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A B S T R A C T

Video surveillance involves the deployment of cameras to observe and record activities for security and moni
toring purposes. This is vital for crime prevention, public safety, and improving operational efficiency across 
various environments. The rising demand for real-time security and threat detection has increased interest in 
sophisticated video surveillance systems. However, challenges persist in achieving an accurate automated 
analysis under diverse environmental and situational conditions. This paper presents an optimization strategy for 
video surveillance system deployment using a deep-learning algorithm. This strategy combines the base image 
with information about the behavioral events depicted in the frame sequence and then uses a Sobel filter to 
detect boundaries. The present study employs a rapid feature point identification algorithm known as the local- 
peak scale-invariant feature transform (LP-SIFT), which is based on multi-scale local peak features that are 
invariant to scale and represent multi-scale fluid turbulence. Traditional segmentation methods in video sur
veillance often lack contextual understanding and temporal consistency, which Modulated Memory Networks 
aim to address using adaptive memory-driven feature modulation. Next, we used an (SSD) with MobileNet V2 to 
classify fragments. SSDs can bypass the region proposal network and reduce latency. SSDs incorporate several 
optimizations such as multiple cooperative functions and base boxes to compensate for the loss of accuracy. To 
optimize and enhance the accuracy and efficiency of the video surveillance classification, the model parameters 
were fine-tuned. The Coati Optimization Algorithm (COA) is a metaheuristic algorithm inspired by coati be
haviors: their cooperative strategy when attacking iguanas, and their anti-predator and avoidance behavior 
strategies. To evaluate the LP-SIFT algorithm, we considered datasets with varying scenes, pixel sizes, and 
distortion levels, across different lighting conditions and environments.

1. Introduction

The background, motivation, and major challenges involved in video 
surveillance are outlined in this section to justify the proposed work.

The primary difficulty in executing VI-ReID is the pattern disparity 
between visible and infrared images [1]. Typically, the two modes share 
common characteristics. The first method used image-level techniques. 

Using this approach, generative adversarial neural networks (GANs) and 
other neural networks can generate intermediate image or 
imaginer-correspondingg patterns. Although effective in reducing 
pattern differences, these methods introduce unnatural noise.

There are many difficulties in identifying [2] and detecting behav
ioral events in video streams owing to a variety of unique reasons. It is 
usually difficult to distinguish between the end and starting points of an 
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event. Some examples of these complications are the fact that an event 
can be performed in various ways at different points in time by one or 
more bio-objects and that a bio-object can express two different states 
simultaneously (e.g., jumping). Even though most convolutional net
works deal with single frames, knowing the time context still limits their 
ability to successfully interpret recorded videos.

In [3] recent years, feature-based stitching methods have become 
more attractive than computationally intensive region-based techniques 
owing to their low area overlap requirements. Harris et al. pioneered a 
procedure for stitching images based primarily on feature detection, 
whereas Lowe et al. [4] created a scale-invariant feature transform 
(SIFT) utilizing a Gaussian pyramid along with a Gaussian difference 
pyramid.

In [5], is presented a modified memory network (MMN) that in
tegrates an importance modifier (IM) and a position modifier (PM). 
These components are specifically designed to address the aforemen
tioned challenges. This [6] module modifies features from previous 
frames in memory using adaptive weights for spatial and channel 
dimensions.

To improve the COA, chaotic mapping [7], dynamic learning, 
cross-section, and Levy flight strategies have been adopted. Initially, 
chaotic mapping is applied during the population initialization phase by 
employing chaotic sequences to create higher-quality populations. 
Subsequently, a lens-based learning approach was used [8].

The main objectives of this study were as follows: 

• The Sobel filter is commonly employed for edge detection. It is 
particularly useful in video surveillance for identifying shifts in pixel 
intensity that signify edges, such as outlines of objects, motion, or 
atypical activities.

