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Abstract— Autonomous underwater vehicles often perform
surveys that capture multiple views of targets in order to
provide more information for human operators or automatic
target recognition algorithms. In this work, we address the
problem of choosing the most informative views that minimize
survey time while maximizing classifier accuracy. We introduce
a novel active perception framework for multi-view adaptive
surveying and reacquisition using side scan sonar imagery.
Our framework addresses this challenge by using a graph
formulation for the adaptive survey task. We then use Graph
Neural Networks (GNNs) to both classify acquired sonar views
and to choose the next best view based on the collected data.
We evaluate our method using simulated surveys in a high-
fidelity side scan sonar simulator. Our results demonstrate
that our approach is able to surpass the state-of-the-art in
classification accuracy and survey efficiency. This framework
is a promising approach for more efficient autonomous missions
involving side scan sonar, such as underwater exploration,
marine archaeology, and environmental monitoring.

I. INTRODUCTION

Autonomous underwater vehicles (AUVs) are widely used
for search, detection, and recognition of underwater objects.
AUVs perform these tasks using a variety of acoustic sensors
including side scan sonar [1]. Side scan sonars are commonly
characterized by their high along-track resolution, which
refers to the level of detail that can be seen in the image,
as well as the wide swath width, which refers to the width
of the area that is imaged [2], [3]. There are three important
physical properties of side scan image formation that pose
challenges to automated classification of objects underwater.
First, the backscatter from sound interacting with an object
can be approximated as Lambertian [4], [5]. This means that
depending on the geometry of the object and viewing angle
of the sensor, sound may scatter away from the receiver array
and never be recorded. Next, similar to RGB-D sensors or
LIDAR, acoustic shadowing occurs when objects and terrain
obstruct the propagation of sound underwater. Depending on
the terrain type and clutter around an object, these shadows
could help or hurt classifier performance. Finally, side scan
sonar accumulates all the returns from a given range into the
same pixel bin on the image. As a result, there is a natural
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Fig. 1. a) An Iver3 autonomous underwater vehicle equipped with a Klein
3500 side scan sonar system. b) A real cylindrical target imaged in side
scan sonar is shown in the red boxes. Side scan sonar image appearance
is highly dependent on viewing angle and target geometry, both of which
determine how much acoustic energy returns to the receiver.

elevation angle ambiguity that can cause objects to appear
differently based on the viewing angle [6].

Due to the view-dependence of side scan imagery, when
trying to classify an object using side scan sonar, an AUV
operator will typically program a vehicle trajectory that ex-
haustively inspects the object from multiple viewing angles.
Then, Automatic Target Recognition (ATR) algorithms can
classify the object based on a variety of hand-crafted features
or features learned through machine learning. This process is
called reacquisition and can require in excess of 30 minutes
per object depending on survey parameters. An example of
the view dependence of side scan imagery is shown in Fig.
1.

To address the inefficiency of exhaustive reacquisition, this
work aims to develop a novel method to find and navigate
to the most informative views for an ATR algorithm to
produce an accurate classification. We call this task Adaptive
Surveying and Reacquisition (ASR). This work presents
a graph formulation for both the multi-view classification
problem and the next best view problem that allows us to
solve the ASR task more quickly and with higher accuracy
than state-of-the-art adaptive survey planning algorithms [7].

The main contributions of this work are:

• We present a novel perception framework called the
angular view-graph for multi-view adaptive surveying
and reacquisition in side scan sonar using graph neural
networks.

• We present a novel reward function that encourages a
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reinforcement learning agent to choose the minimum
number of next best views necessary for an accurate
classification.

• We present an ASR algorithm for AUVs that finds and
classifies all targets in a search region without pre-
survey knowledge of target locations.

• We report extensive results from a photorealistic
sonar simulation environment that demonstrate that
our method outperforms state-of-the-art adaptive survey
methods in classification accuracy, classification effi-
ciency, and coverage rate.

Our experiments demonstrate that learning to choose the next
best view can significantly expedite underwater search and
classification tasks, many of which operate under limited
time budgets.

