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Abstract: Accurate and real-time detection of human presence in surveillance video remains
a significant challenge due to noisy segmentation, dynamic backgrounds, and variability in
motion patterns. In this paper, we present an enhanced approach for human detection from
video surveillance data, leveraging Gaussian Mixture Model (GMM)-based background
subtraction augmented with a robust sequence of morphological filtering operations. The
proposed system addresses key limitations of traditional motion detection methods by
incorporating morphological techniques—such as area opening, dilation, hole filling, and
closing—to refine the foreground mask and suppress false positives arising from illumination
changes, background artifacts, and fragmented contours. The framework processes video input
in real-time, performing adaptive background modelling using a three-component GMM per
pixel, followed by a binary segmentation pipeline that detects candidate motion regions. To
improve region coherence and eliminate non-human noise elements, morphological filters are
applied to the segmented masks. Experimental validation was carried out on multiple indoor
and outdoor surveillance video sequences, where the proposed method demonstrated
substantial gains in detection accuracy and classification robustness. Quantitative analysis
shows improved performance in precision (up to 98.7%) and recall (up to 97.9%), with a
significant reduction in the percentage of wrong classifications (PWC) compared to baseline
GMM-based detection. The system maintains real-time viability, operating at acceptable frame
rates on modest hardware. This work contributes a computationally efficient and easily
implementable enhancement to existing GMM-based human detection pipelines, making it
suitable for intelligent surveillance, smart environments, and embedded video analytics
systems.
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Introduction

In the dominion of intelligent surveillance systems, the ability to automatically detect human
motion from video data is a critical yet technically demanding task. As urban spaces
increasingly rely on real-time monitoring for security, anomaly detection, and automation,
human detection systems must maintain high accuracy while operating under constraints of
computational efficiency and environmental variability. A foundational step in such systems is
robust background subtraction, which isolates moving foreground entities—typically using
Gaussian Mixture Models (GMMs)—followed by object classification. However, standard
GMM-based motion detection techniques often suffer from false positives, fragmented blobs,
and sensitivity to noise, especially in the presence of dynamic backgrounds, subtle lighting
changes, or small pixel-level artifacts. The problem is exacerbated in real-time surveillance
environments where camera viewpoints are fixed (SCMO: Static Camera, Moving Object) and
scene variation over time must be modeled adaptively. It has been already established a
foundation using a GMM framework inspired by Stauffer and Grimson [4], where each pixel
is modeled as a mixture of Gaussians. In this method, for each pixel position (x,y), the intensity
values over time V, ,, (t) are modeled as a random process X, with the observation probability

defined by:
P(Xt) = 2?:1 Wi¢t* U(Xt, Ui e Ei,t) ...... (1)

where w; . is the weight, y; . is the mean, and &; , is the covariance matrix of the i*"* Gaussian
component at time t.Despite the robustness of this statistical approach, the output of raw GMM
segmentation frequently contains disconnected or noisy foreground regions that do not
correspond to actual human figures. These imperfections arise due to abrupt motion starts,
transient environmental artifacts, or low-resolution imagery, leading to misclassification. A
critical enhancement—frequently underutilized in GMM-based models—is the application of
morphological filtering as a structured post-processing step to improve spatial coherence in
the segmented mask. Morphological operations provide a means to manipulate the shape and
structure of foreground regions based on their geometric properties. In the proposed system,
morphological filtering serves three main purposes: (1) to eliminate small spurious regions that
are unlikely to represent humans, (2) to fill holes within connected components, and (3) to close
narrow gaps between segmented parts of a single human entity. These enhancements are
essential to converting pixel-level GMM segmentation into object-level human detection with
higher precision. This paper focuses on the integration of these morphological operations—
implemented using MATLAB functions such as bwareaopen, imfill, imclose, and strel—into
a real-time processing pipeline. The block diagram in (Figure 4.1) outlines the proposed
architecture, where input video is subjected to GMM-based background subtraction, followed
by skin detection and finally a morphological post-filtering stage. While the emphasized GMM
and skin detection in tandem, this work isolates and highlights the morphological filtering
process as a key differentiator for improving detection reliability and robustness in practical
deployments. Furthermore, morphological operations are not computationally intensive and
are well-suited to real-time implementation. The use of a structured element, for example, a
disk-shaped kernel in strel (*disk’, R), allows morphological dilation and closing to be applied
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efficiently. These operations transform the binary mask resulting from foreground extraction
to produce contiguous, well-formed regions.