• LP-SIFT (Local Pattern-SIFT) builds on the standard SIFT algorithm 
by incorporating local texture patterns, which enhances its ability to 
withstand variations in lighting and orientation. This adaptive 
method can improve target recognition and tracking accuracy in 
complex dynamic video surveillance environments.

• The Modified Memory Network (MMN) consistently achieves high 
performance compared to state-of-the art methods, demonstrating 
the effectiveness of both the IM and PM modules, as confirmed by 
ablation studies.

• The upgraded SSD MobileNetV2 combines the MobileNetV2 archi
tecture with SSD enhancements to enable real-time object detection 
in video surveillance.

• The enhanced COA was based on four primary strategies: chaotic 
mapping, dynamic lens imaging learning, Levy flight, and 
intersection.

2. Literature survey

Currently [9], the two main research directions for monotype rei
dentification are representation and analogical learning. Representation 
learning is dedicated to enhancing a network’s ability to differentiate 
pedestrian representations. In contrast, metric learning improves the 
relative distances between images in the network by placing images with 
the same identity closer to those with different identities. Deep learning 
methods [10] improve the performance of single-model person 
re-identification (Re-ID) performance. However, VI-ReID must address 
the differences between images from the two modalities. Methods that 
achieve good results in a single modality cannot be directly applied to 
multimodality person re-identification.

Single-mode person re-identification [11–13] aims to recognize and 
retrieve images of individuals captured only under visible-light condi
tions. This task often involves occlusions, illumination, and viewpoint 
changes. To address these challenges, methods use CNNs such as 
ResNet27 to extract unique features. Recently, vision transformers 
(ViTs) have emerged for image analyses. He et al. [14] applied it to 
single-modality person re-identification to improve feature 

dependencies.
Wang et al. [15,16] classified deep learning-based single-shot VOS 

techniques into three categories based on how they use the initial an
notated frames during inference. OSVOS, OSVOS-S, and AVOS utilize 
image segmentation techniques and refine a comprehensive network to 
concentrate on objects present in the initial frames [17]. These methods 
update their segmentation models online to manage objects that change 
in size over time.

In this study, we combined chaotic mapping, dynamic lens imaging 
learning, intersection, and Levi’s flight strategies to improve the COA 
[18,19]. A chaotic mapping strategy using chaotic sequences constructs 
the population to ensure quality during initialization. In addition, we 
added a lens-based dynamics learning mechanism to enhance popula
tion diversity and promote navigation over a larger area [20].

3. Proposed methodology

The framework’s design, which includes preprocessing, LP-SIFT, 
MMN, SSD-MobileNetV2, and COA optimization, is mapped to the 
proposed method’s role. This method uses Sobel filtering to enhance the 
edges of video frames, offering clearer object boundary definitions for 
more effective motion detection and segmentation in surveillance 
videos.The MMN performs adaptive modulation of memory by consid
ering segmentation confidence together with spatiotemporal position 
information. It uses an enhanced SSD MobileNetV2 architecture for fast 
and accurate real-time object detection in video surveillance, blending 
lightweight architectures with advanced feature extraction capabilities. 
The Coati optimization algorithm optimizes the parameters in video 
surveillance systems for enhanced target detection and tracking.

3.1. Preprocessing

Considering the temporal context, the model assesses animal 
behavior based on its location, past migration routes, and predicted 
future routes.

The two labeled images were resized to 224 × 224 pixels and merged 
using a Sobel filter. This filter calculates image derivatives along the 
horizontal and vertical axes and emphasizes brightness changes at object 
edges and contours [21]. The Sobel filter increased the contrast between 
the dynamic and static animals, thereby improving the data quality for 
training the model (Fig. 1).

3.2. Feature extraction

3.2.1. Local-peak scale-invariant feature transform (LP-SIFT)
The LP-SIFT technique illustrated in Fig. 2 comprises five stages: 

image preprocessing, feature point detection, point description, 
description, point matching, and image stitching. First, each stage is 
explained, followed by the application of LP-SIFT for the reconstruction 
of larger images from randomly created fragments [22].

