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Abstract— Despite the impressive results achieved by many
existing Structure from Motion (SfM) approaches, there is still
a need to improve the robustness, accuracy, and efficiency
on large-scale scenes with many outlier matches and sparse
view graphs. In this paper, we propose AdaSfM: a coarse-
to-fine adaptive SfM approach that is scalable to large-scale
and challenging datasets. Our approach first does a coarse
global SfM which improves the reliability of the view graph by
leveraging measurements from low-cost sensors such as Inertial
Measurement Units (IMUs) and wheel encoders. Subsequently,
the view graph is divided into sub-scenes that are refined in
parallel by a fine local incremental SfM regularised by the result
from the coarse global SfM to improve the camera registration
accuracy and alleviate scene drifts. Finally, our approach uses
a threshold-adaptive strategy to align all local reconstructions
to the coordinate frame of global SfM. Extensive experiments
on large-scale benchmark datasets show that our approach
achieves state-of-the-art accuracy and efficiency. [Project Page]

I. INTRODUCTION

Structure from Motion (SfM) is an important topic that
has been studied intensively over the past two decades. It
has wide applications in augmented reality and autonomous
driving for visual localization [1], [2], [3], and in multi-view
stereo [4], [5] and novel view synthesis [6] by providing
camera poses and optional sparse scene structures.

Despite the impressive results from many existing works,
SfM remains challenging in two aspects. The first challenge
is outlier feature matches caused by the diversity of scene
features, e.g. texture-less, self-similar, non-Lambertian, etc.
These diverse features impose challenges in sparse feature
extraction and matching which result in outliers that are detri-
mental to the subsequent reconstruction process. Incremental
SfM [7], [8] is notoriously known to suffer from drift due
to error accumulation, though is robust in handling outliers.
Global SfM methods [9], [10], [11] are proposed to handle
drift, but fail to solve the scale ambiguities [12] of camera
positions and are not robust to outliers [13], [14].

The second challenge is sparse view graphs from some
large-scale datasets. Incremental SfM is known to be ineffi-
cient on large-scale datasets. Several works [16], [17], [18],
[19] have been proposed to handle millions of images. These
are divide-and-conquer SfM methods that deal with very
large-scale datasets by grouping images into partitions. Each
partition is processed by a cluster of servers that concurrently
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Fig. 1. When combining with global SfM, our AdaSfM is more robust than
traditional incremental SfM (tested on the public 4Seasons dataset [15]).

circumvents the memory limitation. However, these methods
[16], [17], [18], [19] are often limited to internet datasets
or aerial images where the view graphs are very densely
connected. The dense connections in the view graph ensure
that there are sufficient constraints between the graph par-
titions. Nonetheless, divide-and-conquer methods often fail
in datasets with weak associations between images for local
reconstruction alignments or lack of visual constraints for
stable camera registration. An example of such a dataset
is autonomous self-driving cars where the interval between
consecutive images can be large.

In view of the challenges from the outlier feature matches
and sparse view graphs on the existing SfM approaches,
we propose AdaSfM: a coarse-to-fine adaptive SfM pipeline
to enhance the robustness of SfM in dealing with large-
scale challenging scenes. Specifically, we first solve the
global SfM at a coarse scale, and then the result of the
global SfM is used to enhance the scalability of the local
incremental reconstruction. Both the scale ambiguities and
outlier ratio in global SfM can be significantly reduced
by incorporating measurements from the IMU and wheel
encoder, which are often available in mobile devices or
autonomous self-driving cars. We preintegrate [20] the IMU
measurements to get the relative poses of consecutive frames
Pt = {Pt0 ,Pt1 , · · · }, and use the measurements from
the wheel encoder to constrain scale drifts of the IMU
preintegration [21]. We then replace the relative poses of the
consecutive frames in the view graph formed by two-view
geometry [22], [8] with Pt estimated by the IMU and wheel
encoder. This augmented view graph is then used to estimate
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Fig. 2. The pipeline of our proposed SfM method. Our method takes images and measurements from low-cost sensors as inputs. The view graph is
built after feature matching and refined by the result of global SfM. The absolute poses from the global SfM are used as priors in the subsequent local
SfM process. The final reconstruction result is merged into the global SfM reference frame.

