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Abstract—Accurate metric recovery of 3D structure from im-
age sequences is essential for autonomous navigation, augmented
reality, and heritage digitization. In this research, we provide
Orivix, an end-to-end Structure from Motion (SfM) solution for
CPU deployment that focuses on two chronic failure mechanisms
of incremental pipelines: pose degradation caused by descriptor
clashes in scenes with repetitive textures and metric scale drift.
A scale-anchored seed initialization module fixes an immutable
global coordinate frame, stops the accumulation of drift across
future registrations, and chooses the image pair with the high-
est count of geometrically confirmed inliers. Then, using pre-
validated feature-identity chains stored in a bipartite observation
graph, a Graph-Guided Correspondence Tracker resolves all 2D-
to-3D matches, making descriptor collisions structurally impos-
sible and enabling O(1) correspondence lookup. Levenberg—
Marquardt sparse bundle adjustment, FLANN-accelerated SIFT
with Lowe ratio test filtering, Essential Matrix estimation via
RANSAC, Direct Linear Transform triangulation with bidi-
rectional reprojection gating, Open3D-based statistical outlier
removal, optional Line Segment Detector fusion, and complete
compatibility with COLMAP file formats are additional features
that enhance the framework. Orivix successfully registers 11
cameras on a difficult outdoor architectural facade dataset (a
complex heritage fountain with symmetric statuary and dense
brick patterns), reconstructs 7,471 3D points from an initial seed
of 1,896 points with an 89.1% conversion rate, and maintains
a mean reprojection error under 2.5 px—a 69% improvement
over a KD-tree-based descriptor baseline on the same sequence.

Index Terms—Structure from Motion, Scale Anchoring,
Graph-Based Tracking, Bundle Adjustment, Epipolar Geometry,
SIFT, Open3D, COLMAP Interoperability, 3D Point Cloud,
Incremental SfM

|. INTRODUCTION

Three-dimensional spatial reconstruction from monocular
imagery underpins autonomous navigation [2], augmented
reality [4], and cultural heritage preservation [8]. Structure
from Motion (SfM) simultaneously recovers camera motion
and scene geometry from overlapping photographs, making it
indispensable across all these domains.

Incremental SfM registers cameras one at a time and tri-
angulates new points after each step. Its weakness is error

compounding: a subtly wrong early pose biases every subse-
quent triangulation, gradually warping the coordinate space—
the banana distortion effect [5]. A second failure mode occurs
when Perspective-n-Point registration queries SIFT descriptors
against a growing point cloud: in scenes with repeated textures
or bilateral symmetry, multiple cloud points respond nearly
identically, injecting corrupted poses that RANSAC cannot
always reject.

A single CPU-only Python pipeline, Orivix removes both

failure scenarios. Its four contributions are as follows:

1) Scale-anchored seed initialization provides a permanent
metric reference that stops downstream drift by commit-
ting the global coordinate frame to the best-supported
image pair.

2) Graph-Guided Correspondence Tracker prevents de-
scriptor collisions after the initial matching phase by
resolving 2D-to-3D matching via pre-verified identity
chains at O(1) cost.

3) Hybrid point-and-line mode activates the Line Segment
Detector when textureless regions cannot be covered by
point features alone.

4) COLMAP-compatible output serializes color-attributed
sparse PLY, quaternion extrinsics, and intrinsics for
direct downstream use by neural rendering tools and
MVS.

Il. RELATED WORK

Incremental SfM. Longuet-Higgins [1] and Hartley and
Zisserman [2] laid the theoretical groundwork for multi-
view reconstruction. Internet-scale SfM was demonstrated by
Snavely et al. [4] using SIFT matching and iterative bundle
adjustment; COLMAP [5] expanded this with loop closure,
guided retrieval, and local bundle adjustment to become the
current benchmark. By estimating all rotations simultaneously
from a view graph, Global SfM [7] prevents sequential drift;
Orivix adopts this rigidity philosophy while maintaining se-
quential processing order for streaming compatibility.

Features and Matching. Scale and rotation invariance
are provided by SIFT [10], while a lighter binary option is
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provided by ORB [11]. SuperPoint [14] and SuperGlue [15],
two deep learned descriptors, perform well in low-texture
settings but necessitate GPU inference, which runs counter
to Orivix’s CPU-only goal. RANSAC [12] and FLANN [13]
approximation KD-trees offer robust geometric verification
and tractable high-volume matching, respectively.