3.2.2. Image preprocessing
The images in Fig. 3 are linked as a reference image (stored as matrix 

M1) and a registration image (stored as matrix M2). In the LP-SIFT al
gorithm, because the feature points correspond to local peaks, it is 
numerically beneficial to first apply a small linear background to both 
images. This preprocessing step improves the detection of feature points, 
particularly in regions of uniform intensity caused by image saturation.

The modified image matrices Mn,k are defined by: 

Mn,k(i, j) = Mk(i, j) + [(i − 1) ∗ nck + j] ∗ α (1) 

where α≪1is the linear noise coefficient. nck is the number of columns in 
image Mn,k, k = 1refers to the reference image, and k = 2 refers to the 
registration image, i and j denote the row and column indices, 
respectively.
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3.2.3. Feature point detection
In Step 2 of the LP-SIFT algorithm, local peaks in multiscale images 

are selected as feature points. The reference and registered images were 
divided into square query windows of size L, with L ranging from 32 to 
128 pixels. For each window, the maximum and minimum pixel in
tensities were extracted and used as feature points [23].

This operation can be expressed as 
{Mn,k,max(p,L)=max[Mnp,k (i,j)],ij ∈[0,L]

Mn,k,max(p,L)=max[Mnp,k (i,j)],ij ∈[0,L]
(2) 

where Mnp,k (i, j)is the pth interrogation window of L × L pixels,

3.3. Segmentation

3.3.1. Modulated memory network (MMN)
During the memory phase, the prior frame and its associated object 

mask are utilized to create a modulated memory for future segmentation 
tasks. These frames are encoded and saved in the memory As shown in 
Fig. 4 for historical frame Ii and its object mask Pi, a memory encoder 
EnM is first applied, which takes input of both Ii and Pi and output key 

Fig. 1. The Sobel filter architecture is used for edge enhancement during preprocessing.

Fig. 2. Framework of the proposed Local Peak Scale-Invariant Feature Transform (LP-SIFT) method.

Fig. 3. Illustration of proposed LP-SIFT algorithm showing feature point detection and image registration steps.
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feature Ki
M ∈ RHW×Ck and value feature Vi

M ∈ RHW×Cv , CK and CV are in 
MMN is: 

• CK =128, the channel dimension of the key feature
• CV = 512, the channel dimension of the value feature

The spatial dimensions are defined as
Spatial dimensions are H = sHimand W = sWim, where Him and Wim 

correspond to the spatial dimension of the input frames. S = 1/16 is the 
downsampling stride of the backbone (ResNet-50, following STM).

3.3.1.1. Motivation for modulated memory. Previous solutions store Ki
M 

and Vi
M to memory directly. The IM module takes as input the value 

feature Vi
M, a readout feature Ri

Mand the object mask Pi, and it outputs a 
weight map Ai.

Affinity matrix calculations
To obtain Ri

M, the features of 
{
Ij
}i− 1

j=1, i.e., key features Ki− 1
M =

{
kj

M

}i− 1

j=1
and value features Vi− 1

M =
{

Vj
M

}i− 1

j=1
, are taken as a reference. An 

affinity matrix Ai is first calculated between the key features. For each 

spatial location p in Ki
M and q in Ki− 1

M =
{

kj
M

}i− 1

j=1
, 

A(p, q) =
exp

(
Sp,q

)

∑
qexp

(
Sp,q

) (3) 

where similarity score sp,qis computed via: 

sp,q = c
(
Ki

M(p),K
i− 1
M (q)

)
(4) 

Here, c (⋅,⋅) denotes the dot product function.
Then, Ri

M is aggregated through the weighted sum of value features 

Vi− 1
M =

{
Vj

M

}i− 1

j=1
, 

Ri
M(p) =

∑

q

(
A(p, q) ⋅Vi− 1

m (q)
)