the global poses. Consequently, we obtain a coarse scene
structure and camera poses, where the latter can be used
to filter wrong feature matches. Since that, we partition the
view graph with the existing graph cut method [23] and then
extend the sub-graphs with a novel adaptive flood-fill method
to enhance the constraints of separators [24]. We define
separators as images that connect different sub-graphs. For
each local SfM, the poses from the global SfM are used for
camera registration and to constrain the global refinement of
3D points and camera poses. Finally, we design an adaptive
global alignment strategy to merge local reconstructions with
the coordinate frame of the global SfM set as the reference
frame. We illustrate the pipeline of our method in Fig. 2.

We evaluate our method extensively on large-scale chal-
lenging scenes. Experimental results show that our AdaSfM
is adaptive to different scene structures. Furthermore, we
achieve better robustness and comparable efficiency in com-
parison to existing state-of-the-art SfM methods.

II. RELATED WORK

Incremental SfM. Agarwal et al. [7] apply preconditioned
conjugate gradient [25] to accelerate large-scale BA [26].
The drift problem is alleviated in [27] with a re-triangulation
(RT) step before global BA. Schönberger and Frahm [8]
augment the view graph by estimating multiple geometric
models in geometric verification and improve the image
registration robustness with next best view selection. In
addition to the RT before BA [27], RT is also performed
after BA in [8]. To reduce the time complexity of repetitive
image registration, Cui et al [28] select a batch of images
for registration, and select a subset of good tracks for BA.
Global SfM. The simplest configuration of a global SfM
method only requires 1) estimating the global rotations by
rotation averaging (RA), 2) obtaining the global positions
by TA, and 3) triangulating 3D points and performing a
final global BA. Govindu [29] represents rotations by lie-
algebra, and global rotations and global positions are es-
timated simultaneously. Chatterjee and Govindu [30], [31]
improve the rotation estimation of [29] by a robust l1
initialization followed by a refinement of the rotations with
iteratively reweighted least-squares (IRLS) [32]. To solve the
TA problem, Wilson et al [33] project relative translations
onto the 1D space to identify outliers. Relative translations
that are inconsistent with the translation directions that have

the highest consensus are removed. A nonlinear least-squares
problem is then solved to get the global positions. Goldstein
et al. [34] relax the scale constraints of [33] to linear
scale factors, and the convex linear programming problem is
solved by ADMM [35]. Özyesil and Singer [12] utilize the
parallel rigidity theory to select the images where positions
can be estimated uniquely and solved as a constrained
quadratic programming problem. By minimizing the sin θ
between two relative translations, Zhuang et al. [36] improve
the insensitivity to narrow baselines of TA. The robustness of
TA is also improved in [36] by incorporating global rotations.
Hybrid SfM. Cui et al. [37] obtain orientations by RA
and then register camera centers incrementally with the
perspective-2-point (P2P) algorithm. Bhomick et al. [16]
propose to divide the scene graph, where the graph is built
from the similarity scores between images. Feature matching
and local SfM can then be executed in parallel and local
reconstructions are merged [16]. Zhu et al. [18], [19] adopt
a similar strategy to divide the scene and the graph is
constructed after feature matching. The relative poses are
collected after merging all local incremental reconstruction
results. The outliers are filtered during local reconstruction,
global rotations are fixed by RA, and camera centers are reg-
istered with TA at the cluster level. Based on [18], Chen et al.
[17] find the minimum spanning tree (MST) to solve the final
merging step. The MST is constructed at the cluster level,
and the most accurate similarity transformations between
clusters are given by the MST. Locher et al. [38] filtered
wrong epipolar geometries by RA before applying the divide-
and-conquer method [18]. Jiang et al. [39] use a visual-
inertial navigation system (VINS) [40] to first estimate
the camera trajectories with loop detection and loop closure
[41]. Images are then divided into sequences according to
timestamps. However, [39] requires two carefully designed
systems: one for VINS with loop detection and the other for
SfM. Loop detection is also a challenge in real-world scenes.

