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Abstract: The continuous progress of society has put forward higher requirements for the performance of current video
surveillance, and object detection is an essential research content in the video surveillance process. Traditional object detection
methods have disadvantages such as poor generalization ability, large limitations, and weak adaptability, which cannot meet the
current social demand for object detection in video surveillance. Therefore, to promote the effectiveness of urban video
surveillance, an Improved Fast Regional Convolutional Neural Network (IFast R-CNN) model is constructed. This model has
been introduced with optimization strategies such as the K-Means Clustering Algorithm (K-means), optimized Non-Maximum
Suppression (NMS) algorithm, weighted penalty method, and Region of Interest Align (RolAlign) layer to raise the accuracy of
object detection in video surveillance. This study conducts relevant research to assess the effectiveness of the proposed model.
This model has better convergence performance compared to the other two comparative models, and it tends to stabilize after
56 iterations. The Area Under the Curve (AUC) of the model can arrive at 0.989. After verifying the effectiveness of the
optimization strategy, it is found that the mean accuracy of the optimized model can reach 96.13%. Therefore, the model
constructed by this research institute has good object detection performance and great potential for application in video
surveillance processes.
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1. Introduction reflected in the reasonable utilization of neural networks,
which can significantly reduce the amount of data
required for processing and extract image features well.

Although DL algorithms have higher detection accuracy,

Currently, the construction of smart cities is constantly
moving forward, and the demand for Video Surveillance

(VS) isincreasing. The intelligent VS system is a type of
video image acquisition system based on electronic
surveillance devices, which achieves automation and
intelligent acquisition of events and information.
Advanced intelligent VS can utilize visual computing to
provide reliable real-time warnings for system managers,
thereby ensuring the safety of real production and life. In
addition to its significant importance in the field of
public safety, intelligent VS also has a huge demand and
wide application prospects. Object Detection (OD) in VS
is an important research topic in computational vision.
OD refers to the detection of all targets in a video or
image. Currently, OD tasks have significant practical
value in various production fields of society and have a
significant impact on people's daily lives. Traditional
OD methods mainly use histograms of oriented gradients,
scale invariant feature transformation, sliding window,
etc., which have poor generalization ability, large
limitations, weak adaptability, and other shortcomings [1,
7,18, 26]. As aresult, video OD methods based on Deep
Learning (DL) have emerged. The intelligence in DL is

they still face challenges such as long training cycles and
large memory consumption. To promote the target
detection accuracy in the VS process, this study proposes
an Improved Faster Region-based Convolutional Neural
Network (IFasterR-CNN) OD model, which aims to
improve the performance of VS systems to better adapt
to the development of smart cities.

The main innovation of this study lies in four aspects.

1) The K-means Clustering Algorithm (K-means) is
used to cluster the target scales in the training data,
and the clustered scales are used as prior knowledge
to initialize the anchor box. This makes the model
more in line with the actual data distribution and
improves the detection ability of targets at different
scales.

2) By using the RolAlign layer instead of RolPooling
and adopting the bilinear interpolation method, the
rounding error of floating-point coordinates is
avoided, thus more accurately extracting target
features, especially when dealing with small targets,
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the effect is significant.

3) The SoftNMS algorithm is introduced, and the scores
of overlapping candidate boxes are reduced through
linear or Gaussian weighting, instead of directly
removing overlapping candidate boxes, which
improves the recall rate of dense or occluded targets
while maintaining detection efficiency.

4) Multiple data augmentation methods (such as
cropping, color transformation, flipping, rotation,
scaling, noise addition, etc.) are used to expand the
original image. This increases the diversity of training
samples in a low-cost manner, effectively preventing
model overfitting and enhancing the adaptability of
the model in complex scenes. This study is mainly
composed of four sections. The first section isRelated
Work, mainly analyzing the techniques used in the
research. The second section is the improvement and
optimization of the OD model, FasterR-CNN. The
third section is the research assessment of the
proposed model. The last section is a summary and
outlook for the entire article.