Figure 1.1:_Basic O/P

Figure 1.2:_Stauffer & Grim O/P

human detectiaon

»

Figure 1.3: Project O/P

The denoising step that follows—using operations like bwareaopen (BW, P)—removes all
connected components below a threshold area P. While various enhancements to background
subtraction have been proposed, including temporal differencing [6], Kalman filtering [41],
and type-2 fuzzy GMMs [35]—our method maintains algorithmic simplicity while achieving
higher detection performance through targeted spatial domain refinement. Notably, we
evaluate the proposed enhancements on multiple video sequences (e.g., RIK1.avi, S1.avi, and
IBM.avi), achieving recall rates of up to 97.9% and precision levels exceeding 98.7% |,
outperforming both traditional GMM-based detection and the unfiltered output from the
original Stauffer—Grimson method given in the above figure 1.1-1.3.

Methodology

The proposed system combines a well-established Gaussian Mixture Model (GMM) for
background modeling with a sequence of morphological operations designed to enhance the
accuracy of human detection in real-time video streams. The methodology involves four major
stages: (i) background subtraction, (ii) skin color-based segmentation (optional), (iii)
morphological post-processing, and (iv) binary decision-making. The complete block-level
overview of the system is shown in figure 2.
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Figure 2: The software block diagram of the human motion detection system.
Background Subtraction Using Gaussian Mixture Models (GMM)

To robustly segment moving objects from a static surveillance background, we employ a pixel-
level Gaussian Mixture Model, following the approach of Stauffer and Grimson [4]. Each
pixel in the frame is modelled as a mixture of K Gaussians, allowing the system to adapt to
complex dynamic backgrounds such as swaying trees or lighting changes.

As per Equation P[F(t)] = P[I(t)] — P[B(t3)] .....(2)

Where, P[F(t)] is the foreground at time t, P[I(t)] is the current frame, and P[B(t,)] is the
background updated at time ¢,.

Each pixel’s intensity over time X, = V, ,,(t) is modeled as: P(X,) = YK Wi n(Xt, Uit fi't)

Now, n(X, u, &) = Wexp (—%(X —wTeEt(x - ,u)).....(S)

Foreground pixels are those that differ from all K Gaussians by more than 3¢ thresholds. To
reduce computation, background models are updated every N frames and only select color
channels (RGB or grayscale) are processed at full resolution.

Skin Color Detection process in YCbCr

In some instances, we include a skin colour filtering step to boost human detection reliability.
The transformation from RGB to YCDbCr is defined by:

Y = 0.299R + 0.587G + 0.114B....(4A)

C, = —0.169R — 0.332G + 0.500B ....(4B)

C, = 0.500R — 0.419G + 0.081B ....(4C)

Pixels falling within a defined chrominance window (based on Cy, Cy) are considered skin-like

and retained as possible human targets. This enhances filtering, especially in low-contrast or
cluttered scenes, though it may be skipped in grayscale or night vision applications.
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Morphological Filtering

Raw GMM output frequently results in fragmented, noisy, or misshaped blobs. To address
these imperfections, we apply morphological filtering to the binary masks generated by the
background subtraction stage. The filtering pipeline is as follows:
a. Small Object Removal (bwareaopen)
Removes small, irrelevant blobs:
BW, = bwareaopen (BW, P)
Where P is the minimum pixel area (empirically set to remove non-human objects).
b. Gap Closure (imclose)
Morphological closing fills small holes and connects adjacent regions:
BW, = imclose (BW, strel ('disk’, r))
A disk-shaped structuring element of radius r = 2 to 5 works well for human contours.
c. Hole Filling (imfill)
Fills holes within detected human blobs: BW, = imfill(BW," holes")
d. Region Expansion (imdilate)
To restore eroded human shapes and merge fragmented segments:
BW, = imdilate(BW, strel('disk’, d))
These operations are selected for their low computational cost and ability to preserve edge
information. In combination, they dramatically reduce false positives and improve region
continuity.

Real-Time Considerations

To maintain real-time capability, several optimizations were implemented:

. Processing every 4th frame.

. Sub-sampling to reduce pixel count

. Delayed background updates (every 10-15 frames)
. Limiting morphological passes to key regions only

This strategy reduces overhead while retaining detection accuracy, making the system suitable
for embedded or edge surveillance deployments.

Post-Detection Classification (Optional)

The system can optionally integrate a probability-based matching engine using feature point
tracking (e.g., KLT or its improved variants as per [13], [14]), but in this paper, the emphasis
remains on binary classification via refined morphology. Additional classifiers such as CNN-
based detectors or temporal filters may be included in future extensions.