III. NOTATIONS

We denote the absolute camera poses as P = {Pi =
[Ri|ti]}, where Ri, ti are the rotation and translation of the
i-th image, respectively. The absolute camera poses project
3D points X = {Xk} from the world frame to the camera
frame. The camera centers are denoted by {Ci}. The relative
pose from image i to image j are denoted as Pij = [Rij |tij ],
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where Rij , tij are the relative rotations and translations,
respectively. We define the view graph as G = {V, E}, where
V denotes the collection of images and E denotes the two
view geometries, i.e. the relative poses and inlier matches
between the image pairs. For two rotations Ri,Rj , we use
log(Ri,Rj) = log(RjR

⊤
i ) to denote the angular error and

∥Ri − Rj∥F to denote the chordal distance. Additionally,
the keypoints and the normalized keypoints after applying
the intrinsic matrix K are denoted by u and û, respectively.

IV. COARSE GLOBAL TO FINE INCREMENTAL SFM

In this section, we introduce our method in detail. In
Sec. IV-A, we introduce our global SfM that can effectively
cope with outliers in challenging scenes. A refinement step
is also introduced to remove outlier matches after global
SfM. In Sec. IV-B, we describe our parallel incremental SfM
approach that utilizes the results from coarse global SfM to
mitigate the problems from sparse view graphs.

A. Coarse Global SfM
We first obtain the absolute rotations Ri by solving the

rotation averaging problem:

  \label {equ:rotation_averaging} \argmin _{\{ \hat {\mathbf {R}}_i \}}\ \sum _{i \in \mathcal {V}, \atop (i,j) \in \mathcal {E}} d (\hat {\mathbf {R}}_j \hat {\mathbf {R}}_i^\top , \mathbf {R}_{ij}), 










  (1)

where R̂i denotes the absolute poses obtained by rotation
averaging, and d(·) = ∥ · ∥F denotes the chordal distance.
Eq. (1) can be solved robustly and efficiently by [42]. We
then obtain the absolute camera positions by solving the
translation averaging problem. However, existing translation
averaging methods often fail to recover the camera positions
under challenging scenes due to two main factors: 1) The
high ratio of outliers in the relative translations. 2) The
view graph is solvable only when the parallel rigid graph
condition [12] is satisfied. To alleviate the first problem, we
first remove the erroneous matching pairs by checking the
discrepancy of relative rotations: log(R⊤

ijR̂jR̂
⊤
i ) > ϵR, and

then the relative translations [12] are refined in parallel by:

  \argmin _{\mathbf {t}_{ij}}\
\| \hat {\mathbf {u}}'^{\top } ([\mathbf {t}_{ij}]_{\times } (\hat {\mathbf {R}}_j \hat {\mathbf {R}}_i^\top )) \hat {\mathbf {u}} \|, \quad \text {s.t.}\quad \|\mathbf {t}_{ij}\|=1. 


 


      (2)

We do not extract the rigid parallel graph [12] to solve the
scale ambiguities since it is time-consuming to solve poly-
nomial equations. Furthermore, the state-of-the-art method
to establish the solvability of a view graph is only limited
to 90 nodes [43]. We improve the solvability of the view
graph by augmenting the relative translations in Pt of the
consecutive frames from the IMU and wheel encoder. We
do not augment the relative rotations because they are more
accurate from the image-based two-view geometry. Note that
errors can accumulate increasingly in the augmented relative
poses during the motion of the devices due to the bias of
the accelerometers and gyroscopes in the IMU, and drifts in
the wheel encoder caused by friction and wheel slippages.
To circumvent this problem, we only use the relative poses
where the time difference is below a threshold ϵT .

