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ABSTRACT

Motion detection in video sequences is a critical task in computer vision, with
applications ranging from surveillance to autonomous systems. This paper presents two
efficient algorithms for motion detection: the Gaussian Single-Pixel Multiple-
Distributions (SPMD) algorithm and the X-A SPMD algorithm. Both methods aim to
reduce computational complexity while maintaining high accuracy in detecting moving
objects. The Gaussian SPMD algorithm models each pixel as a mixture of Gaussian
distributions, while the 2-A SPMD algorithm employs X-A modulation for background
estimation. Experimental results demonstrate that the proposed algorithms significantly
reduce processing time compared to traditional methods, such as the Stauffer algorithm,
while maintaining competitive accuracy. The Gaussian SPMD algorithm achieves a
42% reduction in processing time, and the 2-A SPMD algorithm further improves frame

rates, making it suitable for real-time applications. This study provides a comprehensive
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comparison of the two approaches, highlighting their strengths and limitations in

various scenarios.
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l. Introduction

Motion detection is a fundamental task in video processing, with applications in
surveillance, traffic monitoring, and human-computer interaction. Traditional methods, such as
the Stauffer algorithm [1], rely on Gaussian mixture models (GMMs) to represent pixel
intensities over time. While effective, these methods are computationally intensive, making
them unsuitable for real-time applications. Recent advancements have focused on reducing
computational complexity while maintaining detection accuracy [2, 3].

This paper introduces two novel algorithms for motion detection: the Gaussian SPMD
algorithm and the X-A SPMD algorithm. The Gaussian SPMD algorithm simplifies the
traditional GMM approach by reducing the number of parameters per pixel, while the X-A
SPMD algorithm leverages X-A modulation for efficient background estimation [4]. Both
algorithms are designed for real-time implementation, with a focus on minimizing
computational overhead.

The contributions of this paper are as follows:

e A detailed description of the Gaussian SPMD and X-A SPMD algorithms, including
their mathematical formulations and implementation details.

e A comparative analysis of the proposed algorithms with traditional methods,
demonstrating significant improvements in processing time and accuracy.

e Experimental results on standard video sequences, highlighting the performance of the
proposed algorithms in various scenarios.

The remainder of this paper is organized as follows: Section 2 reviews related work in
motion detection. Section 3 presents the Gaussian SPMD algorithm, and Section 4 describes
the X-A SPMD algorithm. Section 5 provides experimental results and a comparative analysis.
Finally, Section 6 concludes the paper and discusses future work.
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Il. RELATED WORK

Motion detection [1,2] has been extensively studied in the literature. Traditional
methods, such as the Stauffer algorithm, use Gaussian mixture models to represent pixel
intensities over time. While effective, these methods are computationally expensive due to the
need for floating-point calculations and iterative updates. Recent works are presented for
improvements to the Stauffer algorithm by dynamically selecting the number of Gaussian
distributions, reducing computational overhead.

Alternative approaches, such as temporal differencing [5] and X-A modulation [6], have
been proposed to address these limitations. Temporal differencing is computationally efficient
but sensitive to noise and lighting changes [7]. Z-A modulation, on the other hand, provides a
low-complexity method for background estimation but suffers from limitations in complex
scenes and slow-motion detection [8].

Recent advances [9-14] in deep learning have also influenced the development of more
robust motion detection techniques. These methods, however, require significant computational
resources, making them less suitable for real-time applications on low-power devices.

This paper builds on these works by proposing two novel algorithms that combine the
strengths of GMMs and Z-A modulation while addressing their limitations. The proposed
algorithms are designed for real-time implementation, with a focus on minimizing

computational overhead and maintaining high accuracy.

I11. GAUSSIAN SPMD ALGORITHM

A. Algorithm Overview

The Gaussian SPMD algorithm models each pixel as a mixture of three Gaussian
distributions, reducing the computational complexity of traditional GMMs. Each distribution is
represented by its mean and weight, and the mixture is ordered in decreasing order of weight
values. The algorithm checks each pixel against the distributions and updates the parameters
based on the matching condition.
B. Mathematical Formulation

The probability of observing the current pixel value Xt is given by:
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where wk,t is the weight of the k-th Gaussian distribution, k.t is its mean, and okt is its

standard deviation. The matching condition is defined as:

(1 - R%)prz1 < Xt < (1+ R%)prs1

where R% is the matching ratio (typically set to 20%). If a match is found, the

distribution parameters are updated as follows:

Prg — (1 — @)1 + Xy

wpt = (1 — a)wg1 +

If no match is found, the pixel is classified as foreground, and the least probable
distribution is replaced with a new distribution having the current pixel value as its mean.
C. Algorithm Implementation
The Gaussian SPMD algorithm is implemented as follows:
1. Initialization: For each pixel, initialize three Gaussian distributions with random means
and weights.
2. Matching: For each new frame, check each pixel against the distributions using the
matching condition.
3. Update: If a match is found, update the mean and weight of the matching distribution.
If no match is found, classify the pixel as foreground and update the least probable
distribution.
4. Sorting: Sort the distributions in decreasing order of weight values.
D. Results
The Gaussian SPMD algorithm was implemented in MATLAB and tested on 768x576

video frames based on listed parameters in Table 1. Experimental results show a 42% reduction
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in processing time compared to the Stauffer algorithm, with comparable accuracy. Fig. 1

illustrates the performance of Gaussian SPMD algorithm on the sample frame.

