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Abstract
Improving the accuracy of feature point detection and matching results, and
better optimizing camera pose recovery outcomes, are key factors in enhanc-
ing the overall efficiency of 3D reconstruction. Based on the principles of the
SIFT algorithm, we construct a novel algorithmic framework that employs FCN
(fully convolutional networks) and BP (back propagation) neural networks, com-
prehensively considering influences from semantic segmentation of the image’
s main target, image gray-level co-occurrence matrix, and other aspects, to
achieve adaptive adjustment of feature point detection range and quantity. In
the feature point matching stage, mismatches are eliminated by leveraging cam-
era pose offset stability, while a graph optimization-based method is adopted
for nonlinear optimization of the pose recovery results, yielding more accurate
camera poses. Finally, through comparative analysis with existing mainstream
algorithms, experimental results validate the effectiveness of the proposed al-
gorithm, improving the scene adaptability of feature point detection and the
accuracy of feature point matching and pose recovery, thereby achieving more
efficient 3D reconstruction.
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Abstract: Improving the accuracy of feature point detection and matching
results and optimizing camera pose recovery are critical factors for enhancing
the overall efficiency of 3D reconstruction. Based on the principles of the SIFT
algorithm, this paper constructs a novel algorithmic framework that employs
Fully Convolutional Networks (FCN) and Back Propagation (BP) neural net-
works. By comprehensively considering semantic segmentation of image main
targets and gray-level co-occurrence matrices, the algorithm achieves adaptive
adjustment of feature point detection range and quantity. During the feature
point matching stage, it eliminates false matches by leveraging camera pose off-
set stability, while employing a graph-based optimization method for nonlinear
pose refinement, yielding more accurate camera poses. Comparative analysis
with existing mainstream algorithms demonstrates the effectiveness of the pro-
posed approach, which improves scene adaptability in feature point detection,
enhances feature point matching and pose recovery precision, and enables more
efficient 3D reconstruction.

Key words: three-dimensional reconstruction; feature points; artificial neural
networks; pose recovery; nonlinear optimization

0 Introduction
Feature point detection and matching constitute the most fundamental com-
ponents of the entire 3D reconstruction pipeline. Their results serve as input
data for epipolar geometry and triangulation steps to obtain camera poses and
3D coordinates of spatial point clouds. Camera pose represents one of the core
data elements in the reconstruction process, reflecting the outcomes of the fea-
ture point processing stage on one hand, while serving as crucial input data for
subsequent dense point cloud recovery and texture mapping steps on the other,
thereby directly determining the final 3D reconstruction quality.

In existing mainstream feature point detection algorithms such as SIFT, SURF,
and ORB, the detection range covers the entire image. However, 3D recon-
struction typically focuses only on primary targets such as buildings or specific
objects. When excessive edge points exist outside the main target or when simi-
lar pixel patches are present, false matches readily occur. Furthermore, current
mainstream algorithms cannot control the number of feature points according
to application requirements. An excessive number of feature points leads to
numerous false matches that degrade pose recovery accuracy, while too few fea-
ture points fail to meet the data volume requirements for 3D reconstruction.
Finally, conventional feature point matching optimization methods based on
K-Nearest Neighbor (KNN) and RANSAC depend entirely on existing match-
ing data, making them susceptible to cumulative errors from false matches and
yielding unstable optimization results whose accuracy directly impacts pose re-
covery.