Since we obtained the augmented view graph Gaug =
{V, Eaug}, the rigidity of the original view graph is aug-
mented and the scale ambiguities of some images can be

eliminated. We can then further solve the translation averag-
ing problem below:

  \label {equ:aug_translation_averaging} \argmin _{\substack {\hat {\mathbf {C}}_i, i \in \mathcal {V}; \atop ~s_{ij}, (i,j) \in \mathcal {E}_{\text {aug}}}} &\sum _{(i,j) \in \mathcal {E}_{\text {aug}}} \| s_{ij}(\hat {\mathbf {C}}_i - \hat {\mathbf {C}}_j) - \mathbf {R}_j^{\top } \mathbf {t}_{ij} \|, \\ \nonumber \text {s.t.}\qquad & s_{ij} \geq 0, \quad \forall (i,j) \in \mathcal {E}_{\text {aug}}; \quad \sum _{i \in \mathcal {V}} \hat {\mathbf {C}}_i = 0.







  
 

      



 

(3) can be solved efficiently and robustly under the l1-
norm by collecting all the constraints. Note all the relative
translations are normalized in Eaug. The right of Fig. 3 shows
our global SfM result by solving (3).

After translation averaging, we triangulate the 3D points
and perform an iterative global bundle adjustment to refine
camera poses. It is worth mentioning that, global SfM can
generate more tracks than incremental SfM, as its camera
poses are less accurate and thus it fails to merge some tracks
that are physically the same. Besides, according to [28],
tracks are redundant for optimisation. Therefore, we can
reduce the computation and memory burden with fewer
tracks. Though a well-designed algorithm may help with
the selection of tracks, we simply create tracks with a
stricter threshold: only when the angle between the two rays
respectively go through the 3D point and the two camera
centers are larger than 5 degrees, it is deemed as a valid
track. Note that for numerical stability during optimization,
the coordinates are normalized after each iteration.

Fig. 3. Comparison of global SfM results. Results from [12] (left) and
Eq. (3) (right). Red and black colors respectively denote vehicle trajectories
and sparse point clouds.

1) Matches Refinement: The correct camera poses recov-
ered by our global SfM with the relative poses from the
low-cost sensors to eliminate the wrong two-view geometry
estimates can be further utilized to filter out wrong image
feature matches. For a calibrated camera with known intrin-
sics, we can recover the essential matrix between images i
and j from Ê = [t̂ij ]×R̂ij with the absolute rotations R̂i and
translations t̂i computed from rotation and translation aver-
aging. (t̂ij , R̂ij) are computed from (R̂i, R̂j) and (t̂i, t̂j).
The true matches û′ ↔ û must satisfy the check on the total
point-to-epipolar line distance [22] over the two views, i.e.

  \label {equ:epipolar_geometry_constraint} d_{\bot }(\hat {\mathbf {u}}, \mathbf {E}\hat {\mathbf {u}}') + d_{\bot }(\hat {\mathbf {u}}', \mathbf {E}\hat {\mathbf {u}}) \leq \epsilon _{M}.  
    (4)

d⊥(x, l) gives the shortest distance between a point x and
a line l. The epipolar lines on the two images are given by
l = Eû′ and l′ = Eû. ϵM is the threshold for the check.

The effectiveness of global SfM to filter wrong matches
can be seen in Fig. 7. We build a pseudo ground truth by
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COLMAP [8] to evaluate the accuracy of the global SfM.
The ratio test is performed after NN by default. Fig. 4 shows
the inlier ratio distribution after NN+RANSAC and matches
refinement with relative poses obtained from global SfM
and incremental SfM, respectively. Table. I gives the relative
pose estimation AUC of NN+RANSAC and global SfM with
respect to incremental SfM. It can be seen that our coarse
global SfM can obtain comparable accuracy to COLMAP [8]
in the refinement of the matches.

Fig. 4. Inlier ratio distribution of NN+RANSAC, global SfM and
incremental SfM (ground truth) on the 711 (left) and B6 (right) datasets.

