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Abstract
This paper investigates the image matching problem and proposes an improved
feature point matching algorithm based on BRIEF. The algorithm leverages the
relationship between difference magnitude and amplitude of random points and
feature points to generate feature point descriptors. To address the noise sen-
sitivity of BRIEF, as small pixel amplitude differences are more susceptible to
noise, a small pixel difference threshold is introduced for noise suppression. Dif-
ferences within the threshold are designated as uncertain bits, whose values are
subsequently determined by the mean of their neighboring region. Feature point
matching is performed by comparing the Hamming distance between descriptors.
Experimental comparisons with BRIEF and ORB algorithms demonstrate that
the proposed descriptor exhibits higher discriminability, simple computation, ex-
cellent noise suppression performance, fast running speed, and higher matching
accuracy.
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Abstract: This paper investigates the image matching problem and proposes
an improved feature point matching algorithm based on the BRIEF algorithm.
The proposed algorithm generates feature point descriptors using both the dif-
ference signs and magnitudes between random points and feature points. To
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address BRIEF’s sensitivity to noise—since small pixel magnitude differences
are more susceptible to noise contamination—we introduce a small pixel dif-
ference threshold. Differences within this threshold are marked as uncertain
bits, whose values are determined by their neighborhood means. Feature point
matching is performed by comparing Hamming distances between descriptors.
Experimental comparisons with BRIEF and ORB demonstrate that our oper-
ator exhibits higher discriminative power, computational simplicity, excellent
noise suppression performance, faster runtime, and improved matching accu-
racy.

Keywords: BRIEF; ORB; feature point matching operator; local binary pat-
tern

0 Introduction
Feature point matching represents a fundamental technique in computer vi-
sion with widespread applications in object detection [1], face recognition [2–
4], image classification [5], scene recognition [6], moving object tracking [7], and
texture classification [8–12]. As smart devices proliferate, image matching al-
gorithms face increasingly stringent requirements for stability, noise robustness,
low memory consumption, and high computational speed, necessitating more
sophisticated feature point matching operators.

Early work by Moravec [14] introduced feature point-based image matching
methods, followed by Harris et al.’s [15] corner detection approach, though
matching performance remained limited. The SIFT algorithm [16] employed
a complex descriptor formulation, computing gradient orientation histograms
across 8 directions for each sub-region within a feature point’s neighborhood
to produce a 128-dimensional vector. While robust, this approach suffers from
low efficiency. Dimensionality reduction techniques like PCA [17] or LDA [18]
can partially alleviate this computational burden. SURF [19–21] improved upon
SIFT by using Haar wavelet responses to compute 64-dimensional descriptors,
achieving moderate speed improvements. Subsequent algorithms such as BRISK
[22] and FREAK [23] offered substantial speed enhancements but at the cost of
reduced matching accuracy.

The BRIEF algorithm [13] provided a simpler alternative by selecting ran-
dom point pairs within a feature point’s neighborhood and comparing their
pixel intensities to generate a binary string descriptor. XOR operations enable
rapid Hamming distance computation, dramatically improving speed. How-
ever, single-pixel comparisons render BRIEF highly noise-sensitive, requiring
Gaussian filtering prior to descriptor computation. ORB [24] addressed these
limitations through two key modifications: first, using image integrals to com-
pute sums over sub-windows, effectively performing mean filtering for partial
noise suppression; second, computing a dominant orientation for rotation in-
variance. Unfortunately, orientation estimation increases correlation between
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random point pairs, reducing descriptor discriminative power. Both algorithms
exclusively consider difference signs between neighborhood points while ignor-
ing magnitude relationships, resulting in incomplete representation of the joint
difference distribution between feature points and their neighborhoods.

2 Proposed Method
2.1 Theoretical Analysis

Ojala et al. [25,26] demonstrated that image texture can be characterized
through relationships between center pixels and their neighborhoods, forming
the basis of Local Binary Pattern (LBP) encoding. Treating the center
pixel as a feature point, LBP can be viewed as a feature point descriptor
leveraging difference distributions between neighborhood and center pixels.
A descriptor expressing sufficiently complete difference relationships achieves
higher discriminative power.