II. RELATED WORK

A. Graph Neural Networks for Robotics

Recent work in robotics has leveraged the inductive biases
of graph neural networks (GNNs) to handle variable sized
inputs and aggregate information across nodes effectively
[8], [9], [10]. [8] uses GNNs to better reason about the
interactions between objects in multi-object manipulation
tasks. [10] explores the use of heterogeneous edges in scene-
graphs to describe the relations between objects in a scene
and attention mechanisms to expedite embodied search for
objects. In multi-agent coordination, [9] uses a graph-based
imitation learning policy for perimeter defense that exploits
each agent’s local measurements and communications with
other agents. In this work, we propose a graph formulation
for the ASR problem. Our angular view-graph encodes in-
formation from sonar views as nodes and the angular relation
between views as edges. To the best of our knowledge, we
are the first to propose this graph formulation for both multi-
view classification and next best view planning.

B. Multi-View Classification

Multi-view classification is a computer vision task that
considers multiple views of an object to produce a final
classification [11], [12], [13], [14]. Prior methods embed
each view of an object into a feature space, then apply an
aggregation function to produce a final classification.

Multi-View Convolutional Neural Networks (MVCNNs)
take 12 views of an object and apply a max-pooling operator
to the embedded features to produce a final classifica-
tion [11]. Although this approach effectively combines data
across multiple views, it cannot handle partial views nor
does it provide information about the relations between each
view. Although follow-up work such as RotationNet [13]
addresses the partial view problem and regresses the viewing
parameters, it is less effective in classification than recent
work that uses graph formulations.

View-GCN explores the use of view-graphs for multi-
view classification [12], [14]. Since View-GCN’s view-graph
only connects the k-nearest neighbor views, we find that its
formulation is not immediately applicable to our robotics
task. In robotic surveys, the k-nearest neighbors of a view

may not be captured yet, yielding an uninformative view-
graph with minimal edge connectivity.

In contrast to the view-graph from View-GCN, we pro-
pose an angular view-graph formulation, which is a fully
connected graph in which the edges are the angular offsets
between each view. This formulation allows us to exploit
the benefits of the original view-graph representation while
also being descriptive enough in partial view scenarios. We
find experimentally that our angular view-graph is a more
effective structure for the ASR task.

C. Next Best View Planning

The next best view planning problem is a sub-problem
in active perception that is concerned with finding view
parameters that achieve a desired goal [15], [16], [17], [18],
[19]. Lauri et al. use a ray-tracing-based view utility function
and a greedy algorithm to select the next best view for scene
reconstruction with multiple robots [15]. NBV-SC avoids
ray-tracing and instead leverages shape completion predic-
tion to determine the next best view for reconstructing fruits
[16]. Alternatively, [17], [18] use reinforcement learning to
find the next best view with reward functions that encourage
coverage of unseen areas using 3D sensors. While most prior
work focuses on maximizing 3D coverage, in this work we
aim to maximize classification accuracy while minimizing
survey time, which presents a fundamentally different task.

It has been found that actively positioning sensors to cap-
ture alternative views can improve classification performance
[20], [21]. [20] uses a Gaussian Process Regression and a
utility function based on Mutual Information to choose the
next viewing angle for an RGB camera. More recently, [21]
considers the problem of choosing the next best trajectory
of views for a camera that increases classification accuracy.
However, this approach is not immediately applicable to our
problem because one side scan image corresponds to a single
pass and the trajectory between passes does not produce
useful re-observations of the target.

Adaptive view planning for acoustic sensors has been
explored in the past [7], [22]. Myers and Williams use a
POMDP formulation to find the best views for classification
in Synthetic Aperture Sonar (SAS) imagery [22]. However,
their work focuses on improving classifier accuracy rather
than multi-target survey time and their reward function does
not consider the cost of capturing additional views. IMVP is
a framework that uses a Bayes Net to infer and navigate
to the most informative views for side scan sonar [7].
However, the IMVP formulation uses hand chosen features
that are modeled as categorical random variables. This choice
restricts the expressiveness of the system, yielding poor
performance when features are not discriminative enough
between challenging classes. Instead, our method uses a
graph neural network to learn an aggregation function for
classification. We then choose the next best view in a data-
driven manner using deep reinforcement learning, which
exploits the full expressiveness of the proposed angular view-
graph representation.
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a) Current Strategy b)     Proposed Strategy
Survey Stage to Locate Contacts Reacquisition Stage to Classify Adaptive Surveying & Reacquisition

Fig. 2. a) The traditional Surveying and Reacquisition process. First a comprehensive survey of the region is performed (lawnmower pattern shown),
then the discovered contacts (shown as red dots) are reacquired and inspected. b) The proposed strategy in this paper is to combine the Surveying and
Reacquisition stages and inform the Reacquisition planner with the most informative views. By avoiding uninformative reacquisition survey legs, we can
reduce the total time for clearing a search region.