The rapid development of artificial neural networks in computer vision has
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provided new avenues for 3D reconstruction research. Hou et al. utilized the
AlexNet model under the Caffe framework for feature extraction, achieving su-
perior robustness and faster extraction compared to traditional features. Mc-
Cormac et al. proposed SemanticFusion, a dense 3D semantic mapping method
based on convolutional neural networks that predicts pixel-level object category
labels to generate dense 3D semantic maps. Reference [9] employed convolu-
tional neural networks for automatic image segmentation, effectively addressing
the labor-intensive target segmentation problem in 3D reconstruction. Regard-
ing the aforementioned issues, references [10,11] adjusted relevant coefficients
based on actual feature point counts and image contrast factors to control fea-
ture point quantity, achieving favorable results. However, due to the limited
factors considered, the algorithm’s adaptability remains inadequate. Reference
[12] optimized feature point matching through improved BRIEF descriptors and
epipolar geometry principles, improving matching accuracy but still suffering
from insufficient stability due to false matches. Mainstream pose optimization
methods first recover 3D point clouds and then perform nonlinear optimization
using reprojection error, yet the point cloud recovery process accumulates errors
from the pose recovery stage, resulting in insufficient precision.

To address these problems, this paper proposes a novel algorithm framework
based on SIFT principles. First, we construct training datasets tailored to
3D reconstruction requirements to train an FCN neural network for detecting
primary targets in images, thereby enabling adjustment of the feature point de-
tection range. Simultaneously, we analyze the image gray-level co-occurrence
matrix and combine it with the contrast threshold in SIFT to construct train-
ing data for a BP neural network. This network fits the nonlinear relationship
between feature point quantity, image gray-level co-occurrence matrix, and con-
trast threshold to achieve adaptive control of image feature point numbers. Sec-
ond, by analyzing triangulation principles, we leverage pose offset stability to
optimize feature point matching results, constraining the pixel position range of
matching feature points in images to avoid cumulative errors from false matches
during optimization. Finally, we employ graph optimization methods to con-
struct a least-squares problem between matching feature point pixel positions
and camera poses for nonlinear pose refinement, fully capitalizing on the preci-
sion advantages of our feature point matching optimization algorithm. Experi-
mental comparisons with SIFT demonstrate the effectiveness and efficiency of
the proposed algorithm.

1.1 Neural Networks
A BP neural network is a multi-layer feedforward network trained using the er-
ror backpropagation algorithm. By calculating the error between expected and
actual outputs, it adjusts node parameters and thresholds layer by layer from
output to input through repeated iterations until achieving the target accuracy.
FCN neural networks are primarily used for image semantic segmentation. Com-
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pared to conventional convolutional neural networks, the key difference lies in
FCN’s final layer remaining a convolutional layer that performs upsampling to
restore pixel classification and position information.

[Figure 1: see original paper]

1.2 Epipolar Geometry
Epipolar geometry addresses the fundamental problem of recovering camera spa-
tial motion. As shown in Figure 2, for a 3D point 𝑃 , cameras (optical centers)
𝑂1 and 𝑂2 respectively obtain images 𝐼1 and 𝐼2, with pixel representations 𝑝1
and 𝑝2. The line connecting the optical centers is called the baseline, and its in-
tersection with the image planes yields epipoles 𝑒1 and 𝑒2. The lines connecting
𝑝1 and 𝑝2 to the epipoles are called epipolar lines 𝑙1 and 𝑙2. The position of 𝑝2 is
obtained by applying a spatial transformation [𝑅|𝑡] to 𝑝1. During feature point
matching, we have already obtained several pairs of matching feature points,
such as those generated by point 𝑃 as 𝑝1 and 𝑝2. If the matching relationship
were unknown, the corresponding point for 𝑝1 could be anywhere, such as 𝑝′

2,
with the corresponding spatial coordinate being 𝑃 ′. Therefore, correct feature
point matching is the most critical factor determining 3D reconstruction results.

[Figure 2: see original paper]

2 Algorithm Framework
Based on the above analysis, the proposed algorithm framework consists of
three main components: feature point detection, feature point matching, and
pose optimization, as illustrated in Figure 3.