The relationship between a neighborhood pixel and center pixel can be fully de-
scribed by both difference sign and magnitude. While difference signs capture
most information—utilized by both LBP and BRIEF—difference magnitudes also
convey valuable information [8]. Maitre [27] proved that pixel differences fol-
low Gaussian or Laplacian distributions, with the sign relationship following a
Bernoulli distribution:

𝑝𝑏 = {1 if 𝑧 ≥ 0
−1 if 𝑧 < 0

where 𝑧 = 𝑝𝑐 − 𝑝𝑔 represents the pixel difference between center pixel 𝑝𝑐 and
neighborhood pixel 𝑝𝑔. The magnitude component 𝑝𝑚 = |𝑧| follows a Laplacian
distribution. If we reconstruct the difference signal ̂𝑧 using only sign information,
the reconstruction error 𝐸𝑏 is:

𝐸𝑏 = 𝐸[( ̂𝑧 − 𝑧)2] = 2𝜎2

Reconstruction using only magnitude information yields error 𝐸𝑚 = 4𝜎2. This
analysis reveals that difference magnitude carries approximately 20% of the
original image information [8]. Integrating magnitude information significantly
enhances BRIEF’s discriminative capability.

2.2 Method Description

To more completely express difference relationships and improve discriminative
power, we jointly encode both difference signs and magnitudes. Leveraging
the Gaussian distribution of pixel differences [27], we generate random points
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within a feature point’s 𝑁 ×𝑁 neighborhood using a Gaussian distribution and
construct binary descriptors from relationships between these random points
and the feature point.

Figure 1 [Figure 1: see original paper] illustrates the descriptor generation pro-
cess. Figure 1(a) shows the feature point neighborhood, (b) depicts pixel differ-
ences between neighborhood and center, (c) represents difference sign encoding
(where “-1”is replaced by “0”in actual coding), and (d) shows difference mag-
nitude encoding.

Let 𝑓𝑐 denote the feature point pixel value and 𝑓𝑖 represent neighborhood pixels.
The joint distribution is:

𝑇 = (𝑓𝑐, 𝑓1, 𝑓2, ..., 𝑓𝑘)

For grayscale invariance, we subtract the center pixel value:

𝑇 ′ = (𝑓𝑐, 𝑓1 − 𝑓𝑐, 𝑓2 − 𝑓𝑐, ..., 𝑓𝑘 − 𝑓𝑐)

The sign function is defined as:

𝑠(𝑥) = {1 if 𝑥 ≥ 0
0 if 𝑥 < 0

The sign-based descriptor component is:

𝜏𝑠 = (𝑠(𝑓1 − 𝑓𝑐), 𝑠(𝑓2 − 𝑓𝑐), ..., 𝑠(𝑓𝑘 − 𝑓𝑐))

To preserve magnitude information, we compute the mean absolute difference:

𝑚𝑇 = 1
𝑘

𝑘
∑
𝑖=1

|𝑓𝑖 − 𝑓𝑐|

and encode magnitudes by comparing each absolute difference against this mean:

𝜏𝑚 = (𝑠(|𝑓1 − 𝑓𝑐| − 𝑚𝑇 ), 𝑠(|𝑓2 − 𝑓𝑐| − 𝑚𝑇 ), ..., 𝑠(|𝑓𝑘 − 𝑓𝑐| − 𝑚𝑇 ))

The final descriptor concatenates both components: 𝜏 = (𝜏𝑠, 𝜏𝑚).
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2.3 Noise Suppression

Single-pixel comparisons are vulnerable to noise. We suppress noise using neigh-
borhood mean thresholding and handling small differences as uncertain bits. Let
𝑚𝑓 be the neighborhood mean:

𝑚𝑓 = 1
9

9
∑
𝑖=1

𝑓𝑖 for a 3 × 3 region

Small pixel differences are particularly noise-sensitive [2]. We introduce thresh-
old 𝑡 to identify uncertain bits where |𝑓𝑖 − 𝑚𝑓 | ≤ 𝑡. For these uncertain points
𝑝, we compute the mean of their 3 × 3 neighborhood 𝑓𝑝,𝑚 and replace 𝑓𝑝 with
𝑓𝑝,𝑚 before comparison, effectively performing local mean filtering.

The modified sign function becomes:

𝑠′(𝑥) =
⎧{
⎨{⎩

1 if 𝑥 > 𝑡
0 if 𝑥 < −𝑡
uncertain if |𝑥| ≤ 𝑡

Uncertain bits are resolved by comparing the neighborhood-averaged value
against the threshold. This approach eliminates noise from small pixel
differences while preserving descriptor discriminative power.