III. TECHNICAL APPROACH

Our proposed framework is shown in Fig. 3. First, we
compose an angular view-graph (AVG) with captured side
scan views. Then, we pass the AVG through a GNN for
classification and a GNN for our reinforcement learning
policy. Finally, we navigate to and capture the next best view
as predicted by our next best view policy.

A. Problem Formulation

A common practice for classifying multiple targets within
a search region is to first perform a comprehensive survey
to find all contacts, then perform reacquisition patterns for
close-up inspection and classification as shown in Fig. 2a.
In this work, we are interested in reducing the total time to
clear a search region, which involves 1) finding all contacts
within the region and 2) classifying all the contacts that have
been found. We call this task Surveying and Reacquisition
(SR), and we provide further details of each sub-task below.

1) Surveying: In the surveying stage, we assume the
locations and number of targets N are not known beforehand.
It is unlikely that the user will have prior surveys of the
region when deploying an AUV in a novel environment. The
survey environment consists of N targets placed in an H×W
rectangular search region with no obstacles. In this work, we
will require 100% coverage of the search region, with the
simplest coverage plan being the lawnmower pattern (LM).
The parameters of the lawnmower pattern can be set based
on the sonar’s max range and the AUV’s altitude.

2) Reacquisition: After an initial survey is completed,
the locations of all contacts are known. The next goal is
to capture additional views of the targets for classification.
We consider K discrete viewing angles where each is pa-
rameterized by an angle θ, pass length L, and a radius R to
the target location. A straight line pass is required to image
the target, as roll/yaw changes create distortion in the sonar
imagery. This is called an Object Identification (OID) survey.

3) Adaptive Survey and Reaquisition: In an effort to
reduce the time for SR, we consider the Adaptive Survey
and Reaquisition task, where the AUV can choose the most
informative set of θ for its perception goal, and keep the
parameters L and R fixed. An example ASR trajectory is
shown in Fig. 2b.

The perception task of interest in this work is multi-
class classification of targets in side scan sonar images.
The objective of an efficient ASR algorithm is to find and
accurately classify all targets in the search region as quickly
as possible.

B. Multi-View ATR as an Angular View-Graph

1) Angular View Graph: We present a novel representa-
tion for the ASR task that exploits the inductive biases of
GNNs. Consider sonar images for a given target captured
at different viewing angles as I(θi), where θi denotes the
angle offset with respect to the first contact. An AVG G
on k views represents the relationship between k embedded
sonar images [f(I(θ1)), . . . , f(I(θk))], where f(·) represents
a feature embedding produced by a CNN. G = (V,E) is
formally defined as a graph with vertices V = {f(θi), i ∈
[1, . . . , k]} and adjacency matrix E ∈ Ri×i with Eij =
ϕ(θi, θj) where

ϕ(θi, θj) = MLP ([∠ei(θj−θi), i, j]) (1)

For brevity, we use phasor notation to handle angular
wraparound consistently. MLP : R3 → R+ is a multi-
layer perceptron that consists of two fully-connected layers,
with ReLU nonlinearities. A final Sigmoid is used since the
edge weights must be non-negative. Note that our proposed
AVG is a fully connected graph as opposed to the kNN
formulation of View-GCN [12]. This allows partial views to
still be connected and to inform next best view planning and
classification. Only captured views are added to the angular
view-graph.
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CNN

Angular View Graph GMVATR Target Classification

ASR View-Q Function
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Fig. 3. Our proposed framework. For a side scan view captured at an angle of θ degrees, we produce feature embedding f(θ) using a CNN. Then we
form the angular view-graph which consists of the feature embeddings and angular constraint edges ϕ. The graph is used for both Multi-View Automatic
Target Recognition tasks and as the state of a reinforcement learning (DQN) agent. The DQN agent informs the planner of the next best views to capture.
The process is repeated and the graph is incrementally expanded until the DQN agent stops reacquisition. The target classification decision is computed
using the final angular view-graph.

