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ABSTRACT

3D reconstruction from 2D images is a fundamental problem in computer vision, with applications
in robotics, augmented and virtual reality, and spatial computing. Recent AI-based methods have
changed how reconstruction is done, but there are not many direct comparisons between these
new methods and the classical Structure-from-Motion (SfM) pipelines that have been used for
years. This project compares three recent AI methods (VGGT, Pi3, and Depth Anything 3) against
COLMAP, a widely used classical SfM pipeline. The dataset is a custom set of four indoor scenes
captured with an iPhone 15 Pro. Depth point clouds from a Gemini 335Lg stereo camera are used
as ground truth. After scale alignment and ICP registration in CloudCompare, the reconstructions
are evaluated using Chamfer Distance, Hausdorff Distance, accuracy, completeness, F-score, and
reconstruction time. The results show that no single method dominates. COLMAP gets the best
overall F-score because it produces more complete reconstructions, while Depth Anything 3 has the
highest accuracy but lower completeness. The AI methods are clearly faster and handle low-texture
scenes better, but they are sensitive to scene type. Overall, the comparison shows that classical and
AI methods have different strengths, and choosing one depends on what the scene looks like and
how much time you have.

1. INTRODUCTION

3D reconstruction is the task of figuring out the
three-dimensional scene geometry from 2D im-
ages. Accurate 3D models are crucial for appli-
cations such as robotics, autonomous vehicles,
and digital twins of buildings. Even though re-
searchers have been working on this for several
years, getting high-quality, dense reconstructions
from a small number of photos is still hard.

The classical approach finds matching key-
points across images, figures out the camera po-
sition for each shot, and then triangulates the
3D structure using geometry. COLMAP gives
accurate results when you have enough textured
images, but it fails on smooth or texture-less
surfaces. The newer approaches such as VGGT,

Pi3, and Depth Anything 3, use neural networks
that have been trained on large amounts of 3D
data. These models take a few images and predict
the 3D geometry directly, without computing the
math. They are fast and they handle hard cases
better. The geometry is essentially a learned
guess, and they do not always behave the way
you would expect.

It is not obvious when you should use which
approach, so this project runs both side by side
on the same scenes. Four pipelines (COLMAP,
VGGT, Pi3, and Depth Anything 3) were tested
on a custom dataset, with stereo depth as the
reference. The goal is not to determine the best
method. It is to figure out where each method
works well, where it fails, and the trade-offs when
selecting one for real-world applications.
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2. METHODOLOGY

2.1 Dataset Collection

Five indoor scenes were captured for the analysis:
an ukulele (day/night), an artificial plant (day),
an electric fan (day), a lab chair, and a mannequin
head. Each one was recorded as a 360 degree walk-
around video with an iPhone 15 Pro at 1080p
/ 30 frames per second. The mannequin head
was left out of the quantitative analysis because
COLMAP could not reconstruct it. The failure
is actually a useful result on its own and it will
be mentioned in the Discussion. Frames were
pulled from each video using ffmpeg. The AI
pipelines used about 64 to 128 frames per scene,
while COLMAP used about 80 to 300 frames so
that its feature matching had enough overlap to
work with.

2.2 Ground Truth

For ground truth, Orbbec Gemini 335Lg stereo
camera was connected to a Windows 10 laptop
and recorded the depth stream for each scene as
a ROS1 .bag file using the Orbbec Viewer. A
Python script was written (extract_images.py)
to pull out the depth frames as 16-bit PNGs and
log basic stats like depth min, max, and number
of non-zero pixels. The depth images were back-
projected into a 3D point cloud, and the point
cloud is what each method gets compared against
[5].

2.3 Reconstruction Pipelines

VGGT (Visual Geometry Grounded Trans-
former). VGGT is a feed-forward neural net-
work that directly predicts all the key 3D at-
tributes of a scene, including camera parame-
ters, point maps, depth maps, and 3D point
tracks, from one, a few, or hundreds of input
views. It was released by Meta and Oxford’s Vi-
sual Geometry Group in 2025. Unlike traditional
SfM, VGGT skips the intermediate optimization
steps and runs everything in a single forward pass
through a 1.2 billion parameter transformer. The
main appeal is speed. It can reconstruct a scene
in under a second while still matching or beating

methods that rely on geometric post-processing
[1].

