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Abstract—Recent advances in Neural Radiance Fields and
3D Gaussian Splatting have enabled photo-realistic rendering
of complex, view-dependent scenes. However, rendering fidelity
heavily depends on strategic viewpoint selection, which currently
relies on manual intervention or inefficient uniform sampling.
This paper introduces an automated, closed-loop framework that
pairs a neural quality estimator with a multi-agent route opti-
mization strategy for targeted, scene-dependent data collection.

Our approach integrates two core components: a reference-
free perceptual quality network that predicts reconstruction
defects without ground-truth images, and a multi-agent path
planner formulated as a Vehicle Routing Problem to optimize
autonomous resampling trajectories. In an iterative setup, the
system reconstructs an initial scene, evaluates local quality to
pinpoint artifacts, and dispatches an autonomous fleet to capture
targeted supplementary views.

Experimental validations in simulated urban environments
show a distinct reduction in Learned Perceptual Image Patch
Similarity (LPIPS) error after a single refinement loop. While the
route optimisation successfully minimizes operational flight costs,
our analysis reveals that naive greedy viewpoint selection suffers
from severe spatial redundancy. Conversely, introducing a spatial
Non-Maximum Suppression (NMS) layer over predicted error
distributions breaks up viewpoint clustering, decisively outper-
forming standard geometric coverage baselines. This framework
establishes a scalable, data-efficient pathway toward autonomous,
self-improving scene capture systems.

Index Terms—synthetic data, scene reconstruction, data sam-
pling, gaussian splats

I. INTRODUCTION

Recent methods such as Neural Radiance Field (NeRF)
[1] and 3D Gaussian Splats (3DGS) [2] have made 3D
modelling possible through data-driven scene reconstruction,
allowing view-dependent, photorealistic rendering for training,
visualization, and simulation tasks.

A persistent challenge lies in determining which camera
viewpoints are required to achieve a desired reconstruction
quality. Current NeRF/3DGS pipelines often rely on manually
selected or uniformly sampled views, leading to inconsistent
coverage and suboptimal results. Recent work such as NeRF
Director [3] shows that systematic, data-driven view selection
significantly improves scene fidelity, motivating the need for
quality-aware principled methods over manual heuristics.

Typically, NeRF/3DGS evaluations rely on full-reference
metrics such as Peak Signal-to-Noise Ratio (PSNR), Structural
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Fig. 1. Overview of the iterative scene refinement loop. The quality predictor
identifies low-fidelity regions, the route optimizer plans efficient sampling
trajectories, and the collected data is used to refine the 3DGS reconstruction.

Similarity Index (SSIM), and Learned Perceptual Image Patch
Similarity (LPIPS) [4] computed on held-out views [1], [5].
However, these metrics correlate imperfectly with human per-
ception, especially for complex materials and view-dependent
effects [6].

Studies show that reconstruction quality strongly depends
on viewpoint selection [7]. In the novel view synthesis (NVS)
domain, active view planning methods guide data acquisition
using information gain objectives such as Fisher Information
[8], surrogate quality metrics [9], or coverage-based strate-
gies [10]. Collectively, these methods highlight that quality
evaluation and view selection are tightly linked: an effective
quality predictor not only assesses reconstruction fidelity but
also identifies where additional data is most beneficial.

Recent works [11], [12] use ray entropy minimisation and
uncertainty information from the NeRF training to guide view
selection, while applications such as data augmentation and
aerial mapping [13], [14] demonstrate the growing role of
neural reconstruction in automated pipelines.

In parallel, UAV-based inspection and coverage planning
has formalized viewpoint selection as a distinct optimisation
problem, often decoupled from trajectory planning through
two-stage formulations separating view planning from route
optimisation [15], [16]. However, Papaioannou et al. [17]
incorporated sensing and visibility constraints directly into the
planning process, by jointly optimising UAV motion and cam-
era orientation under field-of-view constraints. More broadly,



perception-aware navigation couples sensing and motion for
robust operation in complex environments [18], and multi-
UAV systems address scalability through cooperative coverage
strategies [19].