2) Multi-View ATR: To produce classification probabili-
ties from the angular view-graph, we introduce the Graph
Multi-View ATR Network (GMVATR). Our GMVATR is
composed of a CNN backbone to produce image features
and a GNN composed of three GCNConv layers with hidden
dimension 64 [23]. Finally, a fully-connected layer produces
logits for classification.

C. View-Q Function

1) Reinforcement Learning Details: In order to perform
efficient surveys, we wish to navigate between the minimum
number of views that are informative enough to correctly
classify a target. We consider the angular view-graph to be
the state of a Markov Decision Process (MDP). An MDP is
parametrized by a 5-tuple (S,A,P, r, γ). We consider S =
∪Ki Gi, where Gi = {(V,E) : |V | = i, E ∈ Ri×i} is the set
of all fully connected angular view-graphs with i vertices.
The discrete action space A = { 2πK i, i ∈ [0,K)}∪{STOP}
denotes the set of all viewing angle offsets for a particular
target. Note that we define the first contact the robot receives
as 0◦. The STOP action allows the agent to stop collecting
data at the current target and travel to the next target. We
assume a deterministic transition function.

The goal of the View-Q Function is to find the smallest
set of views that produce an accurate classification from the
GMVATR algorithm. We formulate our reward function at
timestep k as:

rk =


+10 if ŷ = y

−10 if ŷ ̸= y

−1 if k > kFCC

0 otherwise

where ŷ is the classifier prediction, y is the ground truth
label for the target, and kFCC is the timestep of the first
correct classification (FCC). Note that we encourage succinct
reacquisitions by penalizing every view beyond the FCC with
a reward of −1.

2) Network Details: We train a Deep Q-Network (DQN)
policy with experience replay in PyTorch. The target and
policy networks for the DQN are separate but follow the
same architecture. They are composed of one GCNConv
layer then two fully-connected layers. The classifier is frozen
during the training of the DQN algorithm. We train our RL
policy for approximately 3.5 million environment steps.

D. Adaptive Survey and Reacquisition Algorithm

To avoid redundant surveying, we propose an ASR algo-
rithm that combines the surveying and reacquisition stages in
Algorithm (1). Consider G(V ) to be a function that creates
an angular view-graph for a set of captured views V .

Algorithm 1 Adaptive Survey and Reacquisition Planner
1: LM ← plan lawnmower traj()
2: while not done do
3: go to next waypoint in LM
4: if contact in ensonified sonar region then
5: θc ← get closest OID leg()
6: robot captures I(θc)
7: V ← {I(θc)}
8: aNBV ← V-QF(G(V ))
9: while aNBV ̸= STOP do

10: robot captures I(aNBV )
11: V ← V ∪ I(aNBV )
12: aNBV ← V-QF(G(V ))
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IV. EXPERIMENTS AND RESULTS

Through our experiments, we wish to gain insight into the
following research questions:

• Q1: Does the angular view-graph representation enable
better classification performance at a lower cost for
the ASR task compared to state-of-the-art multi-view
survey planning algorithms?

• Q2: How important is choosing the next best view
versus choosing an arbitrary next view?

A. Side Scan Sonar Simulator

Since side scan sonar uses a relatively high frequency
acoustic source, we are able to simulate sonar image forma-
tion using ray-tracing techniques similar to optical computer
graphics [24]. Specifically, we create a side scan sonar
simulator written as a CUDA kernel in the Nvidia Optix
framework [25]. Rays are traced from a virtual moving
source (AUV) and a custom shader renders the acoustic im-
age using normal information and material specific acoustic
reflectance information. Finally, speckle noise is added and
the rendered image is composited onto real terrain images.
The final resolution of the sonar images is 120× 120 pixels.
This corresponds to a 3m × 3m crop region in space. We
are able to simulate randomized scenes imaged using OID
patterns. Terrain elevation and shadowing is randomized
using Perlin noise as a heightmap. Examples of generated
sonar images from our simulator are shown in Fig. 4.

In this work, we consider 5 classes of targets:
{cylinder, cone, block, pyramid, rock}. For the rock
class, we use the Blender Rock Generator Add-On to pro-
cedurally generate rocks of similar dimensions to the targets
[26]. Our dataset consists of 8,000 distinct targets each with
6 views for a total of 48,000 side scan sonar images.

B. Baselines

We compare our method to recent informed multi-view
path planning algorithms and multi-view classification meth-
ods. For baselines without next best view policies, we use
random choice of actions (RAND1) and exhaustive (EXH).
EXH views all K views. RAND2 is a next best view policy
that chooses the same number of views for each target as the
V-QF policy but chooses the views randomly.