2. Related Works

Intelligent VS is widely used in common fields such as
public transportation, healthcare, and the military. The
technology of intelligent VS mainly focuses on
computer vision, and many scholars have conducted
research on this topic. Yu and et al. [21]. Proposed a
building architecture based on an intelligent power
surveillance system to address issues such as difficulty
in coordinated operation between systems in intelligent
buildings. This architecture could provide determination
support for building operation and maintenance
management by combining big data and analyzing VS
objects [15, 22]. Sharma and Sungheetha, [12]. Proposed
a DL framework that combined CNN and SVM to
address the phenomenon of camera-captured images
being prone to data loss during dimensionality reduction.
This framework detected abnormal events in continuous
videos by preprocessing video data and performing
dimensionality reduction on the images within it.
Scholar Elhoseny, [2]. Developed a new V'S technology
for multi-OD and tracking. The technology used the
optimal Kalman filter to achieve real-time tracking of
moving objects in the video frame, and used the region
growth model to convert video clips into morphological
operations. The evaluation outcomes of this framework
denoted that its maximum detection and tracking
accuracy were 76.23% and 86.78%, respectively Pareek
and Thakkarput, [9]. Forward a new VS technology and
applied it to human behavior recognition to achieve
recognition and surveillance of human activities. This
technology utilized machine learning and DL to classify
human abnormal activities, and had advantages such as
data dimensionality reduction and action analysis for
intelligent transportation system, Wan and et al. [14].
Discussed the real-time VS technology. Research found

that the increasing amount of streaming media brought
more inconvenience to operators in capturing suspicious
actions. Therefore, a long video event retrieval method
was proposed. This method could extract the required
video clips from a massive amount of long videos,
significantly improving the efficacy and detection
accuracy of semantic description Zhang and et al. [24].
Constructed an intelligent poultry farming base
environment VS system with the Internet of Things from
the perspective of agricultural intelligence. The system
used the ESP-12F WIFI module as the control core and
used sensors to monitor the temperature, humidity,
lighting, and other information of the breeding base
Intelligent VS technology has two core contents, namely
OD and behavior analysis. OD is mainly used for real-
time surveillance of object status and position
information. Behavioral analysis mainly focuses on
operators. With the quickgrowth of computer science
and technology, the intelligent method of combining DL
with OD has been highly favored by scholars from all
walks of life, and has also driven a research boom in the
academic community. Junos and et al. [4]. Applied
intelligent OD technology to the agricultural field and
proposed a YOLO-P model optimized by YOLOV3. This
model combined a densely connected lightweight neural
network backbone and a multi-scale detection
architecture, enabling the detection and localization of
mature fruits in orchards Wei and et al. [17]. Raised a
new feature fusion strategy to address the limitation of
significant differences in the features extracted by
traditional OD models. This strategy could adaptively
select complementary components while avoiding the
introduction of excessive redundant information Kim
and et al. [5]. Scholars constructed a spike neural
network based on the good OD performance of deep
neural networks. This network had low power
characteristics, but its training was relatively complex Li
and et al. [6]. Proposed a bidirectional adversarial attack
method to address security vulnerabilities caused by
adversarial attacks in target detection. This method first
pushed the predicted outcomes given by the detector
away from the real class on the ground; Then, the
foreground score was reduced according to the set
confidence loss function; Finally, the confrontation
samples were produced, and the model was trained by
the confrontation method to speed up the rate of
convergence of the algorithm Qin and et al. [11].
Designed a real-time salient OD network of ID-YOLO
based on the OD performance in an autonomous vehicle.
This target detection network could simulate the driver's
selective attention mechanism to more accurately detect
targets most relevant to driving safety Qin and et al. [10].
Constructed a dense sampling and detail enhancement
network to improve the performance of small OD. The
proposedmodel improved the resolution of the feature
map and expanded its receptive field.

The shape, size, and appearance of the target in the
video can all affect the detection accuracy of the model.
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The above OD techniques can solve the detection
limitations caused by occlusion and blurringto some
extent, but there are still shortcomings, such as complex
operation and difficulty in control. Therefore, the
IFasterR-CNN OD model is proposed in this study to
improve the performance of VS systems to better adapt
to the development of smart cities.

3. OD Model Based on IFASTERR-CNN
and its Application in VS Process

The OD model plays an essential role in VS, and this
study enhances the FasterR-CNN model. The overall
optimization  strategy includes the following
aspects:Firstly, K-meanisintroduced to cluster the
detection targets proportionally. Afterwards, the
traditional NMS algorithm in the network is improved
and the Soft Non-Maximum Suppression (NMS)
algorithm is proposed to reduce the score of overlapping
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candidate boxes. To address the phenomenon of sample
imbalance, weighted penalties are introduced to enhance
the model's generalization ability. Finally, the RolAlign
layer is studied to replace the RoiPooling layer to
improve the accuracy of target feature mapping.