(5) 

The IM module can learn to estimate the reliability of frame Ii by 
comparing Ri

M with Vi
M. Afterward, we adopt EnP to encode Iiinto feature 

Pi
E, of which the number of channels is 32. Then, we concatenate Pi− 1

E , 
Ri

Mand Vi
M together along the channel dimension, and we input it into an 

estimator Est and output the modulation map Ai . Finally, modulation for 
frame Ii is conducted as follows, for each position p in Vi

M in Eq. (6): 

VM(p) = A (p)⋅ Vi
m(p) (6) 

Modulation occurs in the value features carrying the target object 
label information. They provided experimental results by comparing 
modulation modes. After modulation, modulated features of historical 
frames 

{
Ij
}i− 1

j=1 stack along the temporal dimension, constructing a 

modulated memory. Mi =
{
Km ϵ RNHW ×CK ,VM ϵRNHW ×Cv

}
.

In the segmentation process, the MMN uses the modulation memory 
Mi− 1 to segment the current frame pIt. Here, the supporting features are 
searched by matching. The position modifier (PM) encodes the spatio
temporal position information of the key features into the memory and 
current frames to improve matching accuracy. This helps to better utilize 
the first and last keyframes [24]. The coordinates of each dimension 
(height, width, and time) were encoded into the embedding using sine 
and cosine functions at different frequencies. 

PE(p, c) =
{

sin (Norm(p) • wk, for c = 2k
cos (Norm(p) • wk, for c = 2k + 1 (7) 

where p is the coordinate in dimension, wk = 1
10,0002k/

d
3 and c is channel 

index. The norm is a normalization function. The spatial coordinates are 
sequentially numbered, with normalization function defined as Eqn (8)

NormR(p) =
p

max
pϵ p (p))

(8) 

For the temporal dimension, we define temporal coordinates as 
Pt={2,3,4,…,t− 1,1,1} for each video s = {I1, I2, I3,…., It− 2, It− 1, It}. The 
normalization function for the temporal coordinates is defined as (9). 

NormR(p) =
1
p
, p ϵ p (9) 

The custom encoding method fixes the position between the current 
frame and the keyframes, allowing access to key reference information 
based on the temporal position. Position embeddings for each channel 

Fig. 4. Architecture of the Modulated Memory Network (MMN) used for temporal consistency in video segmentation.
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dimension are combined and added element-wise to key features ki
M and 

kt
q, resulting in modulated key features. ki

M kt
q,kNHW ×Ct is the key feature 

of current frame Ii, encoded by EnQ.
After obtaining the features, the affinity matrix is determined using 

(5). The extracted supporting features from the modification memory 
through weighted pooling are shown in Eq. (8). The decoder Dec gen
erates mask prediction for frame It by decoding retrieved support 
features.

3.4. Classification

3.4.1. Improved SSD Mobilenetv2
A single-shot detector (SSD) enables high-speed real-time object 

detection without requiring a region proposal. To counter any possible 
precision drop, the SSD includes supplements, such as several co- 
features and default boxes. With these improvements, it can be 
handled easily by lower-resolution images during SSD processing, 
similar to that of Faster R-CNN. It is aptly termed as a single-shot de
tector because it captures only its true essence. Unlike other models of 
the same family that require several passes over an image to realize 
detection, SSD typically does it in one pass, hence speediness. Despite 
this speed, it retains high detection capability. It classifies the pre
dictions by view size, generating others at different mAP scales to 
maintain high detection accuracy. mAP features were extracted from 
SSD backbone using a pre-trained classification network, and features 
were later processed in the SSD head [25]. The mAP of the features 
generally persisted once the last image classification layer was removed 
from the model. The SSD head implements many more convolution 
layers built on top of the main model. These layers can draw bounding 
boxes around the objects in the image. The composite thinning opera
tion is key to differentiating between different objects. Sigma activation 
in the last layer is reduced from 80 to 5, which constitutes a typical 
mobile phone terminal. The remaining architecture was realized using 
53 artificial stacks along with batch normalization and activation 
functions; thus, the thinning layers were excluded from the consider
ation of being nonlinear. Even then, with 53 layers, the model finds it 
difficult to recognize small objects such as personal items, vehicles, and 
bicycles. To overcome these problems, we implemented a feature pyr
amid extractor, as shown in Fig. 5. Given an input image of arbitrary 
size, it generates specific access points to features of decreasing size 
through a fully convolutional network. This method is independent of 
the convolutional architecture used in the backbone, and bolsters the 
learning ability of the model for detecting small objects. To avoid 
overfitting, we added additional training samples and reduced the batch 
size to eight. This improved the accuracy and recall while conserving 
memory resources.