Pi3 (π3). Pi3 is a feed-forward neural network
for visual geometry reconstruction that breaks
the reliance on a fixed reference view that earlier
methods like DUSt3R and VGGT depend on. It
uses a fully permutation-equivariant architecture
to predict affine-invariant camera poses and scale-
invariant local point maps without any reference
frames. This means that the model is robust
to the order of the input images, which removes
a common failure mode where a poorly chosen
reference view causes the whole reconstruction to
break down [2].

Depth Anything 3. Depth Anything 3 (DA3)
is a model that predicts spatially consistent ge-
ometry from any number of visual inputs, with or
without known camera poses. It uses a DINOv2
encoder as the backbone and a unified depth-ray
prediction target instead of separate task-specific
heads. Earlier versions of Depth Anything were
focused on monocular depth estimation, but DA3
extends the framework to handle single images,
stereo pairs, multi-view collections, and video as
a single foundation model. It was released by
ByteDance Seed in late 2025 [3].

COLMAP. COLMAP is a classical Structure-
from-Motion and Multi-View Stereo pipeline re-
leased in 2016 by Schönberger and Frahm. It ex-
tracts Scale-Invariant Feature Transform (SIFT)
keypoints from each input image, finds matches
between image pairs, incrementally building a
sparse 3D point cloud and camera poses through
triangulation and bundle adjustment, and then
runs a Multi-View Stereo (MVS) step (Patch-
Match Stereo and Stereo Fusion) to produce a
dense point cloud. It has been the standard SfM
tool in research for years and is the baseline the
AI methods are compared against [4].

All the AI reconstructions were run on the Koa
HPC cluster through Jupyter Lab on an NVIDIA
RTX A4000 GPU. VGGT, Pi3, and Depth Any-
thing 3 were run on the extracted frames for each
scene, runtime was recorded, then GLB meshes
were downloaded. COLMAP needs more memory,
so an NVIDIA L40 (48 GB VRAM) was used.
The full COLMAP pipeline: feature extraction,
exhaustive matching, sparse reconstruction, im-
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age undistortion, Patch Match Stereo, and Stereo
Fusion was used. The output was a dense PLY
point cloud and a runtime measurement for each
scene.

2.4 Format Conversion and Alignment

The four pipelines all output reconstructions in
different formats and coordinate systems, so it
was necessary to convert and align everything
prior to comparisons. The GLB meshes from
the AI methods were converted to PLY using
a web-based 3D model converter. After conver-
sion, each reconstruction and its corresponding
stereo ground truth was loaded into CloudCom-
pare, scaled to match the ground truth, and then
manually registered using Iterative Closest Point
(ICP).

2.5 Evaluation Metrics

Once everything was aligned, each reconstruction
to its ground truth was compared using the stan-
dard set of metrics: Chamfer Distance, Hausdorff
Distance, accuracy, completeness, and F-score.
They are defined below.

Chamfer Distance is the average distance be-
tween the points in the reconstruction and the
points in the ground truth, lower is better [6].
Hausdorff Distance is the largest distance be-
tween the reconstruction and the ground truth,
lower is better [7]. Accuracy asks: of all the
points that the model predicted, what percentage
are close to the ground truth? Higher is better
[8]. Completeness asks: of all the ground truth
points, how much of the scene did the method
cover? Higher is better [8]. F-score combines ac-
curacy and completeness into one number. The
method needs to perform well on both to score
high on this metric, so it is the standard overall
quality metric [9].

Reconstruction time was also tracked as a sep-
arate measure of how practical each method
is. All the metrics were computed by an
evaluate_metrics.py script. This loads the
aligned PLY files and prints a summary for each
scene.

3. RESULTS
Table 1 shows the quantitative benchmark results
across all methods and scenes. A few patterns
we can see. COLMAP has the best completeness
and the best overall F-score, which makes sense
because it has more frames to work with and
its dense MVS step fills in a lot of surface area.
Depth Anything 3 has the lowest Chamfer and
Hausdorff distances and the highest accuracy,
meaning the points it predicts are close to the
ground truth, but it does not predict as many
points, so its completeness is the lowest of the
four. The AI methods are also much faster than
COLMAP. Depth Anything 3 finishes in under 80
seconds per scene, while COLMAP takes around
30 minutes.