AUC
NN+RANSAC Global SfM NN+RANSAC Global SfM

R t R t R t R t

@0.1◦ 1.52 0.01 6.67 0.02 2.14 0.01 8.41 0.09
@0.5◦ 14.74 0.25 44.87 0.48 21.47 0.36 44.14 1.96
@1.0◦ 28.92 0.96 64.15 1.80 40.99 1.40 64.48 6.48
@3.0◦ 55.75 5.85 84.76 9.60 68.08 9.18 86.89 24.00
@5.0◦ 68.27 10.94 90.34 17.71 77.39 17.58 92.06 35.41

@10.0◦ 81.71 20.21 94.99 33.03 86.81 32.46 96.01 51.07
@20.0◦ 90.29 29.97 97.48 49.87 92.90 46.95 98.00 64.65

TABLE I
RELATIVE POSE ESTIMATION AUC OF NN+RANSAC AND GLOBAL

SFM WITH RESPECT TO INCREMENTAL SFM ON THE B6 (COLUMN 2-5)
AND 711 (COLUMN 6-9) DATASETS.

B. Finer Parallel Incremental SfM

Although we have obtained the absolute camera poses by
global SfM, these coarse poses are not accurate enough for
localization. To improve the accuracy, we propose to refine
the camera poses and scene structure with the divide-and-
conquer incremental SfM.

1) Adaptive Graph Partition: Existing approaches [18],
[17] used a cut-and-expand schema to create overlapping
areas between partitions. However, these approaches have
two main drawbacks: : 1) The overlapping areas are not
enough for final merging when the view graph becomes too
sparse. This can be seen from Fig. 5(a). Edges (3, 20), (7,
9), (8, 9), (8, 20), (16, 19), (17, 18) are collected after the
graph cut, and then the images on these edges are added
as separators of the partitions. In Fig. 5(a), only images
{3, 7, 8, 9, 16, 17, 18, 19, 20} can be used to create the over-
lapping areas (Fig. 5(b)). However, these separator images
are insufficient to compute the similarity transformations for
merging all local reconstructions due to the sparsity of the
view graph. 2) Graph cut tends to separate partitions along

edges with weak associations. This means the separators are
often weakly constrained during reconstruction and thus their
poses might not be accurate enough during reconstruction.

We propose a flood-fill graph partition algorithm to over-
come the above-mentioned disadvantages. We refer to the
added nodes in each cluster after an expansion operation as
a layer. The separators are collected to form a layer after
the graph cut on the complete view graph. Fig. 5(a) shows
examples of the separators marked green. We have separators
S1 = {{3, 7, 8}, {9, 16, 17}, {18, 19, 20}} in the first layer.
We then collect all the adjacent images of every separator
for each partition. We find one adjacent image that does
not belong to partition k, and add it to the second layer
of separators S2 in partition k. Adjacent images are sorted
in descending order according to the weights of the edges,
i.e. the number of inlier matches. Fig. 5(b) shows that the
separators S2 = {{9, 20}, {8, 18}, {8, 16}} at the second
layer after traversing all separators in S1. The expansion step
is repeated until the number of overlapping images reaches
the overlapping threshold τot (e.g. 30%).Fig. 5(c) shows the
separators S3 at the third layer.

2) Local Incremental SfM: We perform incremental SfM
in parallel after graph partitioning. For local incremental
SfM, we utilize the result of global SfM P̂global to improve
the robustness of the image registration step, and to further
constrain the camera poses during global optimization.

a) Image Registration: We follow [8] for the two-view
initialization. We then select a batch of the next-best images
to register, where any image that sees at least vp scene points
are put into one batch and sorted in descending order. For
each candidate image i, we first use the P3P [44] to compute
the initial pose Pp3p

i . However, images can be registered
wrongly due to wrong matches or scene degeneration. We
propose to also compute the image pose Pgb

i = [Rgb
i | tgb

i ]
using P̂global. We first collect the set of registered images that
are co-visible to image i, and then the rotation of image i
can be computed by a single rotation averaging [45]:
  \argmin _{\mathbf {R}_{i}^{\text {gb}}} & \sum _{k} \| \log (\hat {\mathbf {R}}_{ki} \mathbf {R}_k, \mathbf {R}_{i}^{\text {gb}}) \|, \quad \text {where} \quad \hat {\mathbf {R}}_{ki} = \hat {\mathbf {R}}_i \hat {\mathbf {R}}_k^\top ,