3.1. OD Model Based on FASTERR-CNN

Under the speedadvancement of DL technology and
significantly improved computer computing power, the
performance of OD models based on DL in practical OD
tasks is quite excellent. The OD model based on DL
usually divides the OD task into two stages: The first
stage is to use the algorithm to obtain candidate box
regions on the image, and the second stage is to classify
and correct the candidate box regions Zhang and et al.
[25]. The structure of the Region-based Convolutional
Neural Network (R-CNN) is displayed in Figure 1.
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Figure 1. R-CNN structure.

As shown in Figure 1, R-CNN can be mainly divided
into three steps. Firstly, a selective search algorithm is
used to extract candidate box regions and normalize
them to ensure input consistency. Then, CNN is used to
extract features from each candidate region for
subsequent classification tasks. Finally, R-CNN
classifies the target and determines its precise position in
the image through boundary regression Zhang, [23].
Although R-CNN has made significant breakthroughs
compared to traditional algorithms, it still has many
limitations. For example, in image normalization, it is
easy to cause stretching or truncation, resulting in
significant distortion and loss of important image

Deep

information Natarajan and Periyasamy, [8]. In addition,
the normalized region requires a large amount of
separate calculations, which can easily lead to repeated
extraction of the same feature and cause more time
consumption. FastR-CNN replaces the SVM classifier in
R-CNN with Softmax, which has more efficient
classification performance. In addition, FastR-CNN
replaces the bounding box regression loss with
SmoothL1Loss. The model integrates classification and
bounding box regression, and can complete feature
extraction and those of candidate box regions with just
one model. The structure of FastR-CNN is expressed in
Figure 2.
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Figure 2. FastR-CNN structure.

As shown in Figure 2, in the OD process based on
FastR-CNN, the input image is first subjected to feature
extraction by a deep convolutional network to generate a
feature map. Then, the Region of Interest Pooling

(ROIPooling) layer maps the candidate regions onto the
feature map, unifying the size of the feature vectors. The
feature vectors of each candidate region are passed to
two branches: The Softmax classifier and the bounding
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box regressor. The former is used to determine the target
category, while the latter is used to accurately predict the
bounding box coordinates of the target. Ultimately,
FastR-CNN can simultaneously perform target
classification and localization in a single forward
propagation. This method adopts an end-to-end
approach and has made significant progress compared to
traditional methods Giveki, [3]. The main drawback of
FastR-CNN is that it uses a selection search algorithm,
resulting in a longer model solving time. To further

Feature
extraction
network
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reduce the calculation time of FastR-CNN, FasterR-
CNN is proposed. FasterR-CNN reduces the
computational complexity of the overall model by
obtaining relevant information from feature maps. The
unique Region Proposal Network (RPN) in FasterR-
CNN has successfully replaced the candidate box
generation algorithm based on selection search,
significantly improving the detection efficiency of the
overall model. The basic structure of FasterR-CNN is

denoted in Figure 3.
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Figure 3. FasterR-CNN structure.

In Figure 3, FasterR-CNN replaces traditional
candidate box generation methods with RPN to improve
detection efficiency. The input image first undergoes a
feature extraction network to generate a feature map.
Subsequently, candidate regions are extracted through
RPN, and the feature map size is standardized by
ROIPooling. Finally, OD is achieved through
classification and regression modules. The variation of
feature maps in FasterR-CNN after the convolution
operation is shown in Equation (1).

[2=2] 1 2222 41 1

In Equation (1), M, N represent the width and height of
the feature map, respectively. m, n denote the size of the
convolutional kernel. p indicates the filling quantity. S
means the grid size. After convolution operation, the
input feature map remains the same size. The candidate
box area is obtained by the RPN. After convolution, the
RPN is divided into two paths, one of which is to classify
candidate regions through 1x1 convolution and softmax
classifier, and divide them into front backgrounds. The
boundary box regression offset obtained by the 1x1
convolution of the other path. The losses of RPN and
FastR-CNN together constitute the losses of FasterR-
CNN. The loss function of RPN is expressed in Equation

2.
Les(pipi) = —logeaslppi + (1 —p)(1 —p))] (2)

In Equation (2), Las indicates the classification loss of
RPN Ngis. represents the anchor box; i means the index of
the anchor box. i refers to the probability that the i-n
anchor box is the foreground target. 1-P; stands for the
probability of the background. P;i* refers to the true label
of the i- anchor box. The value of the label is 1 or 0, that
is:

negative
positive

©)

In Equation (3), 0 means the label of the background of
the negative sample. 1 denotes the background label of
the positive sample. The loss of FastR-CNN is usually a
multi-category cross-entropy loss function, which is
similar to RPN in other places. Therefore, the specific
method of FasterR-CNN loss function is expressed in
Equation (4).