The complete algorithm proceeds as follows: 1. Generate random point positions
using a Gaussian distribution within the 𝑁 × 𝑁 neighborhood 2. For each
feature point: - Compute neighborhood mean 𝑚𝑓 - Set threshold 𝑡 and compare
random points against 𝑚𝑓 to obtain sign bits - For points with differences within
[−𝑡, 𝑡], mark as uncertain and determine values using 3×3 neighborhood means
- Compute magnitude bits by comparing absolute differences against the mean
magnitude 3. Concatenate sign and magnitude bits to form the final noise-
resistant binary descriptor

3 Experimental Results
We evaluated our algorithm using standard image matching benchmark datasets,
comparing against BRIEF and ORB. Figure 2 [Figure 2: see original paper]
shows five test sequences: wall (viewpoint change), trees (blur), light (illumina-
tion change), JPG (compression), and boat (rotation and scale). Each sequence
contains six images. We matched the first image against the remaining five,
then repeated with Gaussian and salt-and-pepper noise added to the second
image.

Implementation used C++ with OpenCV 2.4.9. CenSurE feature points were
employed with neighborhood size 𝑁 = 17. Small difference threshold 𝑡 was set
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to 5, which is appropriate for moderate noise levels (typically 2-5 for low noise,
increasing for stronger noise). BRIEF and ORB used 512-bit descriptors.

Tables 1–5 [TABLE:1–5] show matching accuracy for original images. Our al-
gorithm achieves the highest matching rates for illumination, blur, and com-
pression changes. For rotation and scale changes, it outperforms ORB when
transformations are moderate, though ORB’s dominant orientation calculation
yields better performance at large rotations/scales. However, ORB’s orientation
estimation increases random point correlation, reducing discriminative power as
evidenced in Tables 1–4.

Figure 3 [Figure 3: see original paper] demonstrates matching performance
across different neighborhood sizes using the trees sequence. Accuracy improves
with larger neighborhoods up to 𝑁 = 17, beyond which gains diminish while
computational cost increases. 𝑁 = 17 provides a good balance between accuracy
and efficiency.

Figure 4 [Figure 4: see original paper] shows Gaussian noise examples (𝜎 =
0.05, 0.10, 0.15, 0.20), and Figure 5 [Figure 5: see original paper] shows salt-and-
pepper noise examples (𝑝 = 0.05, 0.10, 0.15, 0.20). Matching accuracy decreases
with increasing noise, but our method consistently outperforms both BRIEF
and ORB across all noise levels and image types (Tables 6–15 [TABLE:6–15]).

BRIEF’s Gaussian filtering provides strong noise suppression, making it superior
to ORB under noise. ORB’s integral image approach accelerates computation
but its orientation estimation reduces discriminative power. Our method’s
integration of magnitude information and uncertain bit handling yields stronger
descriptors without requiring explicit filtering.

Computational complexity is 𝑂(𝑛) for 𝑛 feature points, with one loop comput-
ing 𝑘 comparisons per point. Descriptor generation time is slightly higher than
ORB due to thresholding operations and doubled descriptor length (sign + mag-
nitude). However, both sign and magnitude components can be computed effi-
ciently using integral images. Table 16 compares descriptor computation times
on an Intel i5 2.5 GHz processor for 875 feature points, showing our method is
comparable to ORB and faster than BRIEF (which requires expensive Gaussian
filtering).

4 Conclusion
BRIEF achieves remarkable efficiency while maintaining reasonable matching
accuracy. ORB introduces rotation invariance but increases descriptor correla-
tion, reducing discriminative power. Both algorithms exhibit noise sensitivity
—BRIEF requires Gaussian filtering, while ORB uses integral images for mean
filtering and faster computation. However, neither fully exploits relationships
between feature points and neighborhoods, nor do they utilize difference mag-
nitude information.
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Our proposed binary descriptor jointly encodes difference signs and magnitudes,
completely representing the joint difference distribution and achieving higher dis-
criminative power. Noise suppression through neighborhood mean thresholding
and uncertain bit handling eliminates the need for explicit filtering. Hamming
distance computation via XOR operations maintains computational simplicity
and speed. Experimental results demonstrate superior matching accuracy across
various transformations and noise conditions, with computational efficiency com-
parable to ORB. The method is particularly suitable for applications involving
moderate rotation and scale variations where high discriminative power and
noise robustness are paramount.
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