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Abstract

Creating a digital replica of real world scenes and ob-
jects in 3D has many applications spanning digital archival,
virtual tourism, extended reality or can simply serve as a
better representation of the real world than 2D images. Sev-
eral highly accurate solutions exist, most of which require
a precise knowledge of camera parameters and scene illu-
mination. In this project the problem of Phototourism - i.e
recreating a 3D model of the real world from unstructured
set of photographs is considered from a deep learning per-
spective. The work explores the use of deep learning compo-
nents in the classical structure from motion pipeline. It also
explores the replacement of the optimization component -
bundle adjustment using the recently proposed DBARF, a
generalized NERF inspired neural rendering method that
simultaneously optimizes camera pose and image render-
ing. It is seen that while deep-learning components are in
general successful in improving the feature description and
matching stage, even neural rendering methods that ”opti-
mize” instead of learn, fail to achieve the accuracy of bun-
dle adjustment.

1. Introduction
We consider the problem of reconstructing a scene in 3D

given a collection of unstructered images obtained in the
wild - i.e sourced from vastly different cameras, illumina-
tions, angles etc.

Digitizing a real world object or scene in 3D is a fun-
damental problem in computer vision. Even if we restrict
ourselves to vision only systems, an extremely wide vari-
ety of methods focusing on various scenarios exist and can
be broadly classified into methods that include posed cam-
eras with known illumination and those that use cameras or
illumination at unknown locations.

1.1. Problem Statement

The goal of the project is to develop a framework which
takes a set of unconstrained images as the input and esti-

mates the camera extrinsics i.e [R|t] - the rotation matrix
and the translation vector of each camera in the image set.
The problem is directly specified by the image matching
challenge 2024[5]. As defined in the competition, the prob-
lem is different from traditional SfM in that, the dataset can
be affected by the following aspects.

• Different sensor types and inconsistent occlusions.

• Night vs day temporal changes including poor lighting,
different weather and climate conditions.

• Mixture of aerial and ground images.

• Repetetive structures.

• Highly non regular structures such foliage.

• Transparencies and reflections.

2. Related Work
When the camera intrinsics and extrinsics are known ei-

ther fully or partially, the class of algorithms that are based
on multi-view stereo[16] can reconstruct a scene in 3D with
a high degree of accuracy. Image based methods like light-
fields[26] produce dense representations of a scene by sam-
pling the scene at enough known locations, without the
need for generating parameterizations like meshes. More
recently, neural rendering frameworks[11] have emerged,
which leverage simple multilayer perceptrons as scene ra-
diance and density approximators, which are then used to
achieve photorealistic rendering of the scene through vol-
ume rendering.

Structure from motion (SfM) [12][15] methods on the
other hand employ cameras at unknown locations of a
scene. They then create a sparse representation - a point
cloud of the scene, while simultaneously estimating the po-
sitions of the original cameras. In a typical SfM setup,
while the camera positions are unknown, they are still
consistent in illumination and camera intrinsic parameters,
within the dataset being considered. Deep learning based
methods have attempted at directly regressing on camera
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locations[24][28][21][20], however have seen little success
compared to traditional bundle adjustment based methods.
DeepSFM[25] is a relatively successful method that is mod-
elled after bundle adjustment - using a 2D CNN as a back-
bone for feature extraction, it then iteratively refines the
depth and pose cost volumes by using a series of 3D con-
volutional layers for each cost branch. A bundle adjust-
ing extension to NeRFs - BARF[7] poses a joint optimiza-
tion problem per scene, where in addition to learning a co-
ordinate based image representation, they also solve for the
warp between image pairs i.e the camera pose transforma-
tions. Deep-BARF[2] extends this approach to Generalized
NeRFs. NERF in the Wild [10] proposes modifications to
the NERF photometric cost in order to account for transient
objects and appearance variations, inorder to create NERFs
from unstructured image sets.

