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Abstract—This report documents the project 
scaffold, evaluation protocol, and benchmark 
plan for uncalibrated monocular VSLAM on 
smartphone video. The focus is on comparing 
modern methods, handling unknown intrinsics, 
and evaluating both trajectory quality and dense 
reconstruction quality against public and custom 
datasets.

Index Terms—VSLAM, monocular SLAM, dense 
reconstruction, trajectory evaluation, ADVIO

I. Introduction

This project targets an off-device monocular 
VSLAM benchmark for smartphone video with 
unknown intrinsics. The main goal is to compare 
modern dense monocular systems, recover cam
era trajectories with limited calibration assump
tions, and evaluate dense reconstructions under 
a common protocol.

The benchmark centers on two output surfaces: 
trajectory quality and dense 3D point cloud 
quality. In addition to method accuracy, the pro
ject tracks runtime and memory requirements 
because the final recommendation must balance 
precision, robustness, and practical execution 
cost.

II. Related Work

The initial benchmark focuses on recent monoc
ular dense methods such as ViSTA-SLAM [1] 
and MASt3R-SLAM [2]. These systems provide 
concrete starting points for recovering camera 
motion and dense geometry from monocular in
puts while reducing the amount of hand-designed 
calibration logic required from the project.

The project also relies on established eval
uation and reconstruction tooling. Trajectories 
are expected to be compared with evo [3], 

while reference reconstructions can be built with 
COLMAP [4], [5] and inspected with Open3D [6].

III. Challenge and Scope

The challenge requires an off-device pipeline 
that accepts raw smartphone video, handles un
known intrinsics, and outputs both a high-preci
sion trajectory and a dense 3D point cloud. The 
evaluation must compare at least two state-of-the-
art methods, include ARCore as a baseline where 
applicable, and cover both public and custom 
datasets.

This repository therefore scopes the project 
into four major surfaces: method integration, 
custom data capture, trajectory evaluation, and 
dense reconstruction evaluation. Heavy external 
tools are kept outside the base Python environ
ment and are treated as documented integrations 
rather than vendored code.

IV. Candidate Methods

Candidate methods are integrated behind a 
shared benchmark workflow so they can be 
compared under consistent inputs and output 
formats. The initial comparison focuses on ViSTA-
SLAM [1] and MASt3R-SLAM [2] because both 
are directly referenced by the challenge brief.

Each method integration should define input 
expectations, output artifact locations, and any 
required pre-processing. The method wrappers 
should stay thin and should document unsup
ported cases explicitly instead of hiding them 
behind silent fallbacks.
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V. Datasets

Trajectory quality is benchmarked on the AD
VIO dataset [7] and on a custom smartphone 
capture dataset recorded for this project. The 
custom capture workflow is expected to store 
raw video and baseline ARCore logs with enough 
metadata to reproduce alignment and evaluation.

Dense reconstruction quality is assessed on 
self-recorded data because the challenge explic
itly asks for a comparison against ARCore map
ping results on a custom test dataset. Reference 
reconstructions for these captures can be gener
ated with tools such as COLMAP [4], [5].

VI. Metrics

Trajectory evaluation should quantify both 
global and local behavior. Core examples are 
alignment error, pose drift, and sequence-level 
consistency. The exact metric suite should remain 
stable across methods and be reported in a repro
ducible scriptable form.

Dense reconstruction evaluation should quan
tify geometric fidelity, completeness, and failure 
modes such as missing structure or noisy sur
faces. Open3D [6] and comparable point-cloud 
tooling can provide a practical baseline for align
ment and metric computation.

VII. Experiments

The experimental plan is split into pub
lic-dataset benchmarking and custom-dataset 
benchmarking. For each method, the benchmark 
should capture run configuration, produced arti
facts, runtime cost, and all trajectory or recon
struction metrics required by the final recommen
dation.

The initial scaffold in this repository intention
ally prioritizes reproducibility over breadth. The 
first milestone is a functional installable package, 
a stable evaluation layout, and documentation 
that lets contributors add method-specific exper
iments without redesigning the repository.

VIII. Discussion

The main risks are method-specific environ
ment complexity, custom data capture quality, 
and scale consistency when comparing dense 
outputs against ARCore or reference reconstruc
tions. These risks should be documented early 
because they directly affect benchmark fairness 
and reproducibility.

The current repository scaffold addresses these 
risks by separating lightweight project code from 
heavy external tools, keeping weekly reporting 
templates in the repo, and defining a stable work 
package split before deeper implementation work 
begins.

IX. Conclusion

This report scaffold establishes the structure 
needed for a reproducible monocular VSLAM 
benchmark project. The next implementation 
phases are method integration, custom data cap
ture, and the first trajectory and reconstruction 
comparisons on public and custom datasets.
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