'—(pl )=

* 1 * >
i CIS( Pj -Pj )+'1N 2i Pi Lreg (’i'ti )
reg

pi = =1}

(4)

Ncl

In Equation (4), Lrg indicates the loss function of
FasterR-CNN. Nyg means the anchor box. t; refers to the
probability that the i-» anchor box is the foreground
target. t;” expresses the true label of the i-» anchor box.
By continuously optimizing the regression model in
RPN, the position of the target detection box can be
continuously corrected. A position transformation is
required, which is applied to the target prior box G
obtained from the feature map through an RPN network,
to obtain a regression box G’. G’ should be as close as
possible to the real target box G. The mathematical
expression for positional changes is expressed in
Equation (5).

Gy = Ay.dy(A) + Ay Gy = Ay.dy(A) + 4, (5)
Gy, = Ay exp(dy,(4)) Gj, = Ap.exp(dy (4))

In Equation (5), di(A), dy(A), dw(A), dn(A) stands for the
transformation of unknown parameters. If G* and G are
relatively close, the transformation can be approximated
as a linear transformation. Assuming the region of the
feature map is @ and the training parameter is W, then
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there is Equation (6).
d.(4) = WT.o(A) (6)

In Equation (6) represents the parameter training process
that is close to the true value. The expression for
calculating the translation between G"and G is shown in
Equation (7).

N X" —Xgq N Y= Ya
ty = ty = h
Waq a (7)
X — Xq Y = Ya
t, = t., =
x Wq Y h,

In Equation (7), G™ refers to the center horizontal axis,
vertical axis, width, and height of the regression box,
respectively. G* corresponds to the regression box, the
target prior box, and the real target box, respectively. To
make the predicted values closer to the actual values, the
SmoothL1 function is chosen for this study, as shown in
Equation (8).

0.5%x? |x] <1 (8)

Smoothy, (x) = {le — 0.5 otherwize

In the target detection task, the algorithm ultimately
predict multiple candidate boxes, which need to be
filtered out. Usually, NMS algorithm is used to suppress
the generation of redundant boxes.

3.2. Optimization of OD Model Based on
IFASTERR-CNN and Its Application in VS

FasterR-CNN has significantly improved recognition
performance and detection accuracy compared to
traditional R-CNN and FastR-CNN, which can meet
most target detection needs. To further optimize the
detection accuracy and operational efficiency of
FasterR-CNN in complex scenarios, this study proposes
relevant strategies. The proposed strategy aims to reduce
redundant target boxes, accurately detect targets that are
similar to the background, and detect occluded targets.

Picture

Label —m RPN

Basic network

— B — O —

Candidate coordinate  Target representation
selection

The improvement strategy is divided into two parts:
Improving the scale range of the detected object depends
on the design of the initialization anchor box. There is a
mismatch problem in the process of optimizing target
feature extraction. For the former, the anchor box size in
FasterR-CNN is usually used to determine the final
detection box size. However, in VS, the targets vary
widely and contain a large number of smaller targets. If
the scale in the initial anchor box is too large, the size of
the scale will be ignored due to its size, resulting in the
omission of smaller scales Unver and et al. [13]. For the
latter, since FasterR-CNN needs to quantify the
candidate box coordinates twice during the target feature
extraction stage, there is a certain deviation between the
obtained candidate box coordinates and the initial
regression position, resulting in a deviation in the target
features extracted based on the candidate box
coordinates. This offset will be more pronounced in
small target detection, which in turn affects displacement
regression and classification.

To overcome the shortcomings of the first point, this
study adopts K-means. K-means clusters different types
of objects proportionally to assist the FasterR-CNN
algorithm, setting a scale for the initial anchor box to
better match the size of the anchor box and the object in
the same scene Yang and Song, [20]. To solve the
mismatch problem of the RolPooling layer in FasterR-
CNN during target feature extraction, an improved
RolAlign method is put forward to raise the accuracy of
target feature mapping. This study aims to address the
two key scientific issues mentioned above and promote
the recognition accuracy and efficiency of FasterR-CNN
in VS. The proposed method can be divided into the
following modules: basic network, candidate box
coordinate extraction, target feature representation based
on candidate boxes, detection box classification, and
offset regression Wardana and et al. [16] and Yang, [19].
The IFasterR-CNN is shown in Figure 4.

