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Abstract—Multi-view 3D reconstruction applications are rev-
olutionizing critical use cases that require rapid situational-
awareness, such as emergency response, tactical scenarios, and
public safety. In many cases, their near-real-time latency re-
quirements and ad-hoc needs for compute resources necessitate
adoption of ‘Just-in-time’ edge environments where the system
is set up on the fly to support the applications during the
mission lifetime. However, reliability issues can arise from
the inherent dynamism and operational adversities of such
edge environments, resulting in spatiotemporally correlated
disruptions that impact the camera operations, which can lead
to sustained degradation of reconstruction quality. In this paper,
we propose a novel portfolio theory inspired edge resource
management strategy for reliable multi-view 3D reconstruction
against possible system disruptions. Our proposed methodology
can guarantee reconstruction quality satisfaction even when the
cameras are prone to spatiotemporally correlated disruptions.
The portfolio theoretic optimization problem is solved using a
genetic algorithm that converges quickly for realistic system set-
tings. Using publicly available and customized 3D datasets, we
demonstrate the proposed camera selection strategy’s benefits
in guaranteeing reliable 3D reconstruction against traditional
baseline strategies, under spatiotemporal disruptions.

Index Terms—Reliability, Edge Computing, 3D Reconstruc-
tion, Portfolio Theory, Resource Management.

I. INTRODUCTION

Multi-view 3D reconstruction [1] applications are increas-
ingly becoming fundamental for complex 3D video process-
ing application pipelines that create immersive 3D environ-
ments, such as, virtual, augmented, and mixed reality [2]. For
multi-view 3D reconstruction, 2D images of a scene are si-
multaneously captured by cameras from multiple viewpoints
and then fused together to get a 3D visualization. In many
cases, such applications are hosted by critical use cases, such
as emergency response, tactical scenarios, and public safety,
that rely on rapid and high quality reconstruction results for
mission success. In order to provide such rapid situational
awareness, these use cases often rely on ‘just-in-time’ (JIT)
edge environments where: i) raw video data is captured
by end-devices, such as drones and robots; ii) specialty
on-premise edge servers equipped with CPU/GPU and 3D
video processing capabilities (which are sometimes hosted on
multi-utility vehicles), process the raw video data to produce
reconstructed scenes in 3D; and iii) ground consumers (e.g.,
tactical or first responder units) visualize the reconstructed
scene on their hand-held devices.

The already tricky proposition of resource management
in JIT edge environments becomes even more challenging
as such ad-hoc system deployments with weakly-coupled

This material is based upon work supported by the National Science
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components are often prone to ‘disruptions’ that can have
potentially catastrophic impact the reconstruction quality. In
general, such disruptions may occur due to various unin-
tended factors, such as, abrupt changes in the operating
environment [3], and/or malicious factors, such as jamming
attacks on wireless channels [4]. Although such disruptions
can affect any edge system component (e.g., servers, net-
work, cameras), their impact (i.e., in terms of reconstructed
outcome) are most profound on the cameras and/or camera-
enabled devices due to lack of redundancy (in terms of
their numbers) within JIT edge environments and the relative
importance of each and every camera (and its viewpoint) in
generating high quality reconstruction.

These disruptions, triggered by the aforementioned causes
can lead to: i) ‘spatially correlated’ failures in many cameras,
impacting multiple or all at the same time and/or ii) a
series of ‘temporally correlated’ failures across many cameras
over a period of time. An example of spatially correlated
disruption can be a sudden obstruction of view of multiple
cameras due to smoke in an indoor fire emergency event,
leading to lack of useful data (from such cameras) towards
3D reconstruction. Such lack of useful data even from a
single camera can often result in significant reconstruction
quality degradation, leading to useless reconstruction. Thus,
there is a need for reliable camera management in the
presence of such spatiotemporally correlated disruptions to
ensure minimum reconstruction quality satisfaction. Although
there exist strategies for mission critical edge resource man-
agement [5], little work is done to ensure reliability in such
environments in the presence of disruptions.

In this paper, we propose an intelligent JIT edge re-
source management technique that makes multi-view 3D
reconstruction in such environments reliable under system-
wide disruptions. In particular, our methodology involves
an innovative camera selection strategy inspired by portfo-
lio theory that is aimed at mitigating the potential catas-
trophic effects of spatial and temporal disruptions that are
commonplace in JIT edge environments [6]. First through
benchmarking experiments with 3D reconstruction datasets,
we demonstrate the importance and non-triviality of camera
selection towards useful 3D reconstruction under disrup-
tions. Then we formulate the camera selection problem for
minimum reconstruction quality satisfaction as a portfolio
theory-inspired investment fluctuation minimization problem.
Next, we propose a genetic algorithm-based solution to the
optimization problem that demonstrates rapid convergence in
realistic scenarios, ensuring practical utility.