3.5. Optimization

3.5.1. Coati optimization algorithm
The originality of the Coati Optimization Algorithm (COA) lies in its 

biologically inspired design, which mimics the cooperative hunting and 
predator-avoidance behavior of coatis. Unlike conventional meta
heuristics such as Particle Swarm Optimization or Grey Wolf Optimi
zation, COA integrates four adaptive strategies—chaotic mapping, 
dynamic lens-based learning, Lévy flight, and intersection-based 
exploration—that collectively improve convergence speed and prevent 
premature stagnation in local minima. This hybrid structure enables 
COA to dynamically balance exploration and exploitation during 
parameter tuning, ensuring global optimality in complex, high- 
dimensional search spaces. Practically, this results in more accurate 
and stable hyperparameter selection for deep learning-based video 
surveillance models, leading to superior detection accuracy, faster 
training convergence, and enhanced real-time performance under 
diverse environmental conditions. The adaptability and computational 
efficiency of COA demonstrate its potential as a general-purpose opti
mizer for other real-time computer vision and intelligent monitoring 
applications.

The Coati Optimization Algorithm (COA) is a 2023 nature-inspired 
heuristic method. The governing rules of COA stem from the hunting 
strategies and predator avoidance behaviors of coatis. In COA, every 
coati does not have a fixed position, but acts as an independent search 
agent that moves within the p-dimensional search space.

The algorithm simulates the individual-level decision-making of 
coatis while searching for prey and escaping predators.

Each coati’s position is progressively adjusted to move closer to the 
globally optimal position, which represents the best possible solution, by 
trailing the iguanas (leaders) and investigating new areas within the 
search space.

3.5.2. Initialization process
To begin with, the COA generates m random individuals using Eq. 

(10), where the maximum boundary for individual values is Xmax =

xmax
j − xmin

p and the minimum boundary is Xmin= xmax
j ,…., xmin

p . Eval
uate the initialized random individuals using the objective function. 

xi,j = xmin
j + rand ⋅

(
xmax

j − xmin
j

)
, i = 1,2,….,m, j = 1, 2,…., p (10) 

3.5.3. Hunting and attack strategies (Exploration phase)

xnew
i,j = xi,j + b ⋅

(
Iguj − I ⋅xi,j

)
, j = 1,2,…,

[m
2

]
(11) 

When an iguana becomes startled and descends, its landing spot is 
randomly chosen. In response, the remaining coatis on the ground alter 
their movements to align with iguana’s newly assigned random position. 
These behaviors are expressed in Eqs. (10) and (11). Schematic showing 
the updated positions of iguana. 

Fig. 5. Improved SSD MobileNetV2 architecture for real-time object detection in video surveillance.
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Iguj = xmin
i + b ⋅

(
xmax

j − xmin
j

)
, j = 1, 2,…, p (12) 

xnew
i,j =

{
xi,J + b •

(
Iguj − I⋅ xi,J

)
, F(Igu) < FI

xi,J + b •
(
xi,J − Iguj

)
, otherwise , i =

[m
2

]
+ 1,…,m : j

= 1, 2, … ., p
(13) 

where xi,J represents thejth dimension. Iguj is the j-th dimension of the 
iguana’s position. FIgu is the fitness of the iguana’s position. FI is the 
fitness of the current coati position. I∈ {1,2}, b∈ [0,1]. Fig. 6 show as in 
Architecture of Coati Optimization Algorithm

3.6. Evaluation metrics

The confusion matrix uses four metrics: True Positive Rate (TPR), 
True Negative Rate (TNR), False Positive Rate (FPR), and False Negative 
Rate (FNR), as Eqs. (14–20). 