ROl Align

Detects the classification

based on candidate box and offset of the frame

Figure 4. IFasterR- CNN structure.

In Figure 4, in IFasterR-CNN, the input image and
label are first extracted as feature maps through the basic
network. Then, RPN is used to generate candidate box
coordinates and perform feature representation on each
candidate box. Subsequently, the ROIAlign method is
adopted instead of the traditional ROIPooling to solve
the mismatch problem in the feature extraction process.
Finally, the processed feature vectors are input into the
fully connected layer, the target is classified through the
Softmax layer, and the offset of the bounding box is

predicted to accurately locate the target. The entire
structure  clusters  different types of objects
proportionally using the K-means method, assisting in
setting the scale for the initial anchor box to better match
the size of objects in the same scene. The original
FasterR-CNN is an initial anchor box with a preset fixed
size, which may not be sensitive to the scale of various
types of targets in the VS environment. Based on this,
the detection box calculated is not accurate enough. K-
means can prune the tree through a small number of
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known cluster samples, thereby classifying a certain
cluster sample. In addition, it also has an optimization
iteration function, which can iterate and modify the
clustering of some samples once again to decide the
clustering of some samples. Besides, for some smaller
samples, this algorithm can effectively reduce the
complexity of clustering. Therefore, this study utilizes
the K-means to cluster the scales of targets in VS training
data, and introduces the obtained clustering results as
prior experience into the scale design of the initial anchor
box, so that the algorithm can better match the target
scales in traffic scenarios. The measurement methods of
clustering algorithms often use Euclidean distance and
cosine distance. Equation (9) is the mathematical
expression for Euclidean distance.

(s )=Slx) ©
In Equation (9), X, y means two points on the plane. The
expression for cosine distance is shown in Equation (10).

d- Zin:lxi Yi
RO

In OD, the IOU between boxes is used as the metric.
Assuming the midpoint coordinate of the box in the data
annotation is (xi ,yi ,wi, hj ) j €{1,2,...,k}, and the
anchor width and height of the initial cluster center are
(Wi, H) i €{1,2,..,k}, then the distance between each
annotation box and each cluster center is shown in
Equation (11).

(10)

d =1-IOU((XI.,_VI.,WI.,[Ij),(XI.,_V.,VV.,H.))

anc i i i (11)
iN1,2,...k},ji{1,2,.. k|

In Equation (11), IOU expresses the overlap between the
cluster center and the annotation box. After all the
annotation boxes are allocated, the calculation
expression of the average width and average height of
the annotation boxes in each cluster is shown in Equation
(12).

- 1 - 1
w==—Sw, H=—%h
1 N/ ZW/ 1 N}- Z J (12)

In Equation (12), N; means the amount of annotation
boxes in the i-th cluster. The average width and height
calculated by Equation (12) are used as the new cluster
center point. The above process is repeated until the
change in the cluster center is minimal. In the target
detection task, FasterR-CNN will ultimately predict
multiple candidate boxes. These candidates are
relatively redundant and require appropriate methods to
filter them. Usually, the NMS algorithm is used for
deletion. However, traditional NMS tend to miss the
detection of close-range targets in complex scenarios.
Therefore, this study improves NMS and proposes the
Soft Non-Maximum Suppression (SoftNMS) algorithm

to reduce the score of overlapping candidate boxes. The
changes made by SoftNMS are expressed in Equation
(13).

s, «s,f(iou(T,c,)) (13)

In Equation (13), T refers to the candidate box with the
highest score. c; denotes candidate boxes for all i classes.
The calculation methods of SoftNMS mainly include
linear weighting and Gaussian weighting. The
calculation for linear weighting is shown in Equation
(14).

, fou(T c;)<N,

Si
;= {si(l—iou(T,ci)), I'OLI(T,CI.) >N,

The Gaussian weighting calculation method is shown in
Equation (15).

(14)

_ iou(T ¢ )2

Ve, gD (15)

The uneven distribution of sample data in actual
detection tasks is highly likely to result in imbalanced
samples. Sample imbalance can lead to a large number
of types of samples in the overall model, weakening the
model’s generalization ability. Therefore, to alleviate
this phenomenon, this study introduces weighted
punishment to improve it. Weighted punishment is
optimized by assigning weights to different categories of
losses, and its function expression is indicated in
Equation (16).

FL(p) = (1-p) log(p.) (16)

In Equation (16), a: is used to adjust the category weight.
y is used to adjust the weights of different hard-to-detect
samples to realize the model’s focus on hard-to-detect
samples. t refers to different categories.