We evaluate the proposed edge resource management tech-
nique through a detailed simulation that mimics spatiotem-
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porally correlated disruptions on JIT edge environments.
Using both our own and publicly available multi-view 3D
reconstruction datasets and state-of-the-art 3D reconstruc-
tion pipeline, we run extensive experiments to evaluate and
compare the quality of 3D reconstruction in 3 ways: i)
without disruptions, ii) under disruptions but addressed using
traditional baseline approaches towards ensuring reliability,
and iii) under disruption but resolved using our proposed
portfolio theoretic approach. The results demonstrate that
under different degrees of system-wide disruptions and cam-
era selection stipulations, our proposed method can ensure
more reliable reconstruction in terms of higher mean value
and lower standard deviation of reconstruction quality than
baseline strategies. The results also overwhelmingly manifest
our proposed approach’s superiority in guaranteeing useful
reconstructed results than traditional baseline approaches,
under disruptions. Overall, the results validate our theoretical
constructs and emphasize the practical enhancements that our
proposed approach offers to mission-critical 3D reconstruc-
tion applications hosted by JIT edge environments.

The rest of the paper is organized as follows. Section II
discusses the related work in this area. Section III introduce
background information on multi-view 3D reconstruction
and experimentally analyses problem evidence. Section IV
describes the system model and formulates the portfolio theo-
retic optimization problem. Section V discusses performance
evaluation. Section VI concludes the paper.

II. RELATED WORK

Disruption management in distributed and networked sys-
tems to improve system reliability and security has been
an active area of research for sometime. Jeong et al. [7]
discussed the importance of reducing service disruption by
introducing the ReSeT system, which reduces the handover
time of mobile nodes. In [8], the authors reflect on major
critical analyses of edge computing regarding quality, reli-
ability, and latency. Li et al. [9] reflect on the importance
of latency management for real-life applications and propose
a two-phase scheduling strategy to mitigate disruptions in
edge environments. An auction theory inspired strategy is
proposed in [10] to tackle disruptions caused by improper
resource management and latency constraints.

There have some significant contributions in edge resource
management for applications’ latency satisfaction, however
very few with the focus of disruption management. Among
the notable works in this space, in [11], the authors propose
a novel two-stage adaptive robust system to ensure resilience
against any unpredictable failures. Aral et al. [12] explore
possible failures while achieving quality of service (QoS)
properties, such as geographical prevalence and low latency.
In [13], the authors explore all possible threats that can
degrade system efficiency, and propose a resilient security
solution for IoT systems. The authors in [14] propose an
adaptive distributed inference algorithm that can outperform
traditional algorithms in terms of resilience against failures.

Although rare, in recent times, portfolio theory has been
applied to computing science and engineering problems. In
[6], the authors propose PortFawn, an open-source Python
library that is capable of managing summery-variance port-
folio optimization approaches to reduce the investment risk

of the assets. There are some work that combine portfolio
and optimization theories for computing problems. In [15], a
combination of three genetic algorithm variants is proposed
to show better performance while solving portfolio problems
with constraints. The authors in [16] demonstrate the benefits
of portfolio theory by designing a multi-objective and ro-
bust probabilistic model for portfolio optimization. Another
significant application of portfolio theory in computing is
[17] where portfolio theory is used for traffic allocation in
5G heterogeneous cloud-RAN to achieve better quality of
experience. In most of the aforementioned work, portfolio
theory is applied to optimization problems where the under-
lying application is mostly finance and economics. However,
there is a lack of literature where the principles of balanced
portfolio management are applied to explore the possibilities
of reliability management in cyber infrastructures, which this
work seeks to propose.

III. PROBLEM EVIDENCE ANALYSIS

Traditional multi-view 3D reconstruction techniques for
dynamic scenes, such as SfM+MVS pipelines [18], [19],
use multiple cameras to estimate the 3D information of the
captured scene. Given a set of high quality (i.e., high reso-
lution) images observing a scene from different viewpoints
with mutually overlapping regions, feature points, defined by
a feature descriptor data structure such as SIFT [20], are
detected for each image and matched across images to signify
the same 3D points. Thus, with more cameras covering the
3D scene from different viewpoints, the chances of matching
more of such 3D points increases, which in turn increases
reconstruction quality.