Despite these advances, most existing approaches rely on
geometric coverage, visibility constraints, or implicitly learned
uncertainty measures, and do not explicitly model the per-
ceptual, view-dependent quality of the reconstructed scene.
In contrast, as seen in Figure 1, we introduce an automated,
closed-loop framework for quality-driven 3DGS scene refine-
ment that directly links reconstruction, evaluation, and data
acquisition. The main contributions of this work are:

1) a reference-free perceptual quality estimator that predicts
quality in reconstructed 3DGS scenes;

2) a multi-agent data acquisition route optimiser, formu-
lated as a Vehicle Routing Problem (VRP), for efficient
supplementary image capture;

3) a closed-loop framework that links 3DGS reconstruction,
reference-free quality estimation, pose selection, and
multi-agent data collection;

4) an empirical analysis demonstrating that purely quality-
guided, greedy viewpoint selection suffers from spa-
tial redundancy, and establishing that integrating a 3D
Spatial Non-Maximum Suppression (NMS) layer yields
reconstruction updates that consistently outperform both
random allocation and geometric coverage baselines.

Experiments show that supplementary data collection im-
proves reconstruction quality and that the proposed route
optimisation enables efficient multi-agent acquisition. At the
same time, our results reveal an important limitation of purely
greedy perceptual pose selection: low-quality predictions often
cluster around the same scene regions, leading to redundant
viewpoints and diminishing returns. Applying NMS in the spa-
tial domain shows significant improvements in scene quality.

This paper is organized as follows: Section II presents our
quality-guided scene refinement method and multi-agent route
optimisation process. In section III we define the parameters
and details of our experiments and section IV reports ex-
perimental results and quantitative improvements. Section V
discusses the findings, and Section VI concludes with future
directions.

II. METHOD

Figure 1 illustrates the proposed closed-loop framework
for quality-driven 3D scene refinement. The system oper-
ates iteratively, linking reconstruction, evaluation, and data
acquisition to progressively enhance scene fidelity. The core
of our approach consists of two integrated components: a
reference-free perceptual quality estimator and a multi-agent
route optimisation strategy. The iterative process is formalized
in Algorithm 1.

A. Quality-Guided Scene Refinement

The primary objective is to identify and acquire supplemen-
tary views that maximize the improvement of the reconstructed

Algorithm 1 Iterative Quality-Guided Pose Selection and
Scene Refinement
Require: Initial poses P0, candidate poses C, quality predictor

Q, number of added poses N , fleet A
Ensure: Refined reconstruction S

1: P ← P0 are the poses to sample scene at,
2: D ← ∅ is the dataset of sampled images,
3: E ← C is the set of evaluation poses.
4: repeat
5: Plan capture routes for P using multi-agent VRP
6: Capture images I(P)
7: Extend dataset D ← D ∪ I(P)
8: Reconstruct 3DGS scene S from D
9: Render candidate views from S at poses in E

10: Predict quality for all rendered views using Q
11: Compute scene-level quality estimate
12: if quality is acceptable then
13: return S
14: end if
15: Sort remaining candidate pool C in descending order of

predicted error scores sc and filter with 3D spatial NMS.
16: Padd ← NMS(C, sc, N,Dmin)
17: P ← Padd ▷ Assign diverse high-error poses to next

fleet routing cycle
18: C ← C \ Padd
19: until quality is acceptable or budget is exhausted
20: return S

scene. Unlike traditional pipelines that rely on uniform sam-
pling or manual selection, our method employs an active view
planning strategy.

1) Quality Prediction: Given an initial 3DGS reconstruc-
tion, the system generates a set of novel virtual viewpoints
to evaluate the current scene quality. A perceptual quality
predictor, trained to estimate reconstruction quality without
requiring ground-truth reference images, scores these views.
The algorithm ranks the evaluated poses based on predicted
quality, identifying the regions of the scene with the highest
estimated perceptual error.