6. Experimental Setup

To rigorously evaluate the proposed real-time human detection framework—combining
Gaussian Mixture Model (GMM) background subtraction with a multi-stage morphological
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filtering pipeline—a comprehensive experimental protocol was designed. This section outlines
the datasets, computational environment, parameterization, evaluation metrics, and
comparative baselines used to validate the system’s effectiveness under realistic surveillance
conditions.

6.1 Video Dataset and Ground Truth Annotation

Five surveillance video sequences—RIK1.avi, S1.avi, Sampl.avi, Bend.avi, and IBM.avi—
were selected from an in-house dataset used in prior work. These sequences simulate typical
fixed-camera scenarios in both controlled indoor and semi-dynamic outdoor environments.
Each video consists of 80-100 frames at 30 frames per second, with manually labeled ground
truth masks identifying moving human subjects.

. Resolution: Down sampled to 300x200 pixels to ensure real-time performance.

. Camera Setup: Static monocular cameras with fixed focal lengths

. Variability: Includes occlusion, varying motion trajectories, and moderate lighting
fluctuation

Ground-truth annotation was performed manually at pixel level to label foreground regions
representing human motion. Non-human motion (e.g., shadows, reflections, background
flutter) was excluded, enabling precise evaluation of true human detections.

6.2 Computational Environment

All experiments were conducted using the following configuration:

. Software Environment: MATLAB R2021b

. Toolboxes Used: Image Processing Toolbox, Computer Vision Toolbox

. Hardware Platform: Intel® Core™ i5-10300H CPU @ 2.50 GHz, 16 GB RAM
. Operating System: Windows 10 Pro, 64-bit

To simulate realistic deployment conditions, system-level optimizations were implemented:

. Frame skipping (1 in every 4 frames processed)
. Background model updates every 10-15 frames
. Subsampled processing regions for performance-critical tasks

Optimizations such as frame skipping (1 in every 4 frames) and background model updates
every 10-15 frames were incorporated to simulate real-time deployment.

6.3 Parameter Configuration
The detection pipeline was configured as follows:
. GMM Background Modelling:

o Number of Gaussians K = 3
o Threshold for foreground classification: > 3¢ deviation
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o Background update interval: every 12 frames (adaptive)
o Initialization via static background sampling (Eq. 2)

Morphological Filtering Pipeline:

bwareaopen: Removes small connected components (threshold: 200 pixels)
imclose: Structuring element strel (’disk’, 3).

imfill: Applied to fill holes in detected regions.

imdilate: Structuring element strel (’disk’, 2) for rejoining fragmented contours

o O O O

This sequence was empirically optimized to preserve true-positive human contours while
aggressively suppressing background-induced false positives and noise.

6.4 Evaluation Metrics

To quantitatively assess performance, the following well-established binary classification
metrics were used:

. True Positive (TP): Detected human pixels correctly classified
. True Negative (TN): Background pixels correctly classified

. False Positive (FP): Background pixels misclassified as human
. False Negative (FN): Human pixels missed by the detector

Based on these, the following six performance metrics were computed across all frames in each

sequence:
Recall: R, = r
TP+FN
e oo _ TN
Specificity: S, = previgens
False Positive Rate: FPR = ——
FP+TN
False Negative Rate: FNR = i
TP+FN
Percentage of Wrong Classifications: PWC = 100 x L —
TP+FN+FP+FN
Precision: P. = T
TP+FP

These metrics ensure a balanced evaluation of both sensitivity and robustness, particularly
under high-noise conditions.

6.5 Baseline Comparisons

Two main configurations were evaluated:

1. GMM-Only:
o Raw foreground mask obtained via GMM-based background subtraction
o Prone to noisy edges, fragmented blobs, and background artifacts

2. GMM + Morphological Filtering (Proposed):
o Same GMM background model
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o Post-processed with filtering pipeline:

o Enhances human contour integrity and reduces false alarms

6.6 Qualitative and Quantitative Assessment

>

vV V V V V

http://ymerdigital.com

bwareaopen — imclose — imfill — imdilate

Visual validation was conducted by overlaying bounding boxes on detected human
objects. Sample results demonstrate superior accuracy and boundary clarity post-

filtering.

Quantitatively, the proposed method yielded:

Precision: up to 98.7%
Recall: up to 97.9%

PWC: reduced by 40-60% over baseline GMM
A summary of comparative results is shown in Table 1 and supported by ROC and PR
curves (Figure 3.1 to 3.2) illustrating the significant advantage of the morphology-

enhanced approach.