 

    


  (5)

where k is the index of images that are co-visible to image
i. For image translation, we first compute the translation
of image i by each co-visible image and simply adopt the
median of each dimension in translations tgb

i :
  & \mathbf {t}_{i}^{\text {gb}} = \text {median} \{ \hat {\mathbf {t}}_{ki} + \hat {\mathbf {R}}_{ki} \mathbf {t}_k \}, \quad \text {where} \quad \hat {\mathbf {t}}_{ki} = \hat {\mathbf {t}}_i - \hat {\mathbf {R}}_{ki} \hat {\mathbf {t}}_k.
           (6)

To select the best initial pose, we reproject all visible 3D
points of image i to compute the reprojection errors and mark
the 3D point with the reprojection error less than 8px as an
inlier. Finally, we select the pose which has the most inliers.

b) Bundle Adjustment: To alleviate the drift problem
for local incremental SfM, we perform global optimization
using the classical bundle adjustment with the absolute
poses obtained from global SfM as the supervision for the
incrementally registered poses, i.e.

  \argmin _{ \mathbf {R}, \mathbf {C}, \mathbf {X}} & \Big \{ \sum _i \sum _k \| \mathbf {\Pi } (\mathbf {R}_i, \mathbf {C}_i, \mathbf {X}_k) - \mathbf {u}_{ik} \| ~~~+ \\ \nonumber & \sum _{(i, j) \in \mathcal {E}_{\text {aug}}} \Big ( \| \log (\mathbf {R}_{ij}, \hat {\mathbf {R}}_{ij} \| + d_{\angle } (\mathbf {t}_{ij}, \hat {\mathbf {t}}_{ij}) \Big ) \Big \},
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(a) Initial graph cut. (b) The 1st graph expansion. (c) The 2nd graph expansion.

Fig. 5. Pipeline of adaptive flood-fill graph partition. In the view graph, nodes are denoted by blue circles, edges are denoted by blue solid lines.
Separators are marked by green circles.

Fig. 6. Vehicle trajectories of different threshold trials when merging sub-reconstructions. The last figure is obtained by our method which starts
from an initial inlier threshold τinit. Others are the results of using a fixed threshold during the alignment to merge all local reconstructions.

where Π(·) reprojects a 3D point back to the image plane,
d∠(·) denotes the angle between two vectors. Note that we do
not make the hard constraint to force the translation part of
P̂−1

ij Pij to be a zero-vector. Instead, we use d∠(tij , t̂ij) =

d∠(Ci−Cj , Ĉi−Ĉj) to constrain the translation direction of
camera poses. This is because the absolute positions obtained
from global SfM are not sufficiently accurate.

3) Adaptive Global Alignment: The global alignment step
is crucial for the divide-and-conquer SfM since a wrong
similarity transformation can cause catastrophic failure of
the reconstruction. The difficulties in estimating a reliable
similarity transformation are due to 1) The existence of
outliers in registered camera poses. Although the outliers can
be identified by RANSAC [46], the threshold that indicates
outliers is hard to determine. This is due to the loss of the
absolute scale of the real world in SfM without additional
information such as GPS. It indicates that the optimal outlier
threshold varies for each cluster. 2) The estimated similarity
transformation can overfit wrongly with insufficient sample
points. Existing divide-and-conquer methods [16], [18],
[19], [47], [17] suffer from the two issues because the
similarity transformations can only be estimated from the
overlapping areas between the pairwise local partitions.