2) Spatial 3D Non-Maximum Suppression: These found
low-quality poses represent regions where the current recon-
struction lacks sufficient geometric or textural information. By
prioritising the acquisition of images of these specific regions,
the framework ensures that new data is collected where it is
most needed. Because a single reconstruction artifact yields
high rendering errors across many adjacent camera positions,
a naive greedy pose selection (e.g., picking the top-N highest
error poses) will likely waste the data collection budget
on redundant poses. To mitigate this redundancy defect, we
introduce a Spatial 3D NMS layer over the quality prediction
distribution. Let C be the pool of candidate camera viewpoints,
where each viewpoint ci ∈ C is parameterized by its 3D
position pi = [xi, yi, zi]

T ∈ R3 and its predicted LPIPS error
score si. The viewpoints are sorted in descending order of
error severity (s0 ≥ s1 ≥ · · · ≥ sM ). We iteratively select



the worst-performing frame cmax and suppress all remaining
candidate viewpoints cj whose Euclidean distance falls below
a minimum spatial threshold Dmin:

∥pmax − pj∥2 < Dmin

This process is repeated until our target allocation budget of
N viewpoints is satisfied. If high spatial density causes the
NMS to exhaust the candidate pool of poses before satisfying
the target sampling budget (N ), a greedy fallback selector
gathers the highest-error suppressed poses until the target
budget is reached. The selected poses are then added to the
training dataset, and the 3DGS model is retrained, resulting
in a refined scene with reduced perceptual error. This process
can be repeated iteratively until a target quality threshold is
met or resources are exhausted.

B. Multi-Agent Route Optimisation
To efficiently collect the identified supplementary images,

we formulate the data acquisition problem as a multi-agent Ve-
hicle Routing Problem (VRP). This is particularly relevant for
large-scale scenes where a single agent would be inefficient.

Let P = {P1, . . . , PM} be the set of target camera poses
identified by the quality-based selection process, where each
pose Pj is defined by its 3D position and orientation (pitch
and yaw). We consider a fleet of K autonomous agents
(e.g., drones or robotic cameras), each with specific kinematic
constraints, including maximum translational velocity vi and
rotational velocity ωi.

We construct a weighted, directed graph Gi = (V,E,Ci)
for each agent i. The node set V includes the target poses P
and a depot pose P0 representing the start and end location.
The edge set E represents all possible transitions between
poses. The cost function Ci : E → R≥0 quantifies the
time required for agent i to transition from pose Pk to Pℓ,
accounting for:

1) Travel Time: The Euclidean distance between positions
divided by the agent’s translational speed.

2) Maneuvering Time: The time required to reorient the
camera (calculated based on the angular difference in
pitch and yaw using spherical geometry) divided by the
rotational speed.

3) Acquisition Time: A fixed overhead Ta required to
capture and process an image at a given pose.

The objective is to find a set of routes for the fleet such
that every target pose in P is visited exactly once, while
minimizing the makespan (the total time until the last agent
completes its route). We solve this optimisation problem using
a guided local search metaheuristic, which relatively quickly
provides near-optimal flight plans that balance the workload
across agents and minimize total travel time. This ensures that
the data collection phase is executed efficiently, reducing the
operational cost of scene refinement.

III. EXPERIMENTS

To validate the proposed framework, we conducted several
experiments using simulated environments and specific imple-
mentation configurations.

For each combination of scene, viewpoint-selection strategy,
and sampling budget, a separate 3DGS model was trained
from scratch. Thus, the evaluation comprises more than 30
independently trained reconstructions across the three scenes,
selection strategies, and sampling budgets.

This subsection details the scene generation, model param-
eters, and optimisation settings used to generate the results
presented in the subsequent sections. Note that even though
we perform our experiments in simulator environments, the
method proposed here does not in principal change when
moving to a real world setting, apart from the fact that
naturally we have to train or fine-tune the quality predictor
on images of relevant real world scenery.

Fig. 2. Within the scene volume of interest, a grid of camera poses is
layed out. Some were selected for the initial scene reconstruction (blue). The
remaining (orange) poses were used for quality evaluation and selectable pose
additions. Each point in the figure shows the spatial position, and hold 8 or 12
camera poses with uniformly distributed (around yaw axis) viewing angles,
as shown in the figure on the right. Best viewed in colour.