Video Sequence Method

BEND.avi Basic GMM
Stauffer-Grimson [4)
Proposed Method

SAMPLE.awvi Basic GMM
Stauffer~Grimson [4]
Proposed Method

IBM.avi Basic GMM
Stauffer-Grimson [4]

Proposed Method

Frame #36
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Figure 3.1: RIK1.AVI
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Frame #12 skin detection human detection

Figure 3.2: RIK1.AVI
7 Performance and Real-Time Feasibility

The optimized implementation, including frame skipping and subsampling, resulted in an
average processing speed of 11-14 fps, ensuring practical real-time applicability for single-
threaded processing on mid-range consumer hardware. Future deployment on embedded
systems (e.g., NVIDIA Jetson Nano, Raspberry Pi 4 with GPU acceleration) can leverage
MATLAB Coder or Simulink HDL Coder to convert the algorithm into deployable C/C++ or
Verilog for field-ready systems, aligning with contemporary trends in real-time smart
surveillance [El Baf et al., 2008; Parks & Fels, 2008].

8. Results and Analysis

This paper presents a comprehensive evaluation of the proposed real-time human detection
framework, which combines Gaussian Mixture Model (GMM) background subtraction with a
carefully sequenced morphological filtering pipeline. The system's performance is assessed
through quantitative metrics, graphical visualizations, qualitative comparisons, and
computational analysis. Evaluation focuses on both detection accuracy and operational
efficiency to validate the method’s real-time applicability in surveillance environments.

8.1 Quantitative Evaluation

Six standard metrics—Recall, Precision, False Positive Rate (FPR), False Negative Rate
(FNR), Percentage of Wrong Classifications (PWC), and Specificity—were computed for each
of the five test sequences using the equations described in Section Evaluation Metrics. A
summary of the comparative results is presented in Table 1, where the proposed GMM +
Morphological Filtering method consistently outperforms both the Basic GMM and the classic
Stauffer—Grimson [4] models across all sequences. Highlights include:

. BEND.avi: Precision improved from 0.76 (Basic GMM) to 0.98; PWC reduced from
11.82% to 0.424%

. SAMPLE.avi: Recall increased from 0.41 to 0.96, indicating superior sensitivity to
human motion

. IBM.avi: FPR decreased drastically from 0.1600 (Basic GMM) to 0.0049, confirming

excellent background suppression
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This performance gain is directly attributable to the morphological refinement steps -
bwareaopen, imfill, imclose, and imdilate—which eliminated small non-human objects, closed
region gaps, and preserved true-positive shapes.

7.2 ROC and Precision-Recall Curves

Graphical analyses further support the statistical evaluation. The Receiver Operating

Characteristic (ROC) and Precision-Recall (PR) curves for the three configurations (Basic

GMM, Stauffer—Grimson, and Proposed Method) are shown in Figures 4.1 to 4.4 of the thesis.

Figure Insights:

. The ROC curves (Figures 4.1 — 4.2) illustrate a significant shift toward the top-left
corner, indicating lower false positive rates and higher true positive rates with the
proposed method.

. The PR curves (Figures 4.3 — 4.4) show improved area under the curve (AUC),
reinforcing the method’s ability to detect humans without sacrificing precision.

This improvement is especially visible in sequences with background clutter, where the GMM
output alone produced noisy segmentations, while the proposed method maintained tight object
boundaries.

Fig 4.1: Basic O/P

Fig 4.2: Stauffer & Grim O/P

Frome #64 Buman deteothon

Fig 4.4: Project O/P
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7.3 Qualitative Analysis

Before Filtering (Basic GMM):

Fragmented blobs, disconnected body parts

Frequent false positives due to dynamic background and shadow artifacts
Poor object contour clarity

After Morphological Filtering (Proposed):

Closed and coherent human silhouettes

o Accurate bounding box placement

o Near elimination of spurious detections

e O O O

o

This qualitative validation complements the quantitative performance, highlighting the visual
fidelity achieved through morphology-based region enhancement.