A particularly difficult as well as interesting case of SfM
is the case of using unstructured image collections as in-
puts [17]. Crowd sourced and internet datasets of frequently
photographed scenes like landmarks can contain several
thousand images of the same scene in different angles, dif-
ferent illuminations, and vastly different camera intrinsics.
Inconsistent occlusions are another major hurdle to the ap-
plication of vanialla SfM to this scenario. NeRF in the Wild
[10] extend NeRFs by adding two additional MLPs, one
that uses appearance embeddings to capture the variations
in color due to illumination, sensor differences etc and an-
other MLP that uses transient embeddings to account for
inconsistent occlusions that exists in the image collection.
Alternately, detector free methods[6] utilize ”denser” de-
tector free features[18] that are more robust to texture less
surfaces to build a point cloud and estimate camera loca-
tions using a course to fine iterative refinement procedure.

3. Models
Traditional structure from motion involves three stages

- feature detection and description, feature matching and
outlier detection and finally reconstruction. First, for each
image in a given scene, salient feature points like corners
and descriptors that describe the area around these points
are estimated. Then a list of image pairs that have an over-
lap is computed if scene contains too many images, else all
combinations of image pairs are listed. Feature matches are
then computed for the keypoints in each image pair using
the nearest neighbours or other more sophisticated feature
matching algorithms. These matches are filtered for outliers
using RANSAC. The cleaned feature points and matches
are then fed to COLMAP[15], which performs an incremen-
tal reconstruction by solving the classic bundle adjustment
problem where the 3D reprojection error of the matched fea-
ture points is minimized by adjusting the camera positions
and the 3D point positions. This results in the required cam-
era poses.

For the baseline, we experimented with the following
modern deep models for the feature detection and descrip-
tion :

• ALIKED: A Lighter Keypoint and Descriptor Extrac-
tion Network via Deformable Transformation [27]

• SuperPoint: Self-Supervised Interest Point Detection
and Description [3]

• DISK: Learning local features with policy gradient
[19]

• D2-Net: A Trainable CNN for Joint Detection and De-
scription of Local Features [4]

For feature matching, we used a recent state of the art model
- LightGlue: Local Feature Matching at Light Speed[9]

The proposed pipeline for structure from motion ex-
ploits two new paradigms introduced recently - detector free
matching and bundle adjusting variants of neural rendering
methods.

3.1. Detector Free Matching

Detector free matching methods like ASpanFormer[1],
MatchFormer[23] and LoFTR[18] propose a new feature
matching approach that removes the requirement for a sep-
arate feature detector phase and provide densely matched
descriptors directly. These methods are particularly robust
when dealing with images that have poor texture, repeat-
able patterns, scaling, varying illumination and viewpoint
variations. We now provide a brief overview of LoFTR :
Detector-Free Local Feature Matching with Transformers,
which we choose to use in our SfM pipeline.

Figure 1: LoFTR Schematic, reproduced from the LoFTR
paper.[18]

LoFTR has four sequential blocks. First, given a pair of
images A,B, a Feature Pyramid Network (FPN) [8] gener-
ates a pair of feature maps at a course and fine level. In
the second stage, the course level features are flattened, po-
sitionally encoded and then passed through a Local Fea-
ture Transformer Module, with self and cross attention. In-
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stead of the conventional dot product attention, they pro-
pose the use of linear attention to reduce the computational
complexity to O(N). The output of this block is then fed
to a matching layer which establishes matches between the
transformer output features in the coarse level. For each
coarse level match, a pair of patches are extracted around
the corresponding patches in the fine level feature. These
are then accumulated and fed to a smaller LoFTR trans-
former module. The feature outputs of this stage are then
correlated with each other, which is then used to produce a
final match j with subpixel accuracy in B for a pixel i in A.

The use of detector free methods like LoFTR thus poses
a unique challenge during bundle adjustment - feature
points are defined between image pairs with sub-pixel ac-
curacy on one image, and are therefore not shared across
pairs. In SfM, feature matches are computed across mul-
tiple image pairs, which eventually need to be stacked to
create ”tracks”. To solve for this, we pool the detections to
a grid before redefining matches across these features across
pairs.