• SV LM follows a fixed lawnmower pattern (LM) path
and must classify the target using the arbitrary single
view captured along the survey path.

• SV OR uses a single-view (SV) classifier and combines
predictions using the rule p(X) = maxi p(xi).

• SV MEAN uses a single-view (SV) classifier and com-
bines predictions using the rule p(X) = 1

K

∑K
i=1 p(xi).

• View-GCN [12] uses the same GNN as our method for
classification but uses the k-nearest neighbor view-graph
formulation from [12], [14].

• IMVP [7] combines predictions from multiple views
using a Bayes update [7]. The next best view is chosen
by inference on a Bayes Net.

Cylinder

Block

Cone

Pyramid

Rock

0°

60°

120°

180°

240°

300°

Cylinder Pyramid

Fig. 4. Photorealistic side scan sonar images produced by our sonar
simulator. Each target’s orientation, size, and terrain is randomized, then
imaged using a simulated OID pattern with K = 6, pass length L = 75m,
radius R = 12m, height from bottom (HFB) of 3m and resolution of
0.02m/pixel. Note how the sonar images change as a function of viewing
angle. Side scan sonar images are single channel images of acoustic
intensities, but a gold color palette is applied for better visibility.

C. Ablations

We ablate the AVG and replace the View-Q function (V-
QF) with a RAND or EXH policy to isolate their respective
contributions to overall survey performance.

• GMVATR This model uses a fully connected view-
graph without any angular information in the edges.

• GMVATR + AVG This model (using V-QF) is the final
method presented in this paper.

D. Implementation Details

All networks use a ResNet-50 backbone and are trained
from scratch initialized with ImageNet pre-trained weights.
We use two augmentation strategies: 1) RandAug and 2)
subgraph augmentation. Although RandAug is used primar-
ily for optical imagery, we observed that it still improved
network convergence and generalizability. Next, we note that
an AVG with K views has

∑K
i=1

(
K
i

)
unique subgraphs.

Methodically creating and training on all of these subgraphs
also significantly improved generalizability. The loss for each
set of subgraphs with i views was weighted inversely by

(
K
i

)
.

1) IMVP: We re-implement IMVP using the Python li-
brary bnlearn to learn the Bayes Net and conditional
probability tables from our dataset. We use a classifier
with two branches consisting of linear layers that output 5
classes and 4 classes to predict categorical features X̂1 =
SHAPE, X̂2 = VOLUME, Ŷ = CLASS. Finally, we use
ϵCL = 0.85 for survey simulations.

2) Path Planning: Dubins paths with turning radius of
15m were used for all trajectories. An average speed of
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TABLE I
SIMULATION RESULTS (M ± SD) FOR OUR METHOD COMPARED WITH BASELINES. ALL METRICS ARE AVERAGED ACROSS 3 RANDOM SEEDS WITH

100 SURVEY SIMULATIONS EACH. (H,W ) = (1.2km, 1.2km) AND N = 16. BEST PERFORMANCE IS BOLD BLUE AND SECOND BEST IS IN RED.

Method Accuracy ↑ Time (hr) ↓ Recall ↑ CR (km2hr−1) ↑ CE (hr−1) ↑ AV ↓
Single Pass LM 0.628± 0.136 3.871 ± 0.016 0.558± 0.179 0.442 ± 0.002 0.171± 0.055 1.00 ± 0.000
SV + OR + EXH 0.852± 0.089 7.380± 0.028 0.802± 0.141 0.195± 0.001 0.109± 0.023 6.000± 0.000
SV + MEAN + EXH 0.919± 0.060 7.380± 0.028 0.890± 0.114 0.195± 0.001 0.121± 0.019 6.000± 0.000
SV + OR + RAND 0.786± 0.112 6.001± 0.219 0.732± 0.169 0.240± 0.009 0.122± 0.028 3.620± 1.719
SV + MEAN + RAND 0.838± 0.087 6.001± 0.219 0.769± 0.156 0.240± 0.009 0.128± 0.033 3.620± 1.719
IMVP [7] 0.909± 0.070 5.963± 0.125 0.872± 0.121 0.242± 0.312 0.146± 0.027 3.576± 1.018
View-GCN [12] 0.931± 0.061 4.880± 0.165 0.910± 0.120 0.295± 0.015 0.186± 0.026 1.210± 0.560
GMVATR + AVG + V-QF (ours) 0.952 ± 0.066 4.858± 0.172 0.930 ± 0.108 0.296± 0.010 0.191 ± 0.032 1.180± 0.686

2.0 m/s is assumed for the simulation. The AUV follows
a lawnmower pattern with 0% overlap using height from
bottom (HFB) of 10m, horizontal spacing of 100m and a
sensor range of 50m. For reacquisitions, the AUV must dive
to a lower HFB of 3m.

