating it only upon the user’s request. Under this Assist-
Cam condition, the participants had the option to reject the proposed viewpoint by Assist-Cam and
manually adjust the camera viewpoint. We were especially interested in understanding how the
proposed method, when utilized as an assistive technique, would be employed by users and how
its performance would compare to the manual-controlled camera mode (i.e., Manu-Cam).

Hypotheses. Following hypotheses were investigated: H1: The proposed method (Assist-Cam)
can provide users with a better control experience than Condition Manu-Cam. H2 : The proposed
method (Assist-Cam) can reduce task load for the users as compared with Condition Manu-Cam.
H3: The proposed method (Assist-Cam) can achieve higher efficiency in the telemanipulation tasks
than Condition Manu-Cam.

Study Tasks and Procedures. In this study, only the pick-and-place task with the top-place target
configuration was considered. The same cubical wooden blocks were used.

An experimenter first obtained informed consent and introduced a participant to the user study
by explaining the goal, procedures, and tasks of this study. The experimenter guided the participant
through an interactive session with the telemanipulation system and explained to the participant
how to use the controllers to achieve certain simplified goals (e.g., move left or right).The participant
was given 8 minutes and then 4 minutes to interact with conditions Manu-Cam and Assist-Cam,
respectively.

After the tutorial session, the participant was invited to perform the pick-and-place tasks.The two
investigated conditions were presented to a participant in a counterbalance order. The participant
performed the designated task four times. The initial states of the robot arms were set to the
same, while the cubes were randomly placed in the remote workplace. After completing all four
trials under each condition, the participant filled out a questionnaire regarding that condition and
moved on to the next condition. In between two conditions, a break was given to the participant.
After finishing all conditions, the participant filled out a demographic survey, underwent a semi-
structured interview with the experimenter, and received a coupon equivalent to 16 USD. It took
approximately 1 hour for each participant to finish the user study.

Measures. We adopt the same metrics to quantify the performance of each trial as described
in User Study 1. The same subjective survey was conducted to measure the perceived workload
and the perceived control experience. Note that the questions related to Goal Understanding were
excluded for a fair comparison in this user study.
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Fig. 9. Perceived task load results of Study 2 (higher score means higher load). Under Condition Assist-Cam,
users in the�� group experience lower levels of mental and physical load, report fewer feelings of frustration,
and exert less effort in completing tasks.

Participants. Eighteen participants with ages 19–41 (mean: 26.4; SD: 5.9) were recruited from the
same university campus. Eleven participants are male. Three participants have studied robotics
but reported having never participated in similar research. Two reporting previous experience in
similar user studies were from other engineering majors. There is no overlap between the two
groups of participants from User Study 1 and this user study.

4.4 Results and Discussion of User Study 2
We performed paired C-tests for each measure between the two conditions, Assist-Cam and Manu-
Cam, to check if there is a statistically significant difference. The results are shown in Figures 9
and 10.

Acceptance of the Assistive System. In this user study, we observed that some participants hesitated
to accept the camera viewpoint recommended by Assist-Cam. These participants quickly assumed
camera control after triggering Assist-Cam. To quantify this behavior, we computed the ratio of
Assist-Cam time to the total camera control time: A�DC> = C�DC>/(C�DC> + C"0=D), where C�DC> and
C"0=D represent the time the camera was controlled by Assist-Cam and the time controlled manually
by participants, respectively. Based on the median value of A�DC> (0.67), we divided participants into
two groups: �� (A�DC> ≥ 0.67, # = 10), who accepted Assist-Cam, and �" (A�DC> < 0.67, # = 8),
who more frequently overrode the suggested viewpoints provided by Assist-Cam. We found a
significant statistical difference between the two groups of participants (? < 0.001), which validates
the effectiveness of this clustering scheme for the participants.

Perceived Control Experience and Task Load. The statistics of the perceived control experience
and task load are shown in Figures 10(a) and 9, respectively.
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Fig. 10. Boxplots of the (a) perceived control experience and (b) task performance of User Study 2. Conditioned
on the participants’ preference, Assist-Cam exhibits significantly better control experience perceived by the
participants in �� (who rely more on Assist-Cam to control the camera viewpoint). Higher task efficiency
was observed in group �� as well, achieving a 25% reduction of the total task completion time.