The objective of problem evidence analysis is to inquire
whether choosing different sets of cameras for reconstruction
would yield reconstruction of different quality. To achieve
such, we use the most widely used SfM+MVS pipeline
based algorithm, viz., openMVG/openMVS [18], [19] and
publicly available Dance1 [21] dataset (7 synchronous video
sequences from static cameras). It goes without saying that
the characteristics of the following results are not predicated
on the choice of reconstruction algorithm; reconstruction
methods other than SfM+MVS pipelines, such as deep neural
network (DNN) based algorithms [22], tend to show similar
characteristics of reconstruction quality versus selected cam-
eras for reconstruction.

Fig. 1 demonstrate the qualitative results from visual
perspective, while the quantitative aspect is underpinned by
the number of 3D point cloud vertices generated after the
reconstruction process under different camera configurations.
Fig. 1(a) showcases the optimal scenario where all cameras
contribute to the reconstruction (i.e., scenarios where no
disruption impacts the cameras), amassing 166,877 vertices,
indicative of the most detailed and comprehensive model.
However, when under disruption and Camera#2 is omitted,
i.e., is unable send useful data for reconstruction, as depicted
in Fig. 1(b), there is a substantial reconstruction quality
reduction in terms of both visual effect and the vertices count
of 82,404. This illustrates Camera#2’s significant role in the
3D scene’s coverage. The removal of Camera#5, however,
as shown in Fig. 1(c), results in a vertices tally of 118,914,
demonstrating a notable but less dramatic decline in visual
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(a) with all cameras, vertices = 166,877 (b) without camera 2, vertices = 82,404 (c) without camera 5, vertices = 118,914 (d) without cameras 2 and 5, vertices = 57,673

Fig. 1: Effect of camera selection on multi-view 3D reconstruction quality

details. Thus, one can argue that the role of Camera#2 is
more significant than Camera#5 for generating high qual-
ity reconstruction with Dance1 [21] dataset. The combined
exclusion of Camera#2 and Camera#5 in Fig. 1(d) yields
the lowest vertices count of 57,673, further underscoring the
criticality of these cameras in the 3D reconstruction process.
These results highlight the necessity for reliable methods
to assess the trade-offs between the number of cameras
and the reconstruction quality. Thus, one can argue that
reconstruction dependability in situations where the integrity
of camera operation as part of a JIT edge environment might
be compromised, like disaster areas or tactical scenarios,
depends on the careful selection of cameras. Creating meth-
ods for the best camera choice is a fascinating intellectual
pursuit and a practical necessity because it directly impacts
the ability to generate dependable, high-fidelity 3D models
in challenging real-world situations.

IV. SYSTEM MODEL AND PROBLEM FORMULATION

Our JIT edge system model, as depicted in Fig. 2, consists
of a collection of N camera-enabled devices, labeled as
{1, · · · , N}. In real-world implementations, such devices can
be mobile. However, for this work, we assume static camera
setting for simplicity of analysis. Each of these cameras
capture an indoor or outdoor 3D scene (an outdoor park in our
case) from different viewpoints in the form of a continuous
stream of video frames. The video stream are transmitted to
one or multiple edge servers ({1, · · · ,K}) in real-time where
the video frames from different cameras captured at the same
time-stamp are fused together using any state-of-the-art 3D
reconstruction algorithm, to generate a 3D visualisation of
the scene for that particular time-stamp. This process is
repeated for all time-stamps and for the entire duration of
the underlying application.

For most JIT edge implementations, cameras and their
supporting devices can be heterogeneous in nature, in terms
of the device hardware, camera specifications, image reso-
lutions, among other properties. This makes the problem of
device/camera selection for reasonable reconstruction quality
satisfaction under disruption, a non-trivial undertaking. In
this work, we assume heterogeneity only in terms of camera
image resolutions for simplicity of analysis, i.e., we consider
that each camera i is capable of sending video frames/images
to edge servers at resolution Ri. Further, defining pci to be the
probability with which camera i is not disrupted, we consider
that a camera i, transmits images with specified image
resolution Ri with a probability pci , and gets disrupted,
producing no usable data, with the probability 1− pci .

To model fluctuations of the disruption probabilities of the
cameras, we consider that pci is a random variable. Further,
to model possible correlations between the disruptions expe-
rienced by cameras i and j, we consider that the correlation

‘Just-in-time’ Edge 
Resources

Edge 
Server 1

Edge 
Server 3

Edge 
Server 𝐾

Edge 
Server 2 ..

..

Rendered 3D scene 
at VR headsets

3D scene of an 
outdoor park

Camera 2Camera 1 Camera 𝑁

2D Video 
stream

Fig. 2: Multi-view 3D reconstruction of an outdoor scene
hosted at JIT edge environment

coefficient between pci and pcj is ρ − i, j. This correlation
significantly influences the likelihood of simultaneous fail-
ures, thereby impacting the system’s resilience.