During the course of this project Detector Free Struc-
ture From Motion [6] has been proposed with state of
the art results. Their proposed approach is to also use
LoFTR for matching, but they quantize and downsample
the match locations to obtain matches on a coarser pair.
These matches are then used with traditional SfM to get
a coarse reconstruction. The second stage of their recon-
struction pipeline involves iterative refinement of ”feature
tracks”. At each iteration, they begin by using the current
best reconstruction to create feature tracks, the patches in
which are transformed using a second multi-view feature
transformer. These transformed patches are then used to re-
fine the feature track. These refined feature tracks are used
in bundle adjustment to obtain a refined reconstruction.

3.2. Refining Bundle Adjustment Results

The final stage in Structure from Motion is the sparse
reconstruction. This involves solving for the essential ma-
trix to estimate relative camera positions between a pair of
images to obtain a first sparse 3D model by triangulation
of the points. New cameras are then added iteratively and
at the end of each such step, bundle adjustment is carried
out to jointly optimize for camera poses and recovered 3D
points by minimizing the reprojection loss. Bundle adjust-
ment is a notoriously large scale problem solved tradition-
ally by using non-linear least squares optimization methods
like Levenberg Marquardt.

The sparse nature of feature inputs to the reconstruction
phase can be a source of errors since images with fewer
matches no longer contribute to the reconstruction. Infact
this is the inspiration behind the proposal to use semi-dense
matches for SfM in the first proposed modification.

Recently in the counterpart to SfM - reconstruction with

posed cameras, Neural rendering methods [11] have shown
immense success in achieving photorealistic rendering of
arbitrary scenes using posed cameras. They are implicitly
dense reconstructors. We would like to investigate if the
bundle adjusting variants of neural rendering can be used
to further refine the pose estimation outputs of traditional
structure from motion. BARF - Bundle Adjusting Radi-
ance Fields[7] were an ideal starting point since they are
optimized per scene resulting in the neural network equiv-
alent of a joint pose optimizer and dense reconstruction.
However due to limitations in computational capacity and
time frame, I decided to investigate a generalized version of
BARF, which can be fine tuned per scene.

We briefly present the core idea behind D-BARF: Deep
Bundle Adjusting Radiance Fields[2]. DBARF takes a set
of images and a a scene graph as its input. Initial camera
poses are also an optional input. Image features are first
extracted by a FPN[8] backbone. A feature metric consis-
tency cost is constructed based on these features for feature
consistency across the target and nearby views.

C =
1

N (i)

∑
j∈N (i)

||X (KjPijXS(ui),Fj)−X (S(ui),Fi)||

(1)
where, Kj ,Pij are the camera intrinsics and relative

pose matrix respectively. XS(ui) is the projection of the
patch of 3d points which is computed from the predicted
depth map D for the target image. Fj ,Fi represent the fea-
ture maps, X is the interpolation function, and N is the set
of nearby views obtained from the scene graph. DBARF
proposes the use of a recurrent GRU block based archi-
tecture for the depth and pose estimators which are used
to update the proposed cost map. For the deep generaliz-
able NERF, DBARF extends IBRNet Learning Multi-View
Image-Based Rendering[22] which is optimized on a pho-
tometric consistency loss function. The depth network is
optimized on a modified version of photometric loss.

4. Dataset
The dataset consists of unconstrained image collections

of seven scenes. For each image in each collection, the cor-
responding camera extrinsic parameters has also been pro-
vided. In addition to this, a sparse representation of the
scene as a point cloud is also provided that can be used
by the popular SfM library COLMAP[15]. The number of
available images in each scene is listed in Table 1.

Due to the nature of the problem at hand, this relatively
small dataset cannot be used for training - neither from
scratch nor for fine tuning. For this reason, I will use this
dataset of seven scenes as my validation set, for which I am
able to compute the mean Average Accuracy metric defined
in the previous section.

For Test data, the competition provides a hidden/blind
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Figure 2: Network Architecture of D-BARF, reproduced from [2]

Name #images Sample

Church 111

Dioscuri 70

Lizard 727

Multi-temporal-temple-baalshamin 75

Pond 1148

transp obj glass cup 36

transp obj glass cylinder 36

Table 1: Validation Dataset Summary

test, which can only be tested against by providing a sub-
mission to the competition.