A. Scene Generation and Data Acquisition

We utilized the CARLA simulator [20] to define three
distinct urban scenes, denoted scene 11, 12, and 13, defining
specific volumetric boundaries for each. The scene recon-
structions were performed using the Splatfacto implementation
within the NeRF Studio framework [21], with camera poses
estimated using COLMAP [22].

For the initial training phase, virtual cameras were posi-
tioned on a 3D grid within the scene volume, see Fig. 2. Two
initial sampling densities were tested:

• Dense Sampling: A 2× 2× 3 spatial grid with 30◦ yaw
increments and a 30◦ downward tilt, resulting in 12 poses
per spatial point (144 total views for Scene 11).

• Sparse Sampling: A 2×2×2 spatial grid with 30◦ yaw
increments and a 30◦ downward tilt, resulting in 12 poses
per spatial point (96 total views for Scenes 12 and 13).

Denser validation grids (6×5×3 or 6×5×2) were established
to generate 936 or 624 novel viewpoints for quality evaluation,
excluding the initial training poses.

B. Quality Predictor Configuration

The reference-free quality predictor is a ResNet-18-based
regression model trained to predict perceptual quality scores
at the image tile level. The data used in the construction and



Fig. 3. Quality predictor training data generation process. About 2000 images resulting in around 100k image tiles being generated in total.

evaluation of our quality prediction model, which was applied
on image tile level, were generated in accordance with Fig. 3.

To assure scene diversity, we selected three different training
scenes and defined their volumetric boundaries. Note that
these scenes were independent from those used in the scene
reconstruction above. All scenes originated from the same
larger map, but defined distinct spots. Within each scene
volume we asserted a grid of camera poses (see Fig. 2) which
was later used for predictor model training and evaluation.

• Training Data: Generated from three independent train-
ing scenes (Scene 1-3). This was used to generate two
3DGS reconstructions at different levels of quality (green
box in Fig. 3), from which synthesized views were
rendered. Each such scene yielded 720 high-definition
images, split into 256 × 256 pixel sized tiles. These
were compared with the simulator ground truth tiles,
measuring LPIPS similarity which established a ground
truth quality value for each tile. Combining tiles from all
training scenes resulted in approximately 100,000 tiles
sized dataset.

• Ground Truth: LPIPS scores were computed between
rendered views and simulator ground truth to serve as
regression targets.

• Training Protocol: The dataset was split into training,
validation, and test sets (80%/10%/10%). Training was
stopped after 10 epochs to avoid over-fitting to the
training split of the tiled image data.

• Inference: During evaluation, the predictor operated at
three different image scales (downsizing by a factor of
2 at each step). The final quality score for a frame was
determined by the scale yielding the highest predicted
mean quality.

• Correlation: Post-training, the predictor model was vali-
dated using correlation analysis, comparing the predicted
quality value to the actual calculated LPIPS value. This
was done on another set of 3× 328 test poses unseen by
the training process (the test split in Fig 3).

C. Route Optimisation Setup

The multi-agent route optimisation was implemented using
Google OR-Tools [23].

To efficiently record supplementary images of the scene,
we formulate a VRP by considering a list of vehicles with
speeds and turn speeds Ui = (vi, ωi), and a list of camera
poses Pj = (x⃗j , θj , ψj) with a 3D-position, pitch, and yaw.
The weighted, directed vehicle-specific graph is denoted Gi =
(V,E,Ci), where V = {Pj}Mj=1 ∪ {P0} is the set of poses,
with the pose P0 denoting the start and end positions for the
vehicles, E = V × V is the set of all tuples of poses, and
Ci : E ↦→ R+

0 is a vehicle dependent cost function defined as

Ci((Pk, Pℓ)) =

|x⃗ℓ − x⃗k|
vi

+
arccos(cos(θℓ − θk) cos(ψℓ − ψk))

ωi
+ Ta (1)

The terms represent euclidean distance travel time, turn-
ing time based on the angular distance using the spherical
Pythagorean theorem and Ta is image acquisition time.