[Figure 3: see original paper]

During the feature point detection stage, the algorithm calculates the contrast
and gray-level co-occurrence matrix for each input image to analyze image com-
plexity and determine the required number of feature points for the application.
This information is fed into an adaptive control module based on a BP neural
network, which adjusts the contrast threshold to control the overall number
of feature points in the image. If the adjusted feature point count still does
not meet requirements after the first iteration, further iterative adjustments
are performed until compliance is achieved. Concurrently, the image undergoes
processing by a trained FCN neural network to obtain the pixel range of the pri-
mary target, which is then used to constrain the feature point detection region
and avoid cumulative errors from background noise.

In the feature point matching stage, we analyze the stability of camera pose
offset in 3D reconstruction. During camera movement, the displacement be-
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tween consecutive shots should not be too small, yet excessive displacement
may cause feature disappearance or scene appearance changes. As shown in
Figure 4, where Δ𝑒 represents the error between recovered point cloud results
(𝑃 ′) and ground truth (𝑃 ) under the same matching error (Δ𝜃) but different
camera displacements (𝑡1, 𝑡2), with 𝑂1 and 𝑂2 representing camera optical cen-
ter positions. Therefore, for adjacent images in a sequence, the pixel positions
of corresponding matching feature points should not change drastically. Lever-
aging this property, we can optimize matching results by eliminating numerous
false matches and improving reconstruction accuracy.

During the camera pose recovery stage, at least five matching point pairs are
required to recover the camera pose 𝑅 and 𝑡. For all optimized matching results
(typically far exceeding five pairs), our algorithm analyzes the problem from a
probabilistic perspective and employs graph optimization as the solution tool.
We construct a least-squares problem between feature point pixel coordinates
and camera poses, seeking the displacement transformation that most likely
yields the current pixel positions of matching feature points in the second image
from those in the first image. This approach enables nonlinear optimization of
camera pose to obtain more realistic results.

3.1 BP Neural Network Construction and Training
The contrast threshold is a critical parameter in the SIFT algorithm for im-
proving feature point stability, and different image contrasts significantly affect
feature point quantity. For quantitative contrast analysis, we typically employ
root-mean-square (RMS) calculation as shown in Equation 1, where 𝑛 repre-
sents the number of pixels, 𝑥𝑖 denotes the grayscale value of the 𝑖-th pixel, and

̄𝑥 is the average grayscale value of the image pixels.

𝑅𝑀𝑆 = √ 1
𝑛

𝑛
∑
𝑖=1

(𝑥𝑖 − ̄𝑥)2

Contrast represents only one aspect of overall image information. Under the
same contrast, complexity also substantially influences feature point quantity.
Image complexity describes the inherent intricacy of an image and aggregates
all image information. To obtain quantitative image complexity metrics, we
typically utilize gray-level co-occurrence matrices to analyze important informa-
tion including information entropy (𝐻), correlation degree (𝐶𝑂𝑉 ), and energy
(𝐽), as detailed in Equation 2, where 𝑘 represents the number of grayscale lev-
els, 𝑁𝑖 indicates the total count of the 𝑖-th grayscale level, 𝑁 denotes the total
number of image pixels, and 𝑝(𝑖, 𝑗) represents the element in the 𝑖-th row and
𝑗-th column of the gray-level co-occurrence matrix.
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𝐻 = −
𝑘

∑
𝑖=1

𝑙
∑
𝑗=1

𝑁𝑖𝑗
𝑁 log

𝑁𝑖𝑗
𝑁

𝐶𝑂𝑉 =
∑𝑘

𝑖=1 ∑𝑙
𝑗=1(𝑖𝑗)𝑝(𝑖, 𝑗) − 𝜇𝑥𝜇𝑦

𝜎𝑥𝜎𝑦

𝐽 =
𝑘

∑
𝑖=1

𝑙
∑
𝑗=1

𝑝(𝑖, 𝑗)2

Based on the above analysis, we comprehensively represent image complexity
using four metrics: information entropy, correlation degree, energy, and edge ra-
tio. After obtaining the computational model for image complexity, we need to
construct a mathematical model relating feature point quantity, image complex-
ity, image contrast (RMS), and contrast threshold to achieve adaptive control
of feature point numbers. We first define the functional relationship shown in
Equation 3, which can be interpreted as: for a given range of feature point
quantities, the model automatically matches an appropriate contrast threshold
to align the actual feature point count with requirements.

𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 𝑓(𝑐𝑜𝑚𝑝𝑙𝑒𝑥𝑖𝑡𝑦, 𝑅𝑀𝑆, 𝑝𝑜𝑖𝑛𝑡 𝑟𝑎𝑛𝑔𝑒)

We employ a BP neural network to fit this nonlinear mathematical relationship.
From the Technical University of Munich dataset, we selected 3,000 images and
constructed three data groups for each image as shown in Table 1, forming a
training set of 9,000 total data groups. The contrast thresholds were obtained
through repeated linear iteration.

According to Table 1, we use complexity (three metrics), contrast, and required
feature point quantity as inputs to the BP neural network, with contrast thresh-
old as the output. The BP neural network is chosen primarily because, compared
to single-layer networks such as LMS (least mean square) and LM (Levenberg-
Marquardt), it is a multi-layer network with superior nonlinear fitting capabili-
ties. We constructed the BP neural network shown in Figure 5 using Matlab to
fit the mathematical model of Equation 3. The hidden layer contains 9 nodes
to enhance generalization capability, and the output layer is configured with 9
nodes using binary (0,1) representation for the contrast threshold. To ensure
network accuracy, we set the training error precision to 0.251 and performed
normalization on all inputs to eliminate dimensional effects. After 7,424 iter-
ations as shown in Figure 6, the neural network reached the target precision
and completed training. This neural network subsequently serves as the adap-
tive module in the new SIFT framework, automatically adjusting the contrast
threshold based on image information and application requirements to achieve
expected detection results.

[Figure 5: see original paper]
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[Figure 6: see original paper]

3.2 FCN Neural Network Construction and Training
Traditional methods for detecting the pixel range of primary targets in images
typically employ edge detection algorithms such as Canny or Sobel operators.
However, since images contain numerous background patterns that generate sub-
stantial edge information, these methods cannot correctly compute the primary
target’s pixel range. Therefore, we adopt an FCN neural network for pixel-
level classification to effectively extract the primary target pixel range from the
scene, improving feature point detection efficiency and matching precision. The
specific network structure is shown in Figure 7.

[Figure 7: see original paper]

The network comprises five convolutional layers (Conv1 and Conv2 with two
convolutions each, the others with three convolutions), five pooling layers, three
fully connected layers, and three upsampling layers. The output results from
the second and third pooling layers are applied to the upsampling process to
compensate for lost pixel position information during successive downsampling
and improve segmentation accuracy. We built the network using the Caffe deep
learning framework and trained it on the PASCAL VOC2012 dataset. The
trained FCN network is then applied to our algorithm framework for extracting
primary target pixel ranges from images.

3.3 Feature Point Matching Optimization Based on Pose
Offset Stability
Based on the previous analysis of camera pose offset stability in 3D reconstruc-
tion, assume there are 𝑛 pairs of matching points. Building upon traditional
KNN algorithm optimization, we retain matches that satisfy Equation 4, which
constrains that the position of corresponding matching points in the second im-
age should maintain a certain range constraint relative to the matching point
position in the first image. Here, 𝑇 ℎ represents the constraint range, typically
set to 10% of the image’s diagonal pixel length based on image pixel dimensions.
This approach yields precise matching points and solves for the initial pose [𝑅|𝑡]
according to epipolar geometry principles.