Finally, the RolPooling layer in FasterR-CNN
undergoes two quantization steps during target feature
extraction. During this process, there is a certain
deviation between the candidate box position and the
initially regressed position, which is a mismatch problem
and has a significant impact on the final detection
accuracy. RolAlign can cancel quantization operations
and utilize bilinear interpolation to gain image values.
Therefore, this study proposes an improved method of
using the RolAlign layer instead of the RolPooling layer
to improve the accuracy of target feature mapping.
ROIAlign does not have quantization operations, so
there is no error caused by rounding floating-point
coordinates. Therefore, the construction of the IFasterR-
CNN target monitoring model has been completed.

The OD model is an essential component of VS
systems, and VS systems play an irreplaceable and
important role in contemporary society. The OD model
in VS systems mainly analyzes and provides feedback
on video content for timely warning and decision-
making. The intelligent VS system, combined with
IFasterR-CNN, is shown in Figure 5.
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As shown in Figure 5, the intelligent VS system
combined with IFasterR-CNN inputs the monitoring
video into the entire system for quality inspection. If the
quality is poor, then it gives up and skips to the next

Decode

Video

surveillance Exchange

Display
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frame. When the number of discarded frames exceeds
the threshold, the system generates an alarm. When the
quality of the image reaches a certain standard, the image
is input into the OD model for OD.

Mobile terminal Q
&

Warmn

Short message
notification

System configuration Administrator

and management

Staff

Figure 5. Intelligent VS system combined with IFasterR-CNN.

Finally, it analyzes the detection results to determine
if they meet the triggering conditions, provides warnings,
and records the detected objects and detection results. If
it has not yet been met, it proceeds to the next screen.

4. Performance Verification of OD Model
Based on IFASTER R-CNN

This section verifies the effect of the proposed IFasterR-
CNN OD model. The experiment is conducted from two
aspects, first verifying the operational performance of
IFasterR-CNN, and then analyzing its application effect
in VS.

4.1. Performance Verification of IFASTERR-
CNN OD Model

The data used in this study come from daily monitoring
of various areas of urban street traffic, using cameras to
capture images of various areas and various time periods.
After analysis, the monitored objects are mainly

pedestrians. Therefore, when establishing a dataset, it is
necessary to ensure that the pedestrian morphology and
scale in the dataset are different. This study collects a
total of 4,260 photos of 1920%1080. To improve the
generalization effect of the model, a large amount of data
needs to be used for training, which requires data
augmentation. Data augmentation can extract new
training samples from the original image at a minimal
cost, while expanding the dataset. Data augmentation
can effectively prevent overfitting of the model by
cutting, changing the color difference of the image,
flipping, rotating, changing the size of the image, and
adding noise and blur. Building OD models using DL
methods often requires extremely high hardware
requirements and a large amount of computation. When
training IFasterR-CNN, its SHIY ANP feature extraction
network could adopt different pre-training modes, but its
parameter settings were basically consistent. Table 1
lists the specific configuration options and parameter
settings based on the server in this study.

Table 1. Experimental configuration and parameter settings.

Experimental environment configuration Parameter setting
Item Set value Parameter Value
GPU Teslat4 Optimizer SGD
Pytorch 12 Initialize the learning rate 0.001
Hard disk 16GB Epochs 8
Paython 3.7 Momentum 0.9
CUDA 10.1 Weight attenuation coefficient 0.0001
Ubuntu 18.04LTS RPN Number of samples 256
CPU Intel(R)CPU@2.00GHz IFaster-RCNN sample number 128
/ / Loss function CrossEntropyLoss

To better highlight the performance of IFasterR-CNN,
this study selects the other two popular target detection

models for comparative analysis. The two models are the
Multi-scale sensing Fast-RCNN model (MFasterR-CNN)
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and the R-FCN model. In Figure 6, the convergence
performance of the three is first compared. When the
iteration reaches 56 times, the Error and Loss values of
IFasterR-CNN both drop to the lowest point, and the
convergence of the model tends to be stable with the
increase of iterations. Compared to IFasterR-CNN,
MFasterR-CNN and R-FCN are trained 76 times and 110
times, respectively. IFasterR-CNN model has the best
convergence performance.
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Figure 6. Convergence performance of the three models.