To tackle the first issue, we propose an adaptive strategy
to determine the inlier threshold τinlier. Given an initial inlier
threshold τinit, we first estimate the similarity transformation
by RANSAC [46]. We then compute the inlier ratio rinlier and
increase the inlier threshold if rinlier < rmin. Furthermore,
we decrease the threshold if rinlier ≥ rmax to prevent the
threshold from becoming too large. A large threshold allows
more outliers to be falsely selected and thus harming the
similarity transformation estimation. The second issue can be
solved easily within our framework. We set the coordinate
frame of the global SfM as the reference frame, and align

each local SfM into the reference frame. Therefore, for each
partition, we can have as many sample points as the number
of common registered images between a global SfM and a
local partition to compute the similarity transformation. We
also show the effectiveness of the algorithm to merge local
reconstructions in Fig. 6. When zooming in, we can observe
that our adaptive strategy perfectly closed the loop while
other fixed threshold trials failed.

V. EXPERIMENTAL RESULTS

In this section, we perform extensive experiments to
demonstrate the accuracy, efficiency, and robustness of our
proposed methods.
A. Implementation Details

We use HFNet [48] as the default feature extractor and
use the NN search for matching. A maximum of 500 feature
points are extracted from each image and matched to the top
30 most similar images based on the global descriptors from
HFNet. We assume cameras are pre-calibrated and use the
ceres-solver [49] for bundle adjustment. We did not compare
our method against [39], as VINs [40] fails to find the right
loops in our datasets. All methods are run on the same
computer with 40 CPU cores and 96 GB RAM.

Evaluation Datasets: We evaluate our method on our self-
collected outdoor datasets and the 4seasons [15] datasets.
Our self-collected datasets are collected by low-speed au-
tonomous mowers, of which the running environments have
many plants and texture-less areas. The 4seasons dataset is
a cross-season dataset that includes multi-sensor data such
as IMU, GNSS, and stereo images. It also provides camera
poses computed by VI-Stereo-DSO [50], [51] and ground-
truth camera poses by fusing multi-sensor data into a SLAM
system. See our attached video for a more qualitative and
quantitative evaluation of the 4Seasons dataset.
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Fig. 7. Vehicle trajectories after match refinement on B6 dataset. In Fig.(a) and Fig.(b), the visual results are respectively reconstructed without (left)
and with (right) match refinement in each sub-figure. Fig.(c) shows some of the wrong matching pairs that are filtered by our method.

Dataset N
COLMAP [8] GraphSfM [17] Ours(Global SfM) Ours(Global+Inc.)

Nc Np L̄ RMSE T Nc Np L̄ RMSE T Nc Np L̄ T Nc Np L̄ RMSE T

high free 48,753 48,733 567,030 21.59 1.47 597,171 48,491 540,711 22.73 1.38 88,896 (×6.7 ↑) 48,758 521,080 14.51 5,177 48,694 540,942 22.79 1.66 105,163 (×5.7 ↑)
711 29,619 27,175 303,352 25.35 1.64 160,322 29,618 259,292 33.37 1.46 33,514 (×4.8 ↑) 29,629 249,673 18.86 3,499 29,619 256,495 33.79 1.61 38,682 (×4.1 ↑)
yht 7,472 7,470 90,437 20.81 1.16 20,428 6,709 78,659 20.58 1.17 7,526 (×2.7 ↑) 7,472 132,167 13.67 524 7,472 108,711 17.35 1.43 9,778 (×2.1 ↑)
A4 5,184 5,132 33,694 41.92 1.69 18,104 4,285 28,726 49.79 1.55 12,670 (×1.4 ↑) 5,184 24,193 26.59 1,349 5,184 34,007 48.30 1.43 6,924 (×2.6 ↑)

Htbd 14,651 14,645 231,870 24.62 1.30 56,888 14,645 232,441 24.25 1.37 17,187 (×3.3 ↑) 14,646 190,904 23.47 1,523 14,646 238,035 23.76 1.36 16,852 (×3.4 ↑)
jy1 32,484 32,463 534,117 20.57 1.44 346,161 32,466 536,331 20.18 1.52 28,673 (×12.1 ↑) 32,484 463052 16.12 3,077 32,466 621,437 17.77 1.53 33,555 (×10.3 ↑)