5. Results and Experiments

5.1. Detector Free Matching

The accuracy of reconstruction of the baseline - feature
detector + feature matching methods as well as the LoFTR
based method and DFSFM are first evaluated using a cus-
tom metric defined by the Image Matching Challenge [5]
and is refered as mean Average Accuracy (mAA) of cam-
era centers, C = −RT t. Given the ground truth and the
estimated R|t values, the best similarity transformation T
is first computed. A camera is considered to be registered if
||Cg − T (C)|| where Cg is the ground truth camera center
and C the estimated center. Assuming ri percent of cameras
in the scene that are registered by Ti the mAA is computed
by averaging ri for several thresholds ti which are scene
dependent and set by the competition.

In Table 2 we list the scenewise mAA scores for all the
methods considered. The camera poses are the result of
the optimization based sparse reconstruction stage and do
not include the DBARF refinement proposed in the previ-
ous section. All DFSFM reconstructions underwent three
rounds of iterative refinement of feature tracks and geom-
etry. The two transparent object scenes as seen on 1 are
rather unusual in that, camera moves around the object in a
perfect circle, while the optical axis of the camera is always
pointed towards the object. Given the cylindrical nature of
the objects, the circular revolution of the camera around the
axis of the cylinder and the absence of texture, they account
for a very difficult dataset, that none of these methods per-
form well against.

The Dioscuri dataset has a lot of rotated images. This
seems to adversely affect the number of inliers in the fea-
ture matches obtained with LoFTR since both detector less
strategies perform poorly where the feature detector based
methods perform better. Figure 3 shows the reconstructions
from DFSFM as well as the best performing model for this
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Dataset ALIKED + LG DISK + LG Superpoint + LG DFSFM LoFTR

Church 0.2975 0.2897 0.1698 0.200935 0.2445
Dioscuri 0.1692 0.3010 0.1542 0.057214 0.0174
Lizard 0.8039 0.6950 0.7698 0.612245 0.6213
Multi-temporal-temple-baalshamin 0.2169 0.2540 0.2169 0.457672 0.1667
Pond 0.6497 0.5034 0.3810 0.416100 0.3662
transp obj glass cup 0.0152 0.0354 0.0152 0.00000 0.0000
transp obj glass cylinder 0.0303 0.0000 0.0000 0.00000 0.0000
Hidden test scene 0.13 0.13 0.11 NA NA

Table 2: mean Average Accuracy: mAA for all the test scenes for all the proposed methods. The does not include the DBARF
based refining strategy proposed in the previous section.

dataset - DISK + Lightglue.
Also of interest is the Multi-temporal-temple data, which

has several images obtained with illumination variations.
While DFSFM is the best performing model for this dataset,
the other detector free method - LoFTR performs poorly. As
seen in figure 5, the coarse reconstruction with DFSFM al-
ready outperfoms LoFTR interms of reconstructed matches.
This could be attributed to the increased robustness obtained
by quantizing the feature points into a coarser grid. The
improved reconstruction in the DFSFM refined is also evi-
dence of the improvement in performance attributed to fea-
ture track refinement.

Figure 4 shows an example pair from both these datasets
with features matched with ALIKED + LightGlue and
LoFTR

It is to be noted that except for the multi-temporal-temple
dataset, the two detector free methods perform comparably
on the remaining datasets, with the simple LoFTR method
even outperforming the DFSFM pipeline in the Church and
Lizard dataset by a small factor. Figure 6 shows the re-
constructions from DFSFM pipeline for all the remaining
datasets.

5.2. DBARF based pose refinement

DBARF assumes that all the images are obtained from a
single camera. The pond dataset seems to be a SLAM like
dataset obtained from a single vertical free moving camera.
No other non-transparent dataset satisfies the single cam-
era criterion. We only considered the pond dataset while
attempting to finetune DBARF. For pose refinement with
DBARF, we first used Hierarchical Localization [14] to pre-
pare the scene graph. Followed by this, with the initial
camera positions set to the output of ALIKED + LG (the
best performing model for this dataset), we attempted fine-
tuning the pretrained model. In figure 7, the loss function
values and the total absolute error on the rotation matrix
are plotted when the model was trained with a learning rate

of 1e-4 for the features network and 2e-4 for the MLP for
30000 steps. The pretrained model checkpoint was already
at 200000 steps. As can be seen, the model never began
converging. We attempted training with several different
LRs but with little success.