The performance of three different models is verified
through the image data collected through experiments.
Figure 7 shows the F1 values for three models. In Figure
7, after iterative processing, the F1 values of each model
have been improved. However, when it reaches a critical
point, the amplitude of F1 change is very small and close
to a constant value. After stabilization, the F1 value of
the IFasterR-CNN model is 0.957, which is 0.045 higher
than that of MFasterR-CNN and 0.068 higher than that
of R-FCN.
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Figure 7. F1 values of the three models.

To evaluate the recognition accuracy of the model, the
three models are tested using the enhanced data. Figure
8 shows the comparison of recognition accuracy and

recall value of the three models after data enhancement.
In Figure 8-a), the recognition accuracy of the IFasterR-
CNN algorithm after data enhancement is 99.06%.
Compared with MFasterR-CNN and R-FCN, the
prediction accuracy of the IFasterR-CNN algorithm is
5.12% and 6.01% higher, respectively. In Figure 8-b),
the Recall value of the IFasterR-CNN model after image
enhancement is 97.56%, which is about 2.12% higher
than that of MFasterR-CNN and 3.11% higher than that
of R-FCN. Therefore, IFasterR-CNN has a better target
detection effect.
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Figure 8. Recognition accuracy of the three models.

TheROCof the three models are compared with the
AUC value, as shown in Figure 9. The outcomes indicate
that the AUC value of IFasterR-CNN is 0.989. The AUC
of MFasterR-CNN is 0.968, 0.021 lower than that of the
IFasterR-CNN model. The AUC of the R-FCN model is
0.960, 0.029 lower than that of the IFasterR-CNN model.
This result further confirms that IFasterR-CNN has
higher target detection accuracy.
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Figure 9. AUC values for the three models.

To verify the degree of optimization of model
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performance by the introduction of K-means, this study
discusses the clustering effect of target scales in VS
training data. Figure 10 shows the moving track
fragments, clustering results, and pedestrian behavior
rules of the area, and confirms that the clustering results
of K-means can reflect the movement rules of
pedestrians in the area. In Figure 10-a), correlation refers

to the locus fragment being located near the area of focus.

Since each track fragment contains only 127 track points,
the track fragment length is limited, and the boundary is
expanded by 10pixel to include more nearby tracks
during screening. In Figure 10-b), the four clusters
contain 179, 37, 280, and 101 locus fragments,
respectively. Figure 10-c) reflects the direction of
motion containing the central locus in each cluster.
Green clusters indicate that pedestrians enter the area
from the top right. The inter-cluster distance here is
small because the pedestrian has not yet begun to select.

o
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ﬁ © Type Il pedestrian
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® Type |V pedestrian

PR

¢) The law of pedestrian behavior.
Figure 10. Clustering effect of IFasterR-CNN model.

On this basis, the Average Precision (AP) of each
optimization scheme is tested to verify the impact of
each optimization scheme on the overall model target
accuracy of the system. The AP value is the result
obtained by averaging the accuracy corresponding to all
Recall values. IFasterR-CNN combines the optimal
strategy proposed in this project with the optimal
strategy proposed in this project, transforming the
optimal strategy into a cumulative equation. Figure 11

shows the specific strategy optimization effects in this
model. After improving the optimization strategy
proposed by the research institute, the average accuracy
reaches 96.13%. Using the accuracy of ResNet50 as the
standard, the graph shows the degree of improvement for
each optimal strategy compared to the previous AP. In
Figure 11, the optimization of K-means has a great
influence on the average accuracy of the model trained
with the current dataset. The SoftNMS algorithm,
weighted penalty application, and ROIAlign algorithm
all have certain optimization effects, but their
optimization effects are relatively limited.
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Figure 11. Optimization effect of policies in IFasterR-CNN.

4.2. Analysis of the Application Effect of
IFASTERR-CNN Model in VS Systems

The above verification results show that IFasterR-CNN
is an effective target detection network. To verify the
application effect of IFasterR-CNN in full scene
surveillance of actual cities, this study conducts ablation
experiments on complex scene surveillance datasets
(https://gitcode.com/open-source-

toolkit/d45a3/?utm_source=tools_gitcode&index=top&
type=card&). The research results are shown in Table 2.
The FrameSize in the table is the resolution size of the
test video. In Table 2, after introducing K-means and
ROIAlign algorithms, the mAP of the key technology
models for DL-based surveillance video motion OD and
pedestrian structured description on the full scene
monitoring dataset increases by 2.68% and 1.78%,
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respectively. The mAP of IFasterR-CNN, which

simultaneously introduced two methods, reaches 90.12%

on the entire scene dataset, and can process an average
of 155 FPS.

Table 2. Experimental results on complex urbansurveillance dataset.