{(𝑥𝑛, 𝑦𝑛), (𝑥′
𝑛, 𝑦′

𝑛)}𝑁
𝑛=1

√(𝑥′𝑛 − 𝑥𝑛)2 + (𝑦′𝑛 − 𝑦𝑛)2 ≤ 𝑇 ℎ

𝑇 ℎ = 0.1 × √𝐼𝑚𝑎𝑔𝑒2
𝑐𝑜𝑙 + 𝐼𝑚𝑎𝑔𝑒2𝑟𝑜𝑤
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3.4 Camera Pose Optimization Based on Graph Optimiza-
tion
Based on the principles in Section 1.3, we design the graph structure shown in
Figure 8 for the camera pose optimization problem.

[Figure 8: see original paper]

Using the previous camera pose as the reference frame, the current camera pose
can be expressed as [𝑅|𝑡], representing the vertex (optimization variable) in the
graph structure. The edges (error terms) in the graph represent the pixel posi-
tions of feature points in the second image after [𝑅|𝑡] rotation transformation
from the first image. These pixel positions serve as error terms for calculation
against the actual pixel positions we have obtained (i.e., the pixel positions
of points in the second image from corresponding matched pairs). This con-
structs a least-squares problem with camera pose as the optimization variable,
which can be implemented and solved using the graph optimization library g2o
(General Graphic Optimization). The detailed analysis follows.

We first construct the observation equation shown in Equation 5, which rep-
resents observing feature points under the [𝑅|𝑡] camera pose. Here, 𝑣𝑛 rep-
resents noise conforming to a Gaussian distribution. Let the state variable
be 𝑥 = {[𝑅|𝑡], (𝑥𝑛, 𝑦𝑛)}, transforming the original problem into constructing a
maximum conditional probability problem as shown in Equation 6: given the
matched point positions in the first and corresponding second images, what is
the most probable camera pose?

(𝑥′
𝑛, 𝑦′

𝑛) = 𝑓(𝑥𝑛, 𝑦𝑛, [𝑅|𝑡]) + 𝑣𝑛
𝑣𝑛 ∼ 𝑁(0, 𝑄𝑛)

𝑃 ([𝑅|𝑡]|{(𝑥𝑛, 𝑦𝑛), (𝑥′
𝑛, 𝑦′

𝑛)}𝑁
𝑛=1) ∝

𝑁
∏
𝑛=1

𝑃((𝑥′
𝑛, 𝑦′

𝑛)|(𝑥𝑛, 𝑦𝑛), [𝑅|𝑡])

The maximum likelihood estimation seeks to maximize Equation 6. Let the
error term be:

𝑒𝑛([𝑅|𝑡]) = (𝑥′
𝑛, 𝑦′

𝑛) − 𝑓(𝑥𝑛, 𝑦𝑛, [𝑅|𝑡])

This transforms Equation 6 into the form of Equation 9:

[𝑅|𝑡]∗ = arg min
[𝑅|𝑡]

𝑁
∑
𝑛=1

𝑒𝑇
𝑛 𝑄−1

𝑛 𝑒𝑛

During the minimization of 𝐸([𝑅|𝑡]), if 𝑒𝑛 ≥ 𝑇 ℎ, the corresponding match-
ing point pair is directly removed. This eliminates false matches on one hand
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and reduces cumulative errors during the 𝐸([𝑅|𝑡]) solving process on the other,
yielding more accurate results.

4.1 Feature Point Detection
Based on the analysis in Sections 3.1 and 3.2, experimental results are shown
in Figure 9. In Figure 9(a), the SIFT algorithm detected 4,865 feature points,
which were reduced to 1,084 after adjustment by our algorithm. For the case of
insufficient feature points in Figure 9(b), our algorithm increased the count from
231 to 973. Figures 9(c)-(e) show the left images representing results without
feature point detection range control, containing numerous background feature
points outside the main target. The middle images show results after FCN
neural network processing, extracting the primary target range to constrain
feature point detection and yielding results concentrated on the main target, as
shown in the right images.