Line features and optimization. The Line Segment De-
tector [16] extracts stable geometric edges on planar surfaces
where SIFT fails; hybrid pipelines [17] fold line residuals into
bundle adjustment for improved completeness in architectural
scenes. Bundle adjustment [3] minimises total reprojection
error via Levenberg—Marquardt [18], [19]; Open3D [22] pro-
vides the interactive viewer and statistical outlier removal [23]
used for post-processing.

IlIl. SYSTEM ARCHITECTURE

Orivix is organized into four functionally independent tiers
(Fig. 1), allowing any single component to be upgraded
without disturbing the others.

Tier 1 (GUI). A tkinter graphical panel ex-
poses all hyperparameters across Basic and Advanced
tabs (Table 1) with context-sensitive tooltips. A back-
ground threading.Thread daemon runs the full re-
construction independently of the Ul event loop, while a
TextRedirector streams live stdout to a dark-themed
console.

TABLE I: Pipeline Hyperparameters and Defaults

Stage Parameter Default
Feature Ext—Tom_features 5,000~
Matching ratio_thresh 0.75
Geo. Verify  ransac thresh 5.0 px
Pair Accept. min matches 20
Pair Accept. min inliers 10
Camera Reg. min pnp matches 15
CameraReg. pnp reproj error 8.0px
CameraReg. min pnp inliers 8
Bundle Adj. ba iter 10

Tier 2 (Mathematical Engine). The sfm/ package
contains the Camera intrinsic model, SIFTExtractor,
FeatureMatcher (FLANN + RANSAC), and the
IncrementalSfM registration loop. When not user-
supplied, focal length is estimated as f = 1.2 x max(H, W),
consistent with the COLMAP auto-focal convention [5].

Tier 3 (Line Subsystem). When hybrid mode is enabled,
extract lines calls the OpenCV LSD detector on each
greyscale frame. compute line descriptors samples
SIFT descriptors at uniform intervals along each segment
and averages them into a 128-dimensional line signature.
LineMatcher establishes correspondences via point homog-
raphy estimation, perspective warping, Lucas-Kanade optical
flow tracking, and geometric distance scoring. Matched pairs
are triangulated in triangulate line via DLT followed
by SVD-based 3D line direction fitting.

Tier 4 (Visualization and Export). After bundle
adjustment, Open3D statistical outlier removal
(nb_neighbors= 20, std ratio= 2.0) cleans the
cloud before it is passed to the interactive viewer. The viewer
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constructs a coloured PointCloud, adds coordinate frame
meshes at each camera centre Gi = —Ryti, and launches
o3d.visualization.draw (WebRTC-based GUI),
falling back t0 draw geometries with editing on
older installations. A background Matplotlib utility saves a
static archival snapshot automatically. The export sub-module
writes COLMAP-format cameras.txt, images.txt,
and sparse.ply.

IV. MATHEMATICAL FORMULATION
A. Notation and Camera Model

Bold lowercase vectors (x, t), bold uppercase matrices
(R, K), homogeneous tilde notation X =[xXVv z 1],
skew-symmetric [v]x, and perspective division P(-) are used
throughout. The pinhole intrinsic matrix is:

. f 0 CX.
K='0 f o 1)
0 0 1
A 3D point X projects to image pixel (u, v) via Alu, v, 1]7 =
KIR|t]1X, A>0.

B. Feature Extraction

cv2.SIFT create creates a Difference-of-Gaussians
(DoG) scale space after converting each frame to greyscale:

@)

Keypoints are local extrema of D across scale and position,
sub-pixel localized by fitting a 3D quadratic:

op ' ap ®)
ox? X

D(x,y,0) = G(x,y, ko) — G(x,y,0) *I(x,y)

X =-

Low-contrast (]D| < 0.03) and edge-aligned (curvature ratio
> 10) responses are rejected. Each surviving keypoint receives
a 128-dimensional gradient orientation histogram descriptor.