The graphs Gi constitute a VRP problem, where the goal is
to find a set of edges, a route, for each vehicle to traverse
such that each pose (except P0) is visited by exactly one
vehicle. Note that poses may share the same spatial position
but differ in attitude. If Ti is the total schedule time for vehicle
i, determined by cumulatively adding the weights Ci over the
route of the vehicle, then the objective function is configured
to minimize

100max
i

(Ti) +
∑︂
i

Ti, (2)

approximating the makespan. Since OR-Tools does not allow
for optimizing the makespan directly, a weight of 100 is used
to make the makespan term dominant. OR-Tools’ implementa-
tion of guided local search for VRP is used as a metaheuristic,
and the best solution found after searching for a predetermined
time is used as the resulting flight plan. Finding an optimal
or near-optimal route for the drones allows us to efficiently
dispatch drones to collect the missing data which we can
include in the scene generation’s next iteration.



Parameters of the optimisation setup:
• Solver Configuration: We employed the guided local

search metaheuristic for the VRP.
• Problem Size: We used k = 3 and k = 5 for the number

of drones used for the sampling. The number of camera
poses collected was N = 30 or N = 100.

• Search Time: Convergence studies indicated that a
search time of 200 seconds provided a suitable balance
between solution quality and computational cost for the
problem size considered. See chapter IV-D.

D. Refinement Protocols

For the scene refinement experiments, we compared three
selection strategies for adding N new poses:

1) Structured: Selecting the top-N worst poses identified
by the quality predictor.

2) Random: Selecting N poses uniformly at random from
the available validation grid. This was repeated for an
ensemble of 7 randomized selections.

3) Mixed: A combination of N/2 worst poses and N/2
random poses.

4) Farthest Point Sampling (FPS): To evaluate our frame-
work against established active vision and Next-Best-
View (NBV) planning approaches, we implemented a
pure coverage-based FPS method. Without utilizing se-
mantic or reconstruction quality information, starting
from an initial seed pose, it iteratively selects the
next camera viewpoint that maximizes the minimum
Euclidean distance to the already selected set.

5) Structured with 3D Spatial NMS: Applying NMS to
our Structured quality-guided pose set, reducing redun-
dant poses.

Experiments were conducted for N = 30 and N = 100, with
additional ablation study varying N to analyse the impact of
added data volume on reconstruction quality.

IV. RESULTS

A. Quality Predictor

The predictor training process is shown in Fig. 3 and the
progress in Fig. 4. The final test loss at 10 epochs was
somewhat elevated at 0.04 compared to validation losses,
however predictor effectiveness is primarily assessed through
correlation with the reference LPIPS values, which is the
relevant criterion for its intended use in viewpoint selection.
These quality predictions were collected across the aggregated
test splits, along with the LPIPS measured values. A scatter
plot of predicted vs true LPIPS values on image level is
shown in Fig. 5. Correlation (Pearson) and rank correlation
(Spearman) measures are also calculated. We visualise in
Fig. 10 the predicted scene quality, comparing our reference-
free predictor’s output to the measured LPIPS quality heatmap.
The Pearson correlation between predicted and LPIPS values
was measured at 0.972 and the Spearman rank correlation was
measured at 0.925. We used 656 held-out rendered test images
per scene (328 per quality version, see Fig 3) to measure the

correlation, bringing the total to 1968 images, which allowed
us to see a clear correlation between the predictor and LPIPS.

Fig. 4. Quality predictor training process. 80% of tiles where used for the
training, 10% for validation during training and 10% for the final test. Training
results after 10 epochs were discarded due to overfit tendencies. Apart from
these tests we perform a correlation analysis on unseen data as shown in
Fig. 5.

Fig. 5. Quality predictor image-based evaluation. The correlation between the
predicted value and the ground truth LPIPS is characterized with a Pearson
correlation of 0.972 and a Spearman correlation of 0.925. We note that the
predictor acted slightly pessimistic in the high quality region (predicted higher
values than LPIPS close to 0) and conversely slightly optimistic (predicted
lower values than LPIPS around 0.7).