Table 1: Parameters for Gaussian SPMD Algorithm

Parameter Description Value
K Number of Gaussian distributions 3

R% Matching ratio 20%
a Learning rate 0.05

The Gaussian SPMD algorithm provides higher accuracy, while the £-A SPMD
algorithm offers better frame rates. The choice of algorithm depends on the specific application
requirements, with the Gaussian SPMD algorithm being more suitable for accuracy-critical

tasks and the X-A SPMD algorithm being better for real-time applications.

(b)
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(©) (d)

Fig. 1. (a) Original sample frame from the video sequence, (b) Foreground detection
using the Stauffer algorithm, (c) Foreground detection using Gaussian SPMD algorithm, and
(d) Foreground detection using X-A SPMD algorithm.

IV. Z-A SPMD ALGORITHM

A. Algorithm Overview

The Z-A SPMD algorithm uses Z-A modulation for background estimation, providing a
low-complexity alternative to traditional GMMs. Each pixel is modeled as a mixture of three
distributions, represented by their X-A mean, variance, and weight. The algorithm checks each
pixel against the distributions and updates the parameters based on the matching condition.
B. Mathematical Formulation

The 2-A mean MKt and variance VK.t are updated as follows:
My = My 1 +sgn(X; — My, 1)
Vit = Vo1 +sgn(N - Agy — Vie1)

where Ak,t=|Xt—Mk,t—1] and N is a constant. The matching condition is defined as:

Ak,t < Vi1

If a match is found, the pixel is classified as background, and the distribution parameters

are updated. If no match is found, the pixel is classified as foreground.
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C. Algorithm Implementation
The Z-A SPMD algorithm is implemented as follows:

1. Initialization: For each pixel, initialize three distributions with random X-A means,
variances, and weights.

2. Matching: For each new frame, compute the absolute difference Akt and check the
matching condition.

3. Update: If a match is found, update the £-A mean and variance of the matching
distribution. If no match is found, classify the pixel as foreground and update the least
probable distribution.

4. Sorting: Sort the distributions in decreasing order of weight values.

D. Results

The X-A SPMD algorithm was implemented and tested on standard video sequences
based on listed parameters in Table 2. Experimental results show improved frame rates
compared to the Gaussian SPMD algorithm, with slightly lower accuracy. Fig. 1 illustrates the

performance of this algorithm on the sample frame.

Table 2: Parameters for X-A SPMD Algorithm

Parameter Description Value
N Constant for variance update 20
K Number of distributions 3

V. EXPERIMENTAL RESULTS AND COMPARATIVE ANALYSIS

A. Performance Metrics
The performance of the proposed algorithms was evaluated using two metrics:
processing time per frame and error percentage. The error percentage is defined as the ratio of

incorrect pixels to the total number of pixels in the frame.
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B. Performance Results

The Gaussian SPMD algorithm for the sample frame, as listed in Table 3, achieved an
average processing time of 1.0996 seconds per frame, compared to 121.5849 seconds for the
Stauffer algorithm. The Z-A SPMD algorithm further reduced the processing time to 0.8816
seconds per frame. The error percentage for the Gaussian SPMD algorithm was 5.2%, compared
to 6.8% for the Z-A SPMD algorithm.

Table 3: Comparison of Processing Time and Error Percentage

Algorithm Processing Time (s/frame) Error Percentage (%0)
Stauffer Algorithm 121.5849 7.5
Gaussian SPMD 1.0996 5.2

X-A SPMD 0.8816 6.8

One frame is selected from each 25 frames in the sequence for testing; 22 samples. Fig.
2 shows the results of error percent test found in the results of the Stauffer algorithm and the
proposed Gauss SPMD algorithm. It is clear that the test results show improvement in the
foreground extracted using the proposed algorithm compared to that generated by Stauffer
algorithm. Fig. 3 shows the results of error percent test found in the results of the XA estimation
algorithm and the proposed X-A SPMD algorithm. It is clear that the test results show
improvement in the foreground extracted using the proposed algorithm compared to that

generated by X—A estimation algorithm.
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Fig. 2. Testing Results of the Stauffer algorithm and the proposed Gauss SPMD algorithm.
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Fig. 3. Testing Results of the A estimation algorithm and the proposed -A SPMD

algorithm.
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The Gaussian SPMD algorithm provides higher accuracy, while the £-A SPMD
algorithm offers better frame rates. The choice of algorithm depends on the specific application
requirements, with the Gaussian SPMD algorithm being more suitable for accuracy-critical
tasks and the X-A SPMD algorithm being better for real-time applications.

VI. CONCLUSION

This paper presented two efficient algorithms for motion detection in video sequences:
the Gaussian SPMD algorithm and the X-A SPMD algorithm. Both algorithms significantly
reduce computational complexity compared to traditional methods, making them suitable for
real-time applications. The Gaussian SPMD algorithm provides higher accuracy, while the X-
A SPMD algorithm offers better frame rates. Future work will focus on further optimizing the
algorithms for hardware implementation and extending their applications to multi-camera

systems.
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