A. Portfolio Theoretic Formulation

In such a scenario, it can be noted that the resolution of the
image obtained from camera i, say denoted as Ri, is itself a
random variable, with Ri = 0 (when camera i gets disrupted,
which occurs with probability pci ) and Ri = Ri (when
camera i is not disrupted), with E[Ri] = RiE[pci ] (where
E[·] denotes expectation), which occurs with probability pci ).
Further, for cameras i and j, with pci and pcj being correlated
random variables, with ρi,j being their correlation coeffi-
cient, Ri and Rj also become correlated in nature whose
covariance is cov(Ri,Rj) = RiRjσpci

σpcj
ρi,j , where σpci

is the standard deviation of pci . Thus, the more correlated
the disruptions of two cameras, the higher the covariance
among the resolutions of the images obtained from them,
and subsequently the higher the chances of the two cameras
simultaneously experiencing disruptions (and providing 0
resolution images together), which negatively impacts per-
formance. To perform camera selection in such a scenario,
suppose that camera i is selected with a probability αi, with
α = (α1, · · · , αN ) denoting the camera selection vector,
leading to the expected total resolution of the images ob-
tained from the cameras to be

∑N
i=1 αiE[Ri]. For simplicity

of analysis, in this work, we consider αi to be a binary
variable where αi = 1 signifies selection of camera i for
reconstruction.

Portfolio theoretic resource management in the above
problem scenario would enable selection of cameras such
that a certain expected image quality (resolution) obtained
from the cameras can be ensured (to sustain a desired
quality of the reconstructed scene) while minimizing the
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covariances among the selected cameras’ image qualities to
ensure reliability. Such a strategy would permit us to achieve
optimal tradeoffs between the quality and reliability of a 3D
reconstruction task in order to sustain its desired performance
using disruption-prone limited system resources. Specifically,
the portfolio theoretic optimization problem for selecting
cameras can be formulated as (1).

minimize
α=(α1,...,αN )

N∑
i=1

N∑
j=1

αiαj cov(Ri,Rj) (1a)

subject to
N∑
i=1

αi E[Ri] ≥ Θ (quality constraint) (1b)

N∑
i=1

αi ≤ Ψ (resource constraint) (1c)

αi ∈ [0, 1], ∀i (selection constraint) (1d)

Note that (1) seeks to determine the camera selection
strategy α = (α1, · · · , αN ) that would, to provide reliability,
minimize the quantity

∑N
i=1

∑N
j=1 αiαjcov(Ri,Rj), which

determines the variability of the quality of the reconstructed
scene. The constraints of (1) are the:

• quality constraint (1b), which ensures that the expected
total resolution of images obtained from the cameras
satisfy a given threshold Θ (to make the reconstructed
scene meet quality requirements). Note that Θ controls
the tradeoff between quality and reliability, with higher
Θ values emphasizing selection of cameras that make
the reconstructed scene to expectedly have a good
quality (while sacrificing reliability) and lower Θ values
reversing the trend;

• resource constraint (1c), which ensures that the total
number of selected cameras do not exceed Ψ (to meet
factors like bandwidth and energy limitations); and

• selection parameter constraint (1d), which ensures cam-
era selection parameter definition.

B. Genetic Algorithmic Solution

To solve the optimization problem in (1), we employ a
genetic algorithm (GA) that efficiently explores the large
solution space to find optimal camera configurations, as
described below:

Initial population: The initial population is generated by
randomly selecting camera configurations. Each individual
represents a potential solution, encoded as a binary vector
indicating camera inclusion.

Fitness function: The fitness function evaluates each cam-
era configuration by balancing two key factors: achieving a
minimum quality threshold (Θ) and minimizing the risk of
correlated failures. The total quality of the selected cameras
is computed as the weighted sum of their resolutions, where
each camera’s importance is captured by its respective weight
(α). If the total quality falls below the threshold Θ, a large
penalty is assigned, ensuring only configurations meeting
the minimum quality requirement are viable. If the quality
exceeds Θ, the risk of correlated failures is calculated based
on the covariance of image resolutions between selected
cameras, adjusted by their respective weights (α). This risk
minimization encourages robust configurations that reduce
the likelihood of simultaneous failures. The above described
fitness function is defined as:

F =



∞, if
N∑
i=1

αi > Ψ,

Θ−
N∑
i=1

αi E[Ri], if
N∑
i=1

αi E[Ri] < Θ,

N∑
i=1

N∑
j=i

αiαjRiRjρijσiσj , otherwise.

GA parameters: We define key parameters for the GA,
including:

• Population size (Ps): Number of individuals in the
population.

• Maximum generations (Gm): The maximum number
of iterations or generations the algorithm will run.