B. Scene Refinement

We selected N views for values of N = {30, 100} using
the methods listed in section III-D, sampled new images from
the pool of candidates, see Fig. 2, and trained 3DGS scenes
on these extended splits. We then evaluated the LPIPS quality
of the scenes before and after the added images by rendering a
full set of validation pose images and comparing to the ground
truth test split simulator images.

As demonstrated in Table I as well as in Fig. 7, our original
naive Structured method struggled to outperform a purely Ran-
dom baseline across the test configurations for N = 30. This



TABLE I
SELECTION STRATEGY COMPARISON AT N = 30 AND N = 100 FOR THE

RECONSTRUCTED SCENES. SCENE LPIPS MEDIAN, LOWER IS BETTER.

Method Scene 11 Scene 12 Scene 13

+30 (Structured) 0.153 0.112 0.103
+30 (Random) 0.150 0.104 0.095
+30 (Mixed) 0.146 0.108 0.098
+30 (FPS) 0.149 0.123 0.110
+30 (Structured NMS) 0.133 0.095 0.087

+100 (Structured) 0.124 0.093 0.073
+100 (Random) 0.125 0.088 0.067
+100 (Mixed) 0.121 0.085 0.072
+100 (FPS) 0.150 0.112 0.113
+100* (Structured NMS) 0.120 0.086 0.066
*actual added with NMS 38 42 78

TABLE II
LPIPS QUALITY IMPROVEMENT WITH INCREASING NUMBER OF ADDED
POSES N (STRUCTURED METHOD) FOR THE RECONSTRUCTED SCENES.

SCENE MEDIAN, LOWER IS BETTER.

Scene 11 Scene 12 Scene 13
N LPIPS ∆ (%) LPIPS ∆ (%) LPIPS ∆ (%)

0 0.203 0.0 0.143 0.0 0.140 0.0
15 0.167 -17.7 - - - -
30 0.153 -24.6 0.112 -21.7 0.103 -26.4

100 0.124 -38.9 0.093 -35.0 0.073 -47.9

phenomenon is deeply rooted in spatial clustering: packing
supplementary viewpoints together adds marginal information
to the underlying 3D Gaussian Splat. For N = 100, the NMS
exhausted the candidate pose pool. The number of poses at
which this happened is shown in Table I for relevant cases.

For the random selection method, an ensemble of 7 random
scene reconstructions were made and the average across those
was used to represent the random pose selection case. We
show in Fig. 11 an example of the visual result of refinement
of scene 13, including the LPIPS heatmap indicating the
measured quality.

C. Ablation study

We studied how the quality gain varied with the number of
poses N selected from the list of worst quality poses defined
by the predictor. We selected the top-N worst views for a range
of N , sampled new images and trained 3DGS scenes on these
extended splits (one scene was generated for each value of
N ) and then evaluated the LPIPS quality of the scenes by
rendering a full set of validation pose images and comparing
to the ground truth test split simulator images. It can be seen
in Fig. 6 and Table II that the number of added image poses
increase the LPIPS quality.

D. Route Optimisation

An empirical experiment was conducted to determine a
good search time for the metaheuristic. Randomized problem
instances were solved with increasing search time for different
problem sizes relevant to the overall study, and the best
makespan found was plotted as a function of the solve time.
Fig. 8 shows that the makespan converged to a fairly stable

Fig. 6. The effect of adding increasing amounts of top-N predicted worst
quality poses to the base set. We see diminishing returns but no plateau even
at 100 added images.

value within 100 s for all problem instances, whereafter further
search only gave small improvements in solution quality.
Experiments were run on an Lenovo Legion laptop with an
8-core AMD Ryzen 7 5800H processor utilizing a single core.

Based on the results of this experiment, a solve time of 200 s
was deemed sufficient. In Fig. 9 we exemplify the routing
solution for capturing 100 additional images for using three
or five drones.

V. DISCUSSION

While the reference-free quality predictor correlates
strongly with ground-truth LPIPS scores (ρ = 0.972), the
downstream impact of selecting viewpoints based solely on
predicted perceptual quality reveals a critical limitation in
purely greedy strategies.