While it is possible that there is an error in my procedure,
it is also to be observed that the generalized NERF model
in DBARF was pretrained mainly on indoor scenes or on
scenes with fronto-parallel camera motion. The model was
validated with similar scenes as well. This might mean that
the pretrained model does not generalize well with other
outdoor data as seen in our case.

The DBARF model is complex and has a rather non-
sequential computational graph. It is also possible that the
finetuning of the model is sensitive to the hyperparameters.

6. Discussion

For the course project, we considered an end to end
pipeline for SfM and explored modules in which deep
learning methods can be utilized. The fact that several
other methods have already been proposed [28][24][20][21]
where a deep network attempts to directly regress on the
SfM outputs with limited success dissuaded me from pur-
suing a similar approach. Given the success of ”opti-
mizer” like networks such as NERF and RAFT from which
DBARF heavily borrows, we invested a lot of time into fine
tuning DBARF for our data with little success. I briefly
also tried BARF, although BARF was computationally too
expensive for the time frame of this project.

We briefly also tried formulating the sparse reconstruc-
tion optimization using pytorch with the hope of using
ADAM like optimizers to solve for bundle adjustment.
However I soon realized this was also a much more demand-
ing effort.

Finally, D2Net[4] is a feature detector that was specifi-
cally trained on the Aachen Day-Night dataset. Inorder to
use it in a way comparable to the other feature detectors, I
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(a) DFSFM : 13641 pts

(b) DISK + LightGlue : 16985 pts

Figure 3: Comparison of the Dioscuri reconstruction be-
tween DISK + LightGlue and DFSFM. It is to be noted that
this dataset had a lot of flipped and rotated images, which
affected the accuracy of matching with LoFTR and conse-
quently the DFSFM pipeline

also started training the LightGlue feature matcher using the
recently proposes Glue Factory[13]. However, at the time
of the deadline, the pretraining of the lightglue matcher with
D2Net was still ongoing with the homography dataset. The
training of the Megadepth dataset was yet to commence.

Given a longer time frame or a bigger frame, we might
have pivoted to the above project or would have pursued the
implementation of the PyTorch optimizer for sparse imple-
mentation with more confidence.

(a) ALIKED + LightGlue in Dioscuri dataset

(b) LoFTR in Dioscuri dataset

(c) ALIKED + LightGlue in Temple dataset

(d) LoFTR in the Temple dataset

Figure 4: Comparison of matched feature points using
ALIKED + LightGlue in two datasets with different pe-
culiarities. The Dioscuri dataset includes a lot of rota-
tions and flips of the image which seem to adversely af-
fect the number of inliers in the LoFTR match as com-
pared to the ALIKED + LightGlue matching. The tem-
ple dataset has images with temporal illumination changes.
The LoFTR based DFSFM method is twice as effective as
feature point + detector based methods although the direct
LoFTR method is much worse.

7. Conclusion

We explored the use of deep learning models in a mod-
ern SfM pipeline. We proposed the use of ”denser” mod-
els for a better reconstruction. With this inspiration, detec-
tor less methods that utilize semi-dense matches were ex-
plored. Further more DBARF, a bundle adjusting variant of
IBRNet, which is nerual rendering model was explored as a
final pose refinement optimizer with no success.
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(a) LoFTR : 48246 pts (b) DFSFM Coarse : 175195 pts (c) DFSFM Refined : 127183 pts

Figure 5: Comparison of the reconstruction of the two detector free methods for the Multi-temporal-temple-baalshamin
dataset. Note that the reconstruction accuracy is comparable between LoFTR and DFSFM in every other datasets, with
LoFTR even slightly outperforming in Church and Lizard Dataset. With the temple dataset however, LoFTR performs
poorly. It is useful to note that the temple dataset contains multi-temporal data, which possibly introduces a lot of outliers.
The pooling and downsampling of keypoints in DFSFM during the coarse step already seems to yield a better reconstruction
than the simple quantization of keypoints in LoFTR.

(a) Lizard : 238099 pts (b) Church : 267767 pts (c) Pond : 135937 pts

Figure 6: Sparse Reconstructions using the DFSFM pipeline
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