• Crossover rate (Cr): Probability of combining two
parents to generate offspring.

• Mutation rate (Mr): Probability of altering an individ-
ual’s configuration to maintain genetic diversity.

• Elitism count (Ec): The number of top-performing
individuals retained in each generation.

• Updated population (Pgen+1): The new population
for the next generation, formed by the union of elite
individuals and offspring:

Pgen+1 ← Ec ∪ offspring

where Ec represents the elite individuals and offspring
represents the children generated through crossover and
mutation.

V. PERFORMANCE EVALUATION

Here, we discuss the performance evaluation of our pro-
posed portfolio theoretic edge resource management tech-
nique.

A. Simulation Environment
For the evaluation, we create a detailed simulation with

a realistic JIT edge environment and video dataset that
is customized for multi-view 3D reconstruction. Most of
the simulation parameters are chosen based on the dataset
and typical camera specifications and operational constraints
within a JIT edge environment to ensure a realistic and
practical evaluation. For one of the datasets consisting of
7 simultaneous video streams, we set the number of cameras
(N ) for reconstruction to 7 with 3 cameras having a high
resolution (1080p, i.e., 1920×1080 pixels) and the remaining
4 with a lower resolution (720p, i.e., 1280×720 pixels). For
another dataset with 5 simultaneous video streams, N is set
to 5 with 2 cameras having high resolution.

In order to simulate the disruptions, each camera’s failure
probability (pci ) is considered to be a random variable that
follows the Beta distribution. The Beta distribution is ideal
for modeling probabilities due to its bounded range between
0 and 1. For the Beta distribution, parameter x values are
set to [6, 6, 6, 2, 2.5, 3.5, 5] and parameter y values are set to
[3, 3, 3, 3, 3.5, 2.5, 2]. Additionally, a 7×7 correlation matrix
pij is used to model the correlation of camera failures, with
values ranging from 0.1 to 1, capturing how disruptions in
cameras statistically depend on each other. This combination
of Beta-distributed probabilities and the correlation matrix
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ensures that the simulation realistically reflects disruption
patterns and system performance under varying constraints.

B. Datasets used
We use popular publicly available multi-view 3D re-

construction dataset, viz., Dance1 and Odzemok [21], for
performance analysis of dynamic scenes. Both are indoor
datasets with cluttered backgrounds with a moving person
and static background. Both datasets have 7 static cameras
with resolutions as explained before. We also use our own
multi-view dataset [23] [24] that represent different degrees
of indoor dynamic scenes, e.g., Walk and Handshake. The
walk dataset is moderately dynamic, where a person walks
across the scene from one end to another. On the other hand,
the Handshake dataset represents a high dynamism, where
two people walk from two different ends of the scene and
shake hands in the middle. These datasets demonstrate the
proposed method’s utility in providing reliable reconstruction
where the 3D scene is highly dynamic.

C. Performance metrics
For the evaluation, we measure the performance of the

proposed portfolio theoretic approach by estimating how
reliably it can provide useful reconstruction. Consequently,
we measure the reliability of 3D reconstruction (i.e., with
and without our proposed portfolio theoretic approach) by
ascertaining how consistently our approach generate recon-
struction with a certain minimum quality (i.e., Threshold Θ).
Such quality is measured by the number of vertices in the
reconstructed 3D point cloud output. A higher number of
vertices count signifies higher quality reconstruction, captur-
ing greater scene details and enhancing the overall fidelity
of the reconstruction. The consistency of generating useful
reconstruction is measured in terms of mean and standard
deviation (S.D.) of number of vertices in the reconstructed
3D scene over different disruption structures.

For simplicity, the quality threshold (Θ) is set at half of
the highest resolution (1920 × 1080)/2 = 1, 036, 800, a
common practice in computer vision for image optimization
across various sets of resolutions[25]. Such threshold approx-
imation provides a balanced estimation that ensures high-
quality reconstruction while accommodating a mix of camera
resolutions. For all the following results, we use the upper
bound of resource constraint (Ψ), i.e., Ψ′ (from Eq. (1c)) as
a system constant. Further, for all experiments, the mean and
S.D. of reconstruction quality computed over 20 runs of Beta
distributed camera failure probabilities.

D. Baseline Strategies
In this paper, we define two baseline strategies to evaluate

two separate aspects of our solution.
Optimal (Brute force) vs. GA based solution: In order

to ascertain the accuracy of GA based camera selection,
we choose a baseline strategy of optimal camera selection
which is generated through exhaustive search of all possible
camera selection combination and choosing the one with
highest combined resolution. Of course, performing such
exhaustive search with larger number of cameras to find
the optimal camera selection is computationally challenging
and thus impractical. However, the purpose of such baseline

comparison is to observe how camera selection with the
proposed GA based solution performs against such optimal
solution.