When considering all participants without grouping, we found that Assist-Cam significantly
improved the Robot contribution2 over Manu-Cam and was rated favorably on average in terms of
Fluency and Ease-of-use. When examining the group��, we observed that our method achieved bet-
ter control experience in all aspects, as shown in Figure 10(a). Therefore, H1 holds when participants
accept the proposed system (��). Additionally, we observed statistically significant differences in
terms of Mental Demand, Physical Demand, Effort, and Frustration Level among participants in ��,
partially confirming H2 within the context of participants’ preferences. Regarding participants in
�" , we observed that the performances when using Assist-Cam and Manu-Cam were very similar.
This aligns with the fact that participants in this group primarily relied on the manual control mode
within Condition Assist-Cam.

Task Efficiency and Success Rate. Hypothesis H3 was confirmed as “true” for the group of par-
ticipants (��) who accepted our proposed system. As indicated in Table 3, the proposed method
(Assist-Cam) led to a reduction of more than 25% in the averaged task time for ��, and significant
differences were also observed for each sub-task. However, for group �" , the task time under
Condition Assist-Cam experienced a slight increase, yet no significant difference was observed.

When examining the entire population, we observed that the time spent on picking/placing tasks
under Condition Assist-Cam was, on average, approximately 9/4 seconds shorter than Manu-Cam.
However, it’s important to note that Manu-Cam achieved a higher M IoU and success rate (IoU:
Manu-Cam 0.67 vs. Assist-Cam 0.62; success rate: Manu-Cam 85.7% vs. Assist-Cam 82.9%) in terms

2Here, “robot” refers to the entire telemanipulation system.
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Table 3. Task Efficiency

Groups Pick Place Total

All 52.8/61.7 (14.4%, 0.71) 50.6/54.3 (6.9%, 0.58) 103.4/116.1 (10.9%, 0.20)
�" 56.1/54.6 (−2.7%, 0.69) 61.5/47.9 (−28.6%, 0.19) 117.7/102.5 (−14.8%, 0.21)
�� 50.2/67.4 (25.5%, 0.03) 41.8/59.5 (29.8%, 0.02) 92.0/127.0 (27.5%, 0.01)

We report M operation time (in seconds) with Assist-Cam/Manu-Cam modes and the relative differences computed as
(C"0=D − C�DC> )/C"0=D % followed by the p value in parentheses. Total task time was largely reduced (>25%) among the
participants in the group�� who chose to adopt the proposed system.

Table 4. Time Distribution of Camera Control under Condition Assist-Cam

Groups Each trial Each camera movement

)>C0; "0=D0; 1 − A�DC> )>C0; "0=D0; MPaI

All 29.34 (21.17) 12.22 (13.36) 33.9% (33.0%) 4.81 (1.58) 1.50 (1.65) 29.4% (30.1%)
�" 37.00 (24.85) 23.19 (12.52) 65.3% (21.0%) 4.50 (1.60) 2.95 (1.45) 57.4% (22.1%)
�� 22.80 (14.91) 3.45 (4.77) 8.8% (11.6%) 5.05 (1.61) 0.35 (0.44) 7.2% (9.3%)

Statistics in the left columns show the manual camera time and total camera time averaged over each trial of a complete
pick-and-place task; 1 − A�DC> represents the average percentage of manual camera control for a trial. Statistics in the right
columns show the manual camera time and total camera time averaged over each camera movement; Manual Percentage
after Interrupt (MPaI) represents the average percentage of manual camera control for one camera movement. All the M
values with SDs in parentheses are provided.

of the overall participant population. Since in the Manu-Cam mode, more time and effort (both
mentally and physically) were devoted to the pick-and-place task, the performances participants
achieved can be considered as a ceiling performance for the task. We note that the performance
obtained with our Assist-Cam mode did not drop much, showing that Assist-Cam can generally
provide satisfactory viewing angles for users to complete the task.

Post hoc Power Analysis. We ran the post hoc power analysis [39] with 1 − V = 0.80 and U = 0.05
for examining if the number of participants is sufficiently large for group ��. We found that 10
participants are enough for the perceived control experience questions, while it falls a bit short
regarding the NASA-TLX questions in User Study 2. Future studies should recruit more participants
to draw more conclusive results.

Further Discussion on User Preference. We analyzed the percentage of manual camera control that
interrupts autonomous camera movement produced by Assist-Cam. The statistics are reported in
Table 4. Participants in �� had a notably low manual control ratio over the entire pick-and-place
task trial, which was only 8.8%. In contrast, participants in �" had a much higher ratio, with
manual control accounting for as much as 65% of the camera time.