3) Simulator Details: The simulated OID patterns use
K = 6, pass length L = 75m, radius R = 12m, and
HFB = 3m. Following [7], each survey has N = 16
randomly chosen target locations within a search region of
(1.2km, 1.2km).

E. Q1: Adaptive Survey and Reacquisition

We study the performance of our perception and planning
architecture in the context of autonomous surveys. We ran-
domly split our sonar dataset into 70/10/20 train/val/test. The
reported evaluation metrics are averaged across three random
seeds with 100 surveys each.

1) Evaluation Metrics: We consider metrics commonly
used for evaluating autonomous underwater surveys.

• Accuracy
• Total Time (T) [hours]
• Per-Target Time (PTT) [hours]: T

N

• Classification Efficiency (CE) [hours−1]: TP
T (TP+FN)

• Coverage Rate (CR) [km2 hours−1]: HW
T

• Average Number of Views (AV)
The results of our surveys are shown Table (I). Our

method outperforms baselines, exhibiting improved accuracy,
coverage rate (CR), and classification efficiency (CE). IMVP
[7] achieves 0.909 accuracy but at the cost of more than
double the average number of views (AV) as our method.
This results in much longer survey time and lower CE.
Although the Single Pass LM has the fastest survey time,
and lowest AV, it performs badly in accuracy/recall since it
does not conduct reacquisition and receives only one view
of the object. These results illustrate the importance of the
reacquisition stage for classification.

F. Q2: Next Best View Policy

To understand how important it is to choose the next best
view, we introduce a new policy RAND2. For a given target,
RAND2 chooses the same number of views as our V-QF
policy, but chooses the views randomly.

GMVATR + AVG + RAND2 has reduced accuracy/recall
performance compared to our model at the same number

TABLE II
ABLATIONS FOLLOW SIMULATION PARAMETERS FROM TABLE (I).

Methods Accuracy ↑ Recall ↑ AV ↓
GMVATR + RAND1 0.94 0.92 4.59
GMVATR + RAND2 0.85 0.81 1.18
GMVATR + EXH 0.97 0.97 6.00
GMVATR + V-QF 0.92 0.89 2.35
GMVATR + AVG + RAND1 0.97 0.94 4.59
GMVATR + AVG + RAND2 0.92 0.90 1.18
GMVATR + AVG + EXH 0.99 0.98 6.00
GMVATR+ AVG+ V-QF 0.95 0.93 1.18

of average views. This indicates that it is crucial to choose
the next best view, and choosing views arbitrarily risks
reducing classifier performance. Without the angular view-
graph representation, GMVATR + RAND2 achieves signif-
icantly worse performance compared to GMVATR + AVG
+ RAND2, indicating that the addition of the angular view-
graph can improve classification performance independently
of the optimal next best view policy. Finally, the performance
gap between GMVATR + V-QF and GMVATR + AVG + V-
QF illustrates the benefit of using our AVG formulation.

V. CONCLUSION

We present a novel active perception method for side
scan sonar that 1) chooses the next best view to maxi-
mize classifier performance and 2) aggregates and classifies
multiple views from an adaptive survey. Through extensive
experiments, we show that our method achieves superior ac-
curacy, coverage rate, and classification efficiency compared
to state-of-the-art methods. We also studied the impact of the
proposed angular view-graph representation and showed that
it is a useful structure for the next best view task of interest.

Future work will consider sim2real transfer [27], [28] to
facilitate real-world trials. The effect of high-clutter envi-
ronments and acoustic phenomena (e.g. artifacts, distortions,
multi-path) on GMVATR and V-QF requires further valida-
tion. Finally, expanding the action space of V-QF to include
pass length L and radius R may allow more flexible, efficient,
and emergent reacquisition trajectories.
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