Traditional vs. Portfolio-theoretic camera selection: In
another set of comparison, we use a traditional method of
edge resource management (specifically camera selection)
where cameras with highest resolution are always selected
in comparison to portfolio theoretic approach that chooses
cameras based on the solution of Eq. (1a).

E. Optimality of genetic algorithmic solution
In Table I, we present the comparison between the camera

selection strategy obtained by solving Eq. (1a) using our GA-
based approach and the one obtained by solving it using a
brute force method. While the brute force method evaluates
all possible combinations exhaustively, the GA employs
evolutionary principles, such as selection, crossover, and
mutation, to efficiently explore the solution space. In Table
I, we observe that for different camera selection scenarios
(i.e., different Ψ), the solutions provided by the two are
predominantly the same. Such consistency validates GA’s
effectiveness in solving the optimization problem. One also
has to note that although the GA seeks to find the near-
optimal solution, it is after all an approximation strategy
which can result in a solution that is slightly different
from the optimal solution. However, what the proposed GA
sacrifices in accuracy, it more than makes it up by employing
an iterative approach that can handle larger problem sizes
(i.e., number of cameras in our case) more feasibly, providing
near-optimal solutions with significantly reduced computa-
tional requirements. Such consistency also offers a practical
justification for using the GA in real-world applications, as it
reconciles the exhaustive search with the iterative approach,
ensuring reliable and relevant outcomes.

(a) Dance1 & Odzemok (b) Handshake & Walk

Fig. 3: Mean of Reconstruction Quality for Traditional vs.
Portfolio.

F. Reliability Comparison Against Traditional Approach
Here we present comparative results between two ap-

proaches —Portfolio Theoretic camera selection and Tra-
ditional Approach towards camera selection—in terms of
their performance in ensuring reliable reconstruction under
disruptions. As explained earlier, such reliability is measured
in terms of the approaches’ ability to ensure consistently
high quality reconstruction over threshold (Θ). Further, in
the following results, mean and standard deviation (S.D.)
of reconstruction quality (in terms of number of vertices)
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Camera 6 out of 7 (Ψ′ = 6) 5 out of 7 (Ψ′ = 5) 4 out of 7 (Ψ′ = 4)
Genetic Algorithm Optimal Genetic Algorithm Optimal Genetic Algorithm Optimal

1 ✗ ✗ ✗ ✗ ✓ ✗
2 ✓ ✓ ✗ ✗ ✓ ✗
3 ✓ ✓ ✓ ✓ ✗ ✗
4 ✓ ✓ ✓ ✓ ✗ ✓
5 ✓ ✓ ✓ ✓ ✓ ✓
6 ✓ ✓ ✓ ✓ ✗ ✓
7 ✓ ✓ ✓ ✓ ✓ ✓

TABLE I: Camera Selection Comparison (✓ => Selected, ✗ => Not selected)

are measured over multiple images sets (each image set is a
set of images from different cameras belonging to the same
timestamp) belonging to different datasets. Choosing multiple
image sets from the same dataset examines how the proposed
portfolio theoretic camera selection strategy preforms (in
terms of generating reliable reconstruction) over a longer
peroid as each dataset contains synchronized images from
multiple cameras over a long term period in terms of streams
of images. While choice of multiple datasets investigates the
proposed method’s versatility in dealing with 3D scenes that
have a varied degree of dynamism as explained earlier.

1) Mean of reconstruction quality for different disruption
structures: Figure 3 displays the mean reconstruction quality
(in terms of number of vertices) over multiple image sets
across datasets as a function of the upper bound on the
number of cameras to be used for reconstruction (Ψ′). Error
bars represent the variance across 20 different runs, providing
insight into the consistency of each method.

In Figure 3a (Dance1 & Odzemok), Dance1 shows a clear
gain: at Ψ′ = 5 Portfolio Theory is ∼40,000 vs. ∼25,000
for the Traditional Approach; at Ψ′ = 6 Portfolio Theory
reaches ∼52,000 vs. ∼33,000. For Odzemok, at Ψ′ = 5
Portfolio Theory is ∼34,000 vs. ∼15,000 for Traditional,
whereas at Ψ′=6 both methods are much lower (Traditional
∼16,000, Portfolio ∼17,000), with only a small gap. Across
both datasets, Portfolio Theory generally exhibits tighter error
bars.