4. QUALITATIVE RESULTS
CloudCompare was used for both ICP alignment
and visual inspection. Figure 1 shows side-by-
side renderings of the input image versus the
3D reconstruction. Each method has its own
limitations:

• COLMAP outputs the most complete surfaces,
but it gets noisy on low-texture areas like the
back of the lab chair.

• VGGT and Pi3 produce clean geometry from
fewer frames, but the scale sometimes drifts
and they occasionally hallucinate backgrounds
that are not really there.

• Depth Anything 3 puts points in the right
places but leaves big gaps on the sides and
back of objects due to its monocular nature,
which is why its completeness score is so low.

• On the textureless mannequin head,
COLMAP could not generate any re-
construction, while all three AI methods
worked fine. This case captures the main
trade-off in the whole project well, and it will
be discussed more in depth later.
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5. DISCUSSION

The mannequin head case is arguably the most
interesting result of the whole project. COLMAP
relies on SIFT keypoints and geometric verifi-
cation between image pairs, and on a smooth,
texture-less surface there just are not enough re-
peatable features to find. So, the pipeline ends.
The AI methods, which were trained on millions
of 3D scenes, generate reasonable geometry from
the same input video. This is exactly the kind
of situation where the AI methods’ training data
excels. They have seen so many objects before
that they can make a good guess at the geometry
even without clear features to match. This is a
good example of why the AI methods are not just
a faster version of COLMAP. They are solving
the problem in a completely different way.

The combined metrics support this. COLMAP
outperforms on completeness and F-score be-
cause it had enough frames to fully use its dense
Multi-View Stereo stage, and because the tex-
tured scenes (Ukulele, Artificial Plant, Electric
Fan, Lab Chair) gave it lots of features to match.
Depth Anything 3 wins on accuracy but loses on
completeness because monocular depth predic-
tions can be sharp where the camera looks but
cannot recover surfaces the model never sees from
a confident angle. VGGT and Pi3 lie in between:
not the most accurate, not the most complete,
but a good balance and around 10× faster than
COLMAP. In practice, which method you would
select depends on the task. COLMAP for high-
quality scans of textured scenes when there is
plenty of input. AI methods for fast reconstruc-
tion, sparse inputs, or low-texture surfaces.

The frame count difference is also worth noting.
The AI pipelines worked well with 64 to 128
frames, while COLMAP needed 80 to 300 to get a
similar density. This makes sense given how each
one works. The quality of COLMAP improves
the more matching features it can find between
images, so more frames mean more matches and
better geometry. The AI models do not need
that many frames because they already recognize
what objects tend to look like in 3D. Once they
have enough views to make a confident prediction,
adding more does not help much.

6. LIMITATIONS

The dataset is small and limited to indoor scenes.
The Gemini 335Lg’s ideal depth range is 0.25 to 6
meters, which sits outside the working distances
necessary for outdoor capture. More importantly,
its active IR projector is overwhelmed by ambient
sunlight, which is a known issue for active stereo
cameras in outdoor lighting. This means the
camera cannot generate reliable ground truth in
the conditions where outdoor scenes would be
captured.

Low light was another issue. The stereo camera
performed poorly on the Ukulele Night scene,
where the captured depth map did not resemble
the silhouette of a ukulele. All four pipelines
were run with default or recommended settings.
Tuning would almost certainly shift the relative
numbers, particularly for COLMAP, where dense
reconstruction is sensitive to matcher and stereo
parameters.

7. CONCLUSION

Across four indoor scenes, no single method dom-
inates across all metrics. COLMAP had the best
completeness and overall F-score. Depth Any-
thing 3 had the most accurate per-point geometry.
VGGT and Pi3 had the best balance of speed
and quality. The texture-less mannequin head
exposed COLMAP’s reliance on classical features
in a way that no combined metric could. In con-
clusion, AI methods and classical methods do not
really replace each other. They complement each
other.

8. FUTURE WORK

For future work, the dataset should be extended
to outdoor scenes by using a depth sensor better
suited for outdoor capture, such as the Stereo-
labs ZED 2i or an Intel RealSense D455, which
are both designed to handle bright sunlight and
longer working distances. More texture should be
added to the Mannequin Head as well as objects
with a wider range of materials.
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Figure 1: CloudCompare visualizations of input image vs. 3D reconstruction
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