A key factor underlying these results can be interpreted
through the lens of exploration versus exploitation. Contrary
to the expectation that targeting the ”worst” views would
yield the highest returns, our results show that the Structured
selection strategy often comes out on par with the Random
strategy. We attribute this to spatial correlation of perceptual
errors. In 3D scene reconstruction, low-fidelity regions are
rarely isolated to a single viewpoint; rather, they manifest
across clusters of adjacent poses.

However, we showed that applying a 3D Spatial NMS to the
quality-guided pose selection yields a profound performance
leap. By enforcing a spatial diversity constraint (Dmin =
5.0 m in this case), Structured NMS achieves the lowest
LPIPS error scores across all evaluated scenes for N = 30,
outperforming both the Random baseline and the geometric
FPS baseline.

This confirms a crucial scientific insight: active data collec-
tion frameworks cannot rely on quality metrics alone, nor can
they rely purely on geometric spacing such as FPS. Rather,
the optimal loop requires quality-guided localization filtered
by geometric diversity. Although orientation is not explicitly
considered in the spatial NMS, its purpose is to prevent



Fig. 7. Comparison of refinement strategies for Scene 11 using N = 30 added
poses: Top: Quality distribution histograms. Bottom: Box plots of LPIPS
scores. While medians are comparable across methods, the Structured and
Mixed strategies yield a higher density of high-quality (low LPIPS) poses.
It is clear that the addition of NMS to the quality-based Structured selection
method resolves the pose clustering giving it an edge over both FPS and
Random methods.

Fig. 8. Convergence test results. Solve time of 200 s was selected for our
experimental setup.

excessive concentration of selected viewpoints in regions
with low reconstruction quality. Nearby candidates therefore
compete for selection, promoting a more spatially distributed
acquisition. The results show that this simplified position-only
criterion is nevertheless effective in practice.

Fig. 9. Sampling drone routes for collecting added images of scene 11.
N = 100 (number of poses to visit). Each coloured graph shows the optimised
route for one drone and dots indicate camera poses to be visited for sampling
the scene. The black star denotes the take-off and landing location (base). Note
that several poses co-locate spatially, differing only in attitude. Top: Routing
of three data sampling drones. Bottom: Routing of five data sampling drones.
Both solutions visit the exact same poses, using different resources.

At a larger budget of N = 100, the analytical edge of Struc-
tured NMS becomes less pronounced. Because the strict spatial
constraint (Dmin = 5.0 m) depletes the optimal candidate
subsets, the system is forced to substitute fallback greedy poses
to meet the quota. We hypothesize that expanding the initial
candidate sampling space would preserve this performance
margin at higher sampling scales.

VI. CONCLUSIONS

We introduced an automated closed-loop framework for
quality-driven refinement of 3DGS reconstructions. By com-
bining a reference-free perceptual quality predictor with a
multi-agent VRP route optimiser, our system automatically



Fig. 10. Scene 13 reconstruction and quality prediction. Top left: Ground truth
scene example. Top right: Rendered scene view from reconstructed base scene
(reconstruction based on 96 images). Bottom left: LPIPS perceptual distance
heatmap visualisation for reconstructed scene (distance between the two top
images, blue is more similar). Bottom right: Estimated quality heatmap using
the reference-free trained predictor (only seeing the top right rendered scene
image). Best viewed in colour.

Fig. 11. Reconstruction enhancement result for scene 13. Left: Rendered
scene view from reconstructed refined scene (Structured, i.e. based on adding
30 worst quality images to base scene set). Right: LPIPS perceptual distance
heatmap visualisation for said reconstructed scene (blue is more similar to
ground truth). Best viewed in colour.

identifies and samples low-quality viewpoints to extend ex-
isting dataset.

Our main finding is that greedy viewpoint selection based
solely on perceptual error suffers from severe spatial redun-
dancy, wasting budget on clustered observations. Conversely,
maximizing coverage without quality guidance is also sub-
optimal. The best performance is achieved by pairing our
perceptual predictor with an NMS-based selection strategy that
balances quality cues with spatial diversity.

Future work will explore hybrid quality metrics,
optimisation-based pose selection for real-world UAV
operations, as well as better simulated dynamics, enabling a
more automated scene reconstruction improvement system.
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