We also calculated a similar manual camera control ratio with respect to each camera movement
in between two consecutive gripper movements. This ratio, referred to as Manual Percentage
after Interrupt (MPaI), indicates the extent to which the user-preferred viewpoint is away from
the generated path. As shown in Table 4, the M MPaI for �� is 7.2%, indicating that the manual
control per camera movement is less than 1 second. This suggests that the user-preferred viewpoint
was relatively close to the generated path for transporting the camera to the predicted viewpoint.
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With the same viewpoint prediction model, participants in �" spent an average of 2.95 seconds,
accounting for 57% of the total time of one camera movement, to manually adjust the camera pose.

We have identified several possible reasons why participants chose to override the recommended
camera viewpoints generated by Assist-Cam based on insights gained from participant interviews.

First, seven participants changed the camera movement because they believed the recommended
viewpoints were not their desired viewpoints for the task, e.g., “not the angle I wanted to watch” or
“cannot reach an angle I wanted.” We acknowledge the fact that the optimal viewpoint is not unique,
as noted in previous research [5], that our model’s limitation of learning viewing preference/bias
from the data we collected, and its occasional failure to recommend informative viewpoints that
can reflect the relative spatial relationship between the gripper and the objects.

Second, four participants found the camera movement too slow and preferred to accelerate
the process manually. One of these participants experienced the failure of the inverse kinematics
solver for the camera robot arm’s trajectory and manually controlled the camera to recover. This
experience might have reduced the participant’s faith in the proposed method, and we observed an
increased ratio of manual control afterward. The remaining three participants mentioned that “the
camera moves too slow” so they took over the control or “It takes a long time, but the camera still
does not reach my desired viewpoint.” Unfortunately, we are unable to reproduce the situations
these participants experienced and examine how distant the recommended viewpoints are from
their manually selected ones. This can be a consideration for future studies.

Third, during the user study, we observed that some participants preferred to repetitively check
the remote scene from a sparse set of views before taking action to pick or place an object. This
pattern was observed strongly at least in three participants’ video data records. This pattern
significantly differs from the data we collected to train the viewpoint prediction model, resulting in
our method failing to provide desirable views.

Lastly, we reported an outstanding participant who directly adopted the manual mode throughout
the entire Assist-Cam condition as the participant indicated his/her preference for the Manu-Cam
mode. By analyzing this participant’s data, we found that the participant experienced a higher task
load than the rest of the participants. Among many other possible follow-up studies, an interesting
direction is to explore if the bipolar trend observed in Study 2 is correlated to the participants’
acceptance of novel techniques.

Result Visualization. Finally, we provide some qualitative results regarding the predicted view-
points in the pick-and-place tasks in Figure 11. Four maps are depicted. Each map shows the
frequency of each viewpoint (whose coordinate system is centered at the target object but has
the axes aligned with the world coordinate) visited right before performing the picking or placing
actions. From this figure, strong agreement between the distribution of the predicted viewpoints
and that of the viewpoints manually chosen by the participants was observed. This agreement
demonstrates the proposed model’s ability to generate potentially desirable viewpoints for ma-
nipulation. As seen from the snapshots on the right, the proposed viewpoints are able to reduce
the depth ambiguity effectively. For example, snapshots for the placing sub-tasks (D, E, F, and G)
facilitate the alignment of the two objects by viewing them from a perspective view.

5 Concluding Remarks
In this article, we introduce the first learning-based method for automating camera placement for
telemanipulation. Our method is trained effectively with a small set of human demonstrations
using a contrastive learning strategy that leverages the viewpoints on a camera trajectory.

In the first user study, we validated the effectiveness of our camera control method in improving
the control experience, particularly in terms of control fluency. Our proposedmethod demonstrates a
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Fig. 11. Each map shows the frequency of each viewpoint being visited right before performing the picking
or placing actions. Strong agreement was observed between the predicted results and the manual ones.

statistically significant difference from random camera control, highlighting its ability to recommend
potentially desirable viewpoints to users. Additionally, our method proves to be effective in reducing
perceived task load when compared to manual camera control.

In the second user study, we compared an assistive camera control mode based on our method
to manual camera control. We observed a disparity among the participants in accepting the assis-
tive camera control. Among the users who accepted it, the assistive camera control significantly
enhanced the perceived control experience and reduced around 25% of the task completion time.

Limitations. While our viewpoint prediction model can generate several candidate viewpoints,
it currently selects only the one with the highest score as the target viewpoint. Exploring the
concept of a shared autonomy system is a promising avenue, where user input can serve as a hint
to interpret the user’s intent. Currently, we simplify the automatic camera placement problem by
focusing on predicting a stationary destination for the camera. A potential direction for future
exploration is to consider the value of intermediate views to users and formulate it as a path-planning
problem.
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