C. FLANN Matching and Lowe Ratio Filter

A FLANN KD-tree index (t rees=5) is built per image.
Descriptor d; is accepted only when:
(1)
lldi — dj ll2
— ) <% =075 4
Iid; — d?1l,
This eliminates matches that have two likely targets, which is
a prerequisite for a descriptor collision. On the test sequence,
the filter eliminates = 45% of raw matches.

D. Epipolar Verification

For calibrated normalized coordinates x1, x> the Essential
Matrix constraint is:

XJEx1 =0, E = [t]xR 5)

The cv2.findFundamentalMat (FM_RANSAC) func-
tion estimates £ and selects only inliers within a specified
pixel threshold. Cheirality disambiguates the decomposition
E — (R, t). Verified pairs are kept in match graph, which
is keyed by (i, j), i <.
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Fig. 1: Orivix pipeline. Blue: scale-anchored init. Green: iterative registration loop. Orange: visualization, export, and archival

output.

E. Scale-Anchored Seed Initialization
The seed pair is selected as:

©)

(i*, j*) = arg max |inliers(i, j)|
(L))EG

maximizing both baseline-to-depth ratio and triangulation ac-
curacy. Reference camera P1 = K[/ | 0]; second camera
P>=K[R | t] from cv2.findEssentialMat (RANSAC,
p = 0.999, threshold = 1.0 px) and cv2.recoverPose.
Each correspondence is triangulated via the Direct Linear
Transform:

ulPB] P[1]
- -vPlB]—P[z]-
AX =0, A=-"""15 T ()
U2 Pz P2 '
Bl _ pl2
voP,™ = Py

Solution X is the smallest-singular-value right vector of A.
Every candidate must pass the bidirectional reprojection gate:

ex = ||xk = P(PxX) |2 <o = 4.0 px, k€{1,2} (8)

and must have Z > 0 in both views. Survivors form the
immutable global scale anchor.

F. Graph-Guided Correspondence Tracker

Two data structures drive the tracker:
track observations|j] maps each observing image to
the keypoint index for 3D track Xj; registered kpli] is
a set of keypoint indices absorbed into the cloud, enabling
O(1) novelty testing.

Algorithm 1 resolves 2D-to-3D correspondences for incom-
ing camera /In by walking the identity graph—performing
only Python dict/set membership tests at lookup time. No
descriptor distance is ever computed against the point cloud
after the initial matching phase, making descriptor collision
structurally impossible. Cameras that fail the minimum inlier

threshold are deferred and revisited in subsequent passes of the
outer while changed loop, allowing the expanding cloud
to supply missing context.

Algorithm 1 Graph-Guided 2D-to-3D Correspondence Reso-
lution
Require: I, registered set R, match graph G, tracks T,
observations obs, Tpnp, Tl
ptsap, ptssp « [], []
for track j, registered (ir, kr) in obs[j] do

pair < (min(ix, n), max(ir, n))

if pair £ G then continue

end if

for match m € G[pair] do

if m links k. €i. to k, €n then

Append kp[n][kn].pt to ptsap; T [j] to ptsap;

® NSO wN R

break
o: end if
10: end for
11: end for
12: if |ptsan| < Tpnp then return DEFER
13: end if
14: (ret, rvec, t, inl)
PRANSAC(ptssp, ptsap, K)
if -ret or |inl| < tin then return DEFER
end if
(rvec, t)
FINELM(ptssplinl], ptsap[inl])
R <RODRIGUES(rvec’); register (R, t); update obs,
registered kp|n]
TRIANGULATENEWPOINTS(n)

«— SOLVEPN-
15:
16:

17: SOLVEPNPRE-

(_
18:

19:
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G. Sparse Bundle Adjustment
All poses and tracks are jointly refined via:

N M
= . 2
min vij ||xij = P(K[Ri | ti]X;j)ll 9
Rotd 05} |y 5,

with vij € {0, 1} from track observations. Rotations
are parameterized as Rodrigues vectors wi € R3. The full
parameter vector is:

xo = [wWT, t7,..., W, tT, XT,..., XT]7 (10)

1 1 N N 1 M

A binary sparsity mask S € {0, 1}2MNx(6N+3M) aencoding
the visibility block structure is passed via jac_sparsityto
scipy.optimize.least squares (method=‘1m’),
reducing per-iteration memory from O(MN) to O(M + N).
In hybrid mode, hybrid bundle adjustment appends
line endpoint residuals: for segment endpoints L3, Lb € R3,

k € {a, b} (11)

and the four-element block [/a—Ja; /o —7>] is appended to the
point residual vector.