7.4 Comparative Examples

Figure set demonstrate the improvement trajectory:

Figure Description

. . Basi MM — Incompl ilh noi h -trigger

Fig 1.1, Fig 4.1 a3|c_ G Output complete silhouettes, noise, shadow-triggered
detections

Fig 1.2, Fig 4.2 ||Stauffer—Grimson Output — Improved model stability but still false positives

Fig 1.3, Fig 4.3 ||Proposed Output — Highly accurate, robust against noise, and visually reliable

7.5 Computational Performance

Efficiency is critical for real-time surveillance deployment. Table below summarizes the
average frames per second (FPS) achieved during tests on a standard laptop
configuration:

Method Avg. FPS Notes
Basic GMM 16.5 No post-processing; faster but noisy output
Stauffer—Grimson [4] 14.8 Moderate filtering, higher complexity

Proposed (GMM +

12.1 B le real-ti
Morphology) est accuracy, acceptable real-time speed

Optimization strategies, such as frame skipping, background update delay, and subsampling
helped achieve a good trade-off between precision and speed, confirming the method’s real-
time feasibility.
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7.6 Error Sources and Limitations

Despite strong performance, some limitations were observed:
i Edge Blur: Rapid motion in low-light frames led to blurred edges that morphological
filtering could not fully resolve.
. Static Human Misclassification: In rare cases, stationary humans were assimilated
into the background over time, a known limitation of non-temporal models.
iii. Over-Dilation: Excessive morphological dilation in high-density scenes occasionally
merged adjacent individuals into a single blob.

These issues suggest future work may incorporate temporal tracking (e.g., Kalman or optical
flow), adaptive structuring elements, or integration with CNN-based detectors for greater
contextual awareness [Pnevmatikakis & Polymenakos, 2006; Zivkovic & van der Heijden,
2004].

7.7 Discussion

The proposed method demonstrates substantial improvements in both detection accuracy and
robustness under varying conditions. Key findings include:
i High Precision and Recall: Due to the morphology-enhanced mask refinement.
. Low PWC and FPR: Critical for reducing false alarms in security-sensitive
environments.
iii. Hardware Viability: Achieves real-time performance without GPU dependency.
iv. Scalability: Modular design enables easy integration with deep-learning classifiers or
FPGA-based acceleration in future work (EIl Baf et al. [35]; Parks & Fels [30]).

These results affirm that morphological post-processing is not only computationally efficient
but also instrumental in achieving production-grade detection quality—particularly in low-cost
or resource-constrained surveillance systems.

8. Conclusion and Future Work

This paper presented an enhanced framework for real-time human detection in surveillance
video by integrating Gaussian Mixture Model (GMM) background modeling with a robust
sequence of morphological filtering techniques. The method specifically addresses the
challenges posed by raw GMM-based foreground segmentation, which often results in noisy,
fragmented, or incomplete object regions—particularly in dynamic or low-contrast
environments. The system architecture, derived from the foundational model presented in
Figure 4.1 was designed to refine binary foreground masks through a four-stage morphological
pipeline consisting of small object removal (bwareaopen), hole filling (imfill), region closure
(imclose), and silhouette restoration (imdilate). These operations significantly improved the
spatial coherence and accuracy of detected human regions while maintaining computational
efficiency suitable for real-time deployment. Quantitative evaluation across multiple video
sequences—BEND.avi, SAMPLE.avi, and IBM.avi—demonstrated superior performance in
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comparison to baseline GMM and Stauffer—Grimson methods. Notably, the proposed method
achieved up to 98.7% precision, 97.9% recall, and a drastic reduction in Percentage of
Wrong Classifications (PWC) to 0.165% on the IBM.avi sequence, as reported in Table 1.
In terms of computational viability, the system achieved a stable throughput of 12.1 FPS on
standard CPU hardware without the use of GPU acceleration, validating its suitability for
deployment in low-cost or embedded surveillance systems. The method’s low complexity,
modular design, and independence from deep learning models make it particularly
advantageous for applications with strict latency or power constraints.

Future Work

While the current system demonstrates high reliability under standard surveillance conditions,

several avenues remain for future enhancement:

1. Adaptive Morphological Filtering: Dynamic tuning of structuring element size based
on scene complexity or object proximity can further reduce error rates in heterogeneous
environments.

2. Hybrid Learning Integration: Combining traditional GMM with lightweight CNNs
or attention mechanisms could enhance discriminative capabilities while maintaining
real-time performance. Approaches such as YOLOv5-tiny or MobileNetV3 may be
integrated at decision-level fusion.

3. Temporal Stability and Multi-Frame Fusion: Incorporating Kalman filters or
temporal smoothing techniques can stabilize detection across frames, reducing jitter
and enhancing tracking quality.

4. Hardware Acceleration: Future implementation on platforms such as NVIDIA Jetson
Nano, Intel Movidius, or FPGA using MATLAB HDL Coder or OpenCL could enable
power-efficient deployment in loT-based surveillance nodes.

5. Extended Dataset Validation: Testing on public surveillance benchmarks such as
PETS, CAVIAR, or ViSOR will further validate scalability and generalizability of the
model in multi-subject and crowded scenes.
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