TABLE II
COMPARISON OF RUNTIME AND ACCURACY ON REAL-WORLD DATASETS. FOR RUNTIME T (SECONDS), THE FIRST, SECOND AND THIRD THE BEST

RESULTS ARE HIGHLIGHTED IN COLOR. Nc, Np DENOTE THE NUMBER OF REGISTERED IMAGES AND 3D POINTS, RESPECTIVELY, L̄ DENOTES THE

AVERAGE TRACK LENGTH , AND RMSE DENOTES THE ROOT MEAN SQUARE ERROR IN PIXEL.

Running Parameters: Empirically, we use the time
threshold ϵT = 500 ms to adopt the fused relative poses
in Gaug, and ϵR = 5 degree to check to relative rotation
discrepancy. The point-to-epipolar line distance is ϵM =
4 px. Besides, we set the overlapping ratio τot = 0.3 in
the graph partition, vp = 10 for an image to be a candidate
to register, and rmin = 0.7, rmax = 0.9, τinit = 1.0, αinc =
0.2, αdec = 0.1 in global alignment.
B. How Matching Refinement Saves SfM?

In addition to running our experiments on HFNet, we
also do evaluations on different trials. We first show the
reconstruction results conducted on a challenging scene in
Fig. 7, which is difficult for visual methods to identify the
wrong feature matches due to specular issues.

We use two different combinations of methods for feature
extraction and matching in each scene. In the first combi-
nation, we use HFNet [48] for feature extraction and NN
search for feature matching. In the second combination, we
use Superpoint [52] for feature extraction and Superglue [53]
for feature matching. Both settings use RANSAC [46] to
remove matching outliers that do not satisfy the point-to-
epipolar line constraint. In each sub-figure, the left and right
images are the results without and with matching refinement,
respectively. It can be seen that for HFNet + NN, while both
methods fail to reconstruct the two datasets, the result after
our result is visually better than without matches refinement.
For Superpoint + Superglue, the state-of-the-art methods
respectively on feature extraction and matching, also fails
on the dataset without refining matches. In contrast, our
method can correctly identify the wrong matching pairs and
then leverage the refined matchings to greatly improve the
reconstruction quality for both settings.
C. Qualitative Evaluation on Real-World Datasets

We evaluated our full pipeline on several outdoor datasets.
We use the registered images number Nc, the recovered 3D
points Np, the average track length L̄, and the root mean

square error (RMSE) to evaluate the qualitative accuracy. As
shown in Table. II, our method shows the most number of
registered images in almost all the datasets, while [17] shows
the least number of registered images. In terms of efficiency,
our method is moderately slower than GraphSfM [17] in
most datasets since our method requires an additional global
SfM reconstruction step. Interestingly, GraphSfM [17] is
almost 1× slower than our method on the A4 dataset. We
conjecture that it is due to the frequent failure of GraphSfM
in selecting suitable images to register and therefore more
trials are required to register as many images as possible.
On the other hand, our method is robust enough to deal with
the case since we get the initial poses of the images from
P3P or global SfM. Our explanation is validated in Table. II
where GraphSfM [17] recovers only 4,235 poses out of 5,184
images, which is almost 20% less than our method. We can
further notice that the average track length of global SfM is
remarkably shorter than other methods, which means poses
from global SfM are not accurate.

VI. CONCLUSION

In this paper, we proposed a robust SfM method that
is adaptive to scenes in different scales and environments.
Integrating data from low-cost sensors, our initial global
SfM can benefit from the augmented view graph, where the
solvability of the original view graph is enhanced. The global
SfM result is used as a reliable pose prior to improve the
robustness of the subsequent local incremental SfM and the
final global alignment steps. Comprehensive experiments on
different challenging scenes demonstrated the robustness and
adaptivity of our method, whilst taking more computation
burden with an additional global SfM step.
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