[k = P(KRLk + Kt),

V. EXPERIMENTAL EVALUATION
A. Dataset and Setup

Experiments used an outdoor architectural sequence cap-
tured around an ornate heritage fountain mounted on a
brick building facade. The scene presents three compound-
ing challenges: dense uniform brick texture that produces
near-identical SIFT descriptors at scale, bilateral sculptural
symmetry (matching ornament on both sides), and a sharp
depth discontinuity between foreground fountain structure and
background wall. All runs were on a standard CPU workstation
(Intel Core i7, 16 GB RAM, no GPU). Focal length was
estimated from image dimensions; no pre-calibration was used.

B. Feature Matching

(c) Epipolar Geometry

(d) Verified Track Sample

Fig. 2: The fountain facade features four-stage matching.
(a) Dense raw matches from the symmetrical sculpture and
brick texture. (b) Green-colored RANSAC inliers with geo-
metric verification. (c) Epipolar lines verifying consistent fun-
damental matrix estimation in both perspectives. (d) Verified
tracks were sent to DLT triangulation.

Fig. 2 shows the four-stage matching pipeline. The heavy
symmetric texture of the facade generates abundant raw cor-
respondences (a), but the Lowe ratio filter removes ~45% as
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ambiguous and RANSAC discards a further ~20% as geomet-
ric outliers, yielding the clean bilateral epipolar geometry in

(c).

C. Full Reconstruction — Run 081

'\ i

Fig. 3: Orivix reconstruction is finished. The estimated camera
centers are indicated by red triangles that trace the arc-shaped
acquisition path around the facade. The background wall is
captured by the sparser right region, while the high-relief
fountain is captured by the dense left cluster. 11 cameras and
7,471 3D points in total.

Fig. 3 shows the finished sparse reconstruction. Table 1l
reports full per-camera metrics.

TABLE II: Per-Camera Reconstruction Metrics — Run 081

Camera PnP Inliers New Points Cumulative
Seed (Cam 4+5) 2,129 1,896 1,896
Cam 0 225 68 1,964
Cam 1 766 1,105 3,069
Cam 2 2,187 950 4,019
Cam 3 3,465 688 4,707
Cam 6 2,423 844 5,551
Cam 7 1,711 527 6,078
Cam 8 679 370 6,448
Cam 9 396 419 6,867
Cam 10 176 604 7,471

The seed pair yields 1,896 points from 2,129 verified inliers
(89.1% conversion), reflecting the precision of the 4.0 px
bidirectional reprojection gate. Camera 3 achieves the highest
inlier count (3,465), confirming a well-grown track graph by
that stage. Camera 10, despite only 176 PnP inliers, contributes
604 new points (3.4 points/inlier) because its viewpoint over-
laps multiple registered neighbours, providing rich multi-
baseline triangulation context from the anchor graph.

D. Point Cloud Growth

The identity-chain lookup in Algorithm 1 was substituted
with direct KD-Tree nearest-neighbor descriptor search against
the point cloud, which is the method employed by the ma-
jority of conventional incremental SfM implementations, in
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order to isolate the contribution of the Graph-Guided Tracker.
The identical input sequence and all other settings remained
unchanged.

2,000

1,000 +

New 3D Points

0

o ) o o2 & [} A & el o

Registration Step

Fig. 4: New 3D points per registration step (run_081). The
global scale is fixed at the Seed step. Camera 1 contributes
the largest single increment (1,105 points); Camera 0 the
fewest (68) due to overlap with the already-dense seed region.
Camera 10 recovers 604 points despite low inlier count, owing
to multi-view triangulation from adjacent cameras.

E. Ablation Study

I I I I I I I T

g || —m— Orivix (Graph-Guided P
B ~a-  KD-TreeBaseline [4--a--*"
5 gl MVS limit (3.0 px) |
i ;

. 1

5 | / |
g’ A
% 2 » & |
< L

Registration Step

Fig. 5: Per-step reprojection error. Orivix (blue) stays below
the 3.0 px MVS acceptance limit throughout; the KD-Tree
baseline (red dashed) crosses it at Camera 2 and diverges
to ~8 px by Camera 10 due to descriptor collision in the
symmetric scene.