The experimental results demonstrate that our algorithm can effectively adjust
feature point quantity and control detection range. The computational time
increases by only 1.7% compared to SIFT, primarily due to additional time
consumed in the FCN detection stage. However, since the detection range is
reduced, the overall time consumption remains comparable to SIFT.

4.2 Feature Point Matching
Based on the analysis in Section 3.3, experimental results are shown in Figure
10. Figure 10(a) displays feature point matching results without any optimiza-
tion, containing numerous false matches. Figure 10(b) shows results after tra-
ditional KNN algorithm optimization, where matching improves but significant
false matches persist due to similar pixel patches. After processing with our pose
offset stability-based optimization algorithm, we obtain the results shown in Fig-
ure 10(c). Combined with feature point detection range constraints, we achieve
Figure 10(d) where all matches are precise. Similar processing is illustrated in
Figures 10(e) and 10(f).

Compared to traditional KNN-based matching optimization, our pose offset
stability-based feature point optimization algorithm effectively eliminates false
matches and improves result accuracy, providing accurate raw data for camera
pose recovery. The computational time increases by 5.3% compared to KNN,
mainly due to additional pixel position calculations for feature points. However,
since these additions involve linear computation, the overall time consumption
remains essentially comparable to KNN.
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4.3 Camera Pose Optimization
By integrating the three algorithmic components described above, we performed
point cloud recovery on the image pair shown in Figure 12. The results are
presented in Figure 13.

[Figure 12: see original paper]

Based on the analysis in Section 3.4, we designed the following pseudocode to
implement the graph optimization method, with experimental results shown in
Figure 11.

Input: Initial pose [R|t]_init, feature point matching results M
Output: Optimized pose [R|t]_new

g2o {
[R|t]_new = [R|t]_init
for i in M:

error = ||(x_i', y_i') - f(x_i, y_i, [R|t]_new)||^2
if error � threshold:

Delete (x_i, y_i)'
if error(error) > threshold:

[R|t]_new = [R|t]_new - �error/�[R|t]_new
else:

continue
}

The point cloud recovered from unoptimized camera poses is shown in Figure
11(a), while the result after optimization by our algorithm is shown in Fig-
ure 11(b), exhibiting more precise point cloud distribution and clearer detailed
contours of the main target. For quantitative accuracy analysis, we employ re-
projection error calculation: observing the spatial point cloud from the current
camera pose viewpoint, computing its projection onto the pixel coordinate sys-
tem, and comparing this position with the actual corresponding feature point
pixel coordinates to statistically analyze errors in the x and y axes (in pixel
units).

The experimental results demonstrate that our algorithm effectively improves
camera pose accuracy. Compared to traditional optimization methods, the x-
axis error and y-axis error are reduced by 65% and 91% respectively, while
computational time improves by 20%. This improvement primarily stems from
the elimination of mismatched pairs with errors greater than threshold 𝑇 ℎ ac-
cording to Equation 9, which increases computational load. However, since our
algorithm employs adaptive control modules and FCN neural networks to ex-
tract appropriate quantities of feature points from primary target regions in
images, eliminating substantial background feature points, and utilizes our fea-
ture point matching optimization and pose refinement algorithms, we obtain
high-precision initial spatial point cloud data, thereby enhancing the accuracy
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and efficiency of the entire 3D reconstruction process.

5 Conclusion
This paper addresses the current limitations of low adaptability in feature point
detection and insufficient accuracy in feature point matching and pose recovery
by proposing a novel algorithm framework based on SIFT. We implemented the
algorithm and verified its effectiveness through experimental results, achieving
more efficient feature point detection, matching, and pose recovery, while pro-
viding high-precision spatial point cloud data for the 3D reconstruction process
and improving overall reconstruction efficiency. However, the threshold 𝑇 ℎ in
our algorithm should possess better adaptability, requiring adjustment based
on subsequently obtained camera poses to enable secondary refinement and ac-
quire larger quantities of precise matching feature points for improved point
cloud recovery.
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