This study uses the above three modes to conduct
experiments on pedestrian components in monitoring,
and the test outcomes are displayed in Table 3. Among
them, the R-FCN model has the best performance in
detecting the head, upper body, lower body, and feet of
pedestrians. MFasterR-CNN has the best performance

= tMOFSe(':NN Eggg‘elg'gg m?:é?) E;’g for the inspection of pedestrian package parts. The
asterr- X . .
K-FasterR-CNN 1920%1080 86.97 154 IFasterR-CNN model has the highest mAP value for
R-FasterR-CNN 1920x1080 88.31 161 detecting the entire component.
IFasterR-CNN 1920x1080 90.12 155
Table 3. Test results of pedestrian parts.

Model MAP Head The upper part of the body |The lower part of the body Foot Package

R-FCN 0.8741 0.9166 0.9368 0.8999 0.8129 0.8011
MFasterR-CNN 0.8945 0.9533 0.9544 0.9323 0.8547 0.8501
IFasterR-CNN 0.9112 0.9761 0.9811 0.9512 0.8712 0.8045

In the test dataset, three images captured by urban
surveillance are selected and used for OD using
MFasterR-CNN and IFaster R-CNN, respectively. The
detection comparison outcomes are shown in Figure 12.
The recognition rate of IFasterR-CNN is significantly
higher than that of MFasterR-CNN. The two
motorcycle pedestrians and some distant cars in the
middle on the right side of Figure 12-a), as well as the
bicycle pedestrians in the left corner of Figure 12-b), all
of these missed targets can be successfully detected by
IFasterR-CNN. In Figure 12-c), IFasterR-CNN also has
good detection performance for nighttime targets.

Original drawing

YOLOV5

|FasterR-CNN

B LS
a) b) c)

Figure 12. Comparison of detection results.

To further validate the generalization and superiority
of the IFasterR-CNN model, the Common Objects in

Context (COCO) dataset is used for testing and
compared with four baseline models: YOLOV5,
YOLOVS, EfficientDet-D1, and Detection Transformer
(DETR). The COCO dataset is a large image dataset
primarily used for computer vision tasks, containing
over 330,000 daily scene images covering 80 object
categories and semantic segmentation annotations. The
experiment adopts mAP@0.5, mAP @[0.5:0.95], and
FPS as evaluation metrics. The comparison results of
the indicators of the five models are shown in Table 4.
The proposed IFasterR-CNN model still demonstrates
good performance in the COCO dataset, and the
MAP@0.5 and mAP@][0.5:0.95] are the highest, at
70.82% and 52.84%, respectively, which are better than
all other baseline models. This proves that through a
series of strategies such as K-means anchor box
optimization, RolAlign, and SoftNMS, the IFasterR-
CNN model has achieved more accurate classification
and localization in complex scenes. The IFasterR-CNN
model can process an average of 52 Frames Per Second
(FPS), which is slightly lower than the YOLOV5 and
YOLOvV8 models, but still within an acceptable range,
with the best overall performance. The results indicate
that the proposed IFasterR-CNN model still has good
generalization performance in large image datasets.

Table 4. Comparison results of indicators for five models

Models MAP@[0.5:0.95](%) | mAP@0.5(%) FPS
YOLOvV5 48.47 66.85 98
YOLOvV8 51.22 69.51 91

EfficientDet-D1 50.14 68.50 65

DETR 41.87 62.39 28

IFasterR-CNN 52.84 70.82 52

5. Conclusions

In response to the shortcomings of traditional OD
methods, such as poor generalization ability, significant
limitations, and weak adaptability, this study proposed
an IFaster R-CNN to improve the performance of urban

VS. To improve the accuracy of OD in VS, IFasterR-
CNN was introduced with optimization strategies such
as K-means, SoftNMS, weighted penalty method, and
RolAlign layer. This study conducted relevant
experiments to verify the performance of IFasterR-
CNN. In addition, two models, MFasterR-CNN and R-
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FCN, were introduced for comparative verification.
IFasterR-CNN had better convergence performance
than MFasterR-CNN and R-FCN, and it became stable
after 56 iterations. The F1 value of the IFasterR-CNN
model was 0.957, which was 0.045 higher than that of
MFasterR-CNN and 0.068 higher than that of R-FCN.
The recognition accuracy of IFasterR-CNN was
99.06%, which was 5.12% and 6.01% higher than that
of MFasterR-CNN and R-FCN, respectively. The
Recall value of the IFasterR-CNN model is 97.56%,
which was 