TABLE IlI: Ablation: Graph-Guided Tracker vs. KD-Tree
Baseline

Method Mean Err. (px) Trajectory
KD-Tree Descriptor 6.8 Drift = Cam 3
Search

Graph-Guided Tracker 21 Stable throughout
Improvement 69% —

With observable trajectory curvature, the KD-Tree baseline
produces a mean error of 6.8 px following Camera 3. Due
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to the test scene’s bilateral symmetry, the KD-Tree frequently
retrieves the incorrect 3D point for PnP input since the two
matching sculptures produce nearly identical SIFT descriptor
clouds. The restored pose is sufficiently displaced by even a
tiny percentage of distorted PnP correspondences to compound
across consecutive registrations. Because all post-initialization
correspondences are handled by geometric identity rather than
appearance, the Graph-Guided Tracker achieves a mean error
of 2.1 px, a 69% reduction. The complete error track is
displayed in Fig. 5.

VI. DISCUSSION

Identity chains surpass descriptor lookup. A lossy, view-
dependent compression of local gradient statistics is called
a descriptor vector. The KD-Tree is unable to discriminate
between physically separate spots in repeating sequences that
compress to similar descriptions. By design, the track graph is
immune to appearance similarity and considers identity—the
physical keypoint from whence each 3D track originated—as
the ground truth for correspondence.

A mature identity graph provides thousands of clear 2D-
to-3D linkages every registration step, even in a scene that
overcomes descriptor search, as demonstrated by Camera 3’s
3,465-inlier count.

Scale anchoring under high-inlier seeds. An extraordi-
narily well-conditioned coordinate anchor is provided by the
2,129-inlier seed pair: 1,896 precisely gated points provide a
dense, geometrically reliable reference frame for each subse-
quent registration.

Camera 10’s 604-point contribution from only 176 PnP
inliers illustrates the cascading benefit—the anchor’s context
supplies what the sparse inlier set alone could not.

Limitations. Beyond ~ 100 frames, the O(N 2) pairwise
matching technique becomes problematic. Open-ended se-
quences may accrue residual global drift due to the system’s
lack of loop closure detection. The present pinhole model
does not account for radial distortion, potentially leading to
systematic errors in wide-angle lenses. Table IV summarises
per-stage complexity.

TABLE IV: Per-Stage Computational Complexity

Stage Bottleneck

SIFT Extraction

Complexity

O(Nng¢ logn¢) Gaussian pyramid

Pairwise Matching O(N2n; logns) N2 pairs

Seed Triangulation  O(mo) SVD per point

Track Graph O(M|R|) 0O(1)/lookup

Lookup

PnP RANSAC oliter - n3) Minimal solver

Bundle Adjustment O(iter - MN ) Sparse LM

Qutlier Removal O(M log M) KD-tree build
VIl. CONCLUSION

Orivix demonstrates that the two dominant failure modes of
incremental SfM—metric scale drift and descriptor-collision-
induced pose corruption—can be resolved within a CPU-only
Python framework through two targeted architectural deci-
sions: permanent coordinate anchoring to the best-supported
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seed pair, and deterministic 2D-to-3D correspondence via a
bipartite identity graph. On a challenging symmetric archi-
tectural scene, the system registered 11 cameras, recovered
7,471 3D points, maintained mean reprojection error
below

2.5 px throughout, and outperformed a conventional KD-
Tree descriptor baseline by 69%. All outputs are
COLMAP- compatible and ready for downstream dense
reconstruction.

Future work targets four directions: (i) integrating the
pro- totyped GPU cost-volume MVS module
(sfm/dense.py) for end-to-end dense reconstruction;
(ii) porting the Jacobian product to a cuSPARSE-backed
solver for large-scale col- lections; (iii) evaluating
SuperPoint and SuperGlue as drop- in replacements for
improved performance on specular and night-time scenes;
and (iv) adding a vocabulary-tree loop- closure module to
enable drift-free closed-loop trajectory reconstruction.
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