In Figure 3b (Handshake & Walk), Handshake shows a
modest advantage at Ψ′ = 3 (Portfolio ∼24,000 vs. Tradi-
tional ∼22,000) that widens at Ψ′=4 (Portfolio ∼41,000 vs.
∼32,000). Walk shows a consistent and larger gain: at Ψ′=3
Portfolio is ∼34,000 vs. ∼29,000, and at Ψ′ = 4 Portfolio
is nearly ∼60,000 vs. ∼51,000 for Traditional, again with
narrower error bars for Portfolio Theory.

2) S.D. of reconstruction quality for different disruption
structures: This section presents a quantitative comparison
between Portfolio Theory and the Traditional Approach in
terms of reconstruction reliability, measured by the standard
deviation (S.D.) of reconstruction quality across different
image sets in four datasets. Figure 4 shows the S.D. values
as a function of Ψ′, with error bars representing variability
over 20 different runs.

In Figure 4a (Dance1 & Odzemok), Dance1 shows a clear
reduction in variability: at Ψ′ = 5 the Traditional Approach
records about 47,000, compared to ∼ 35,000 for Portfolio
Theory; at Ψ′ = 6 the gap widens, with Traditional near
49,000 and Portfolio below 30,000. For Odzemok, at Ψ′=5
the S.D. is ∼28,000 for Traditional vs. ∼28,000 for Portfolio
Theory (nearly equal), while at Ψ′=6 Traditional stays near
29,000 and Portfolio drops to about 20,000. Across both
datasets, Portfolio Theory tends to produce smaller error bars,

indicating greater consistency.
In Figure 4b (Handshake & Walk), Handshake shows a

large difference at Ψ′=3, with Traditional at ∼ 63,000 and
Portfolio near 31,000; at Ψ′ = 4, Traditional is ∼ 32,000
and Portfolio ∼ 28,000. For Walk, at Ψ′ =3 the Traditional
Approach records ∼ 66,000 vs. ∼ 42,000 for Portfolio
Theory; at Ψ′ = 4 both are closer (Traditional ∼ 39,000,
Portfolio ∼ 37,000) but Portfolio still shows slightly less
variability.

(a) Dance1 & Odzemok (b) Handshake & Walk

Fig. 4: Reconstruction S.D. of Reliability for Traditional vs.
Portfolio.

(a) Dance1 & Odzemok (b) Handshake & Walk

Fig. 5: Reconstruction Quality Over Threshold for Traditional
vs. Portfolio.

3) Mean reconstruction quality above Θ for different dis-
ruption structures: In this section, we evaluate the number
of instances where the mean reconstruction quality surpasses
a threshold Θ across four datasets. Figure 5 shows these
instances as a function of Ψ′, with error bars indicating
variability over 20 runs and highlighting consistency.

In Figure 5a (Dance1 & Odzemok), Dance1 at Ψ′ = 5
records about 6 instances for the Traditional Approach and
12 for Portfolio Theory; at Ψ′ = 6 these rise to roughly 8
and 13, respectively. For Odzemok, at Ψ′ = 5 the Traditional
Approach has around 5 instances versus 14 for Portfolio
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Theory; at Ψ′ = 6 the values are about 6 and 10. In both
datasets, Portfolio Theory generally shows smaller error bars,
indicating greater consistency.

In Figure 5b (Handshake & Walk), Handshake at Ψ′ = 3
achieves about 4 instances for the Traditional Approach
compared to 7 for Portfolio Theory; at Ψ′ = 4 the counts
are roughly 11 and 14. For Walk, at Ψ′ = 3 the Traditional
Approach records about 5 instances versus 8 for Portfolio
Theory; at Ψ′ = 4 these increase to about 13 and 15,
respectively. Across both datasets, Portfolio Theory maintains
narrower error bars, reflecting its stronger reliability.

G. Impact of Disruption Correlations on Performance

Here, in Figures 6 and 7, we study how the degree
of correlations (ρi,j) among disruptions experienced by
cameras impact 3D reconstruction performance using the
Dance1 and Odzemok datasets. Reconstruction reliability,
measured through the mean vertices metric, demonstrates that
a portfolio theory-based approach significantly outperforms
traditional methods. By optimizing the trade-off between
resolution and dependability, the portfolio theory approach
exhibits consistent reliability across diverse correlation levels,
underscoring its potential to advance 3D image reconstruction
techniques for real-time, high-resolution applications.

1) Reconstruction Reliability: The analysis of mean re-
construction reliability across the Dance1 and Odzemok
datasets highlights the consistent superiority of the portfolio
theory compared to the traditional approach, particularly
as the correlation among higher-resolution cameras (ρi,j)
increases. For the Dance1 dataset (Figure 6a), the traditional
approach exhibits a sharp decline in reconstruction quality as
ρi,j increases from 0.2 to 0.8. At ρi,j = 0.2, the traditional
approach achieves a mean reconstruction quality of approxi-
mately 30,000, while the portfolio theory significantly outper-
forms it with a quality exceeding 50,000. As ρi,j increases,
the traditional approach’s quality plummets to below 15,000
at ρi,j = 0.8, whereas the portfolio theory demonstrates
remarkable stability, retaining a quality of nearly 25,000 even
under high correlation conditions.