TPR =
Truepositive

Truepositive + FalseNegative,
(14) 

FPR =
Falsepositive

Falsepositive + TrueNegative,
(15) 

TNR =
TrueNegative

Falsepositive + TrueNegative,
(16) 

FNR =
Falsepositive

Truepositive + FalseNegative,
(17) 

Precision =
Truepositive

Truepositive + Falsepositive
(18) 

Recall =
Truepositive

Truepositive + Falsepositive
(19) 

Recall =
2

Precision− 1 + Recall− 1 (20) 

Therefore, a True Positive cannot be considered simply positive. The 
misidentifications of positive are the so-called false positives, whereas 
true negatives are those correctly identified as non-positive.

4. Results and discussion

We present empirical findings, compare the performance with the 
baselines, and analyze the strengths and limitations of our proposed 
approach.

The model was constructed using a setup involving two datasets to 

evaluate the data preprocessing methods. The first dataset relied on 
traditional image classification and segmentation techniques, whereas 
the second dataset employed the preprocessing approach implemented 
in this study.

4.1. Datasets

Datasets with various scenarios, pixel resolutions, and distortion 
levels were used to examine the efficiency of the LP-SIFT algorithm. 
Datasets A and B consist of three well-known image pairs from previous 
studies for Dataset A: (1) mountain scenes, (2) street views, and (3) 
terrain images; Controller B includes three image pairs taken with a 
PGKM10 (OnePlus) mobile phone camera with six-megapixel resolution. 
Dataset B pairs were: (1) building view, (2) campus view with trans
lational movement, and (3) campus view with rotational variation. 
Figs. 7 and 8 show sample images from Datasets A and B, respectively. 
Fig. 9 presents the traditionally labeled and preprocessed images 
generated using the recommended methodology.

This procedure prioritizes stitching the reference images with the 
most adjacent combinable images. In this initial stage is concatenate the 
reference and matching images and keep the non-matching images 
separately in a non-matching set. A new reference image was selected 
from the unmatched collection using HM criteria. This process is 
repeated until the unmatched collection is empty, signaling the 
completion of the mosaic. Fig. 10a shows the original images captured in 
this experiment. Fig. 10a shows the original image (6400 × 4270). 
Fig. 10b shows the segmented images extracted from the image. Fig. 10c 
Result of the stitching process; the time taken for stitching is 158.94 s

Fig. 11 presents the Training and Validation Accuracy and Loss 
curves of MobileNetV, showing that rapid improvement performance 
occurred at the beginning epochs followed by stable curves with above 
98 % accuracy, strong learning, and effective generalization. The 
alignment of the training and validation accuracy curves indicated a 
reduced overfitting. The loss curve showed a sharp downward trend 
during the first 10 training and validation epochs, after which the loss 
approached zero, indicating effective convergence.

The mountain dataset, the computation times are recorded as fol
lows: SIFT requires 101.21 s, ORB completes in 0.71 s, BRISK takes 1.30 
s, SURF finishes in 0.85 s, and LP-SIFT needs 1.16 s. Among these, ORB 
was the quickest, whereas SIFT was the slowest. The comparison is 
illustrated in Fig. 12. Alternatively, the virtual tour

Computation time for the dataset: SIFT 226.62 s, ORB 2.27 s, BRISK 
2.22 s, SURF 2.54 s, and LP-SIFT 2.05 s.