A similar pattern is observed in the Odzemok dataset
(Figure 6b). The traditional approach begins with a quality
of around 25,000 at ρi,j = 0.2 but declines sharply, reaching
below 10,000 at ρi,j = 0.8. In contrast, the portfolio theory
starts with a quality exceeding 40,000 at ρi,j = 0.2 and
maintains a significant advantage across all correlation levels,
achieving approximately 20,000 at ρi,j = 0.8. These results
underscore the robustness of the portfolio theory in managing
high-resolution camera data with varying correlation levels.
Its ability to maintain superior reconstruction quality and
reliability, even under challenging conditions, highlights its
potential for real-time 3D reconstruction tasks where consis-
tency and performance are critical.

2) Reconstruction S.D. of Reliability: Analyzing the stan-
dard deviation (SD) of reconstruction quality across the
Dance1 and Odzemok datasets provides valuable insights
into each method’s robustness. A higher SD indicates greater
variability and, consequently, reduced reliability. For the
Dance1 dataset (Figure 6c), as the correlation ρ increases
from 0.2 to 0.8, the traditional approach exhibits a significant
rise in SD, signaling diminishing robustness. In contrast,

the portfolio theory approach maintains a consistently lower
SD, highlighting its ability to ensure stable and reliable
reconstruction across varying correlation levels.

Based on the Odzemok dataset (Figure 6c), the findings
confirm the Dance1 patterns. The traditional approach shows
that as correlation increases, robustness declines, indicating
an increase in variability in dependability with a more
significant standard deviation. In contrast, the portfolio theory
demonstrates a significant standard deviation consistency at
different correlation values. The technique’s inherent ro-
bustness is highlighted by the slight increase in standard
deviation, even at high correlation levels.

3) Reconstruction Quality Over Threshold: The analysis
of the Dance1 dataset (Figure 7a) demonstrates the portfolio
theory’s consistent superiority over the traditional approach
across varying correlation levels (ρ). At lower correlation
levels (ρ = 0.2), the portfolio theory achieves substantially
higher reconstruction quality, indicating its exceptional per-
formance when camera outputs exhibit minimal similarity. As
ρ increases, both methods experience a decline in quality, yet
the portfolio theory consistently maintains an edge over the
traditional approach, confirming its robustness in ensuring
higher-quality reconstructions.

Similarly, in the Odzemok dataset (Figure 7b), portfolio
theory consistently outperforms the traditional approach, par-
ticularly at lower correlation levels (ρ = 0.2). Even at higher
correlations (ρ = 0.6 and ρ = 0.8), portfolio theory sustains a
higher quality threshold, underscoring its capability to deliver
superior reconstruction quality under challenging conditions.
These results make portfolio theory the preferred choice
for high-resolution, real-time 3D reconstruction applications
requiring resilience to fluctuating camera correlations.

Our analysis reveals a clear pattern where the portfolio
theory consistently outperforms the traditional approach to
provide superior reconstruction quality and reliability in the
presence of varying degrees of correlated disruptions. This
consistently superior performance highlights the potential of
the portfolio theory to deliver high-quality outputs for real-
time applications, making it the preferred choice for systems
that demand reliable quality in dynamic environments.

VI. CONCLUSIONS

In this work, we introduced a novel portfolio-theoretic
approach to optimize 3D reconstruction scenes, effectively
balancing trade-offs between quality and reliability. Exper-
imental results using real datasets demonstrated significant
performance advantages over traditional methods, and the
diverse datasets highlighted the scalability of our approach.
We also proposed a genetic algorithm for efficiently finding
camera selection strategies from our portfolio-theoretic per-
spective. Looking ahead, we will develop a comprehensive
system-wide model that will integrate advanced technologies
such as deep learning, system monitoring, and constrained
optimization, aiming to understand and model spatiotempo-
rally correlated disruptions while formulating a management
strategy that will adaptively respond to these disruptions
among cameras. Additionally, we will analytically quantify
the trade-offs between quality, latency, and reliability under
disruptions, ultimately striving to measure these trade-offs
using advanced deep neural networks.
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(a) Dance1 (b) Odzemok (c) Dance1 (d) Odzemok

Fig. 6: Impact of Varying ρi,j on Reconstruction Quality

(a) Dance1 (b) Odzemok

Fig. 7: Impact of Varying ρi,j on Reconstruction Reliability.
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