The confusion matrix evaluates the performance of classification 
models in video surveillance applications. True Positives (TP) are events 
detected by the system, such as the detection of a present person. False 
Positives (FP) are events in which system claims exist, but they do not, 
resulting in a false alarm. True Negatives (TN) pertain to unwanted 

Fig. 6. Architecture of the proposed Coati Optimization Algorithm (COA) illustrating hunting and avoidance strategies.
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events that are ignored, such as when no one is present. False Negatives 
(FN) occur when an event, such as a present person, fails to be recog
nized by the system. The confusion matrix for the proposed method is 
shown in Fig. 13.

In video surveillance applications, TPR refers to the correct identi
fication of events, such as the detection of real intrusions, whereas FPR 
corresponds to false alarms. The upper-left curve represents the better 

models. The AUC is a summary measure of model performance, with 1.0 
representing perfection and 0.5 representing chance. The ROC curve is 
crucial for determining the best thresholds to achieve a balance between 
sensitivity and specificity, which is vital in surveillance to minimize both 
missed detections and false alarms. Fig. 14 shows the ROC curve for the 
classification process of the proposed method for video surveillance.

Fig. 7. Dataset A: (a) mountain scene, (b) street view, (c) terrain image.

Fig. 8. Dataset B: (a) building view, (b) campus view (translation), and (c) campus view (rotation).
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4.2. Ablation study

Validation set ablation tests were performed to determine the 
contribution of each part of the proposed MMN. Direct training from the 
data of the training set, with no pre-training, allows for faster validation. 
Based on the context importance and hash confidence, the IM module 
modifies the memory frame.

Other explored adjustment techniques include the evaluation of 
models that apply adjustments to base features only, value features only, 
or both. As shown in Table 1, the performance improved when the value 

feature was adjusted. This is because the value feature is primarily used 
to encode the information related to the prediction mask. This prevented 
the propagation of silent errors. Conversely, important features encode 
the appearance information, which is primarily used for similarity 
assessment. Any alteration to the essential features could lead to 
improper association of the object and, consequently, reduced accuracy 
in segmentation.

Fig. 9. Color-coded annotations showing temporal variable changes over time.

Fig. 10. Results of the LP-SIFT image stitching process: (a) original images, (b) segmented image sets, and (c) final mosaic (processing time = 158.94 s).
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5. Conclusion

This section summarizes the essential contributions of this work, 
considers the advantages of the method, and points to directions for 
future work on intelligent video surveillance. The algorithm for feature 
point detection is discussed as follows: the local peak scale-invariant 
feature transform (LP-SIFT), which integrates the local maximum scale 
in SIFT. Using LP-SIFT with RANSAC for image stitching achieved faster 
processing than conventional SIFT, with applications in topographic 
mapping, biological and forensic analyses. This study proposes a 
modified memory network (MMN) for single-shot video object seg
mentation. The strategy consists of two modules: Importance Rate (IM) 
and Position Rate (PM). The IM module develops detailed memory and 
refines the memory embeddings by contextual evaluation of the rele
vance of segmentation. The five independent machine learning models 
that we developed to identify crime-scene investigators in video footage 
included the enhanced SSD MobileNet. This provides a unique method 
by forming ensemble models for each crime category. The OpenCV li
brary was used to read video streams, detect objects, classify crimes, and 
generate frame-sharing for playback. The COA was enhanced using four 
strategies to represent the CMRLCCOA. In the first population genera
tion phase, a raccoon population is generated using a sinusoidal chaotic 
mapping function to avoid randomness. This method augments the coati 

population search area and improves population quality. From surveil
lance to intelligent monitoring, computer vision algorithms have 
become important for edge detection, object recognition, and real-time 
tracking. Currently, LP-SIFT, along with algorithms such as Sobel filters 
and refined SSD MobileNetV2, guarantees superior accuracy, efficiency, 
and adaptability in watchkeeping, all of which are indispensable tools 
for security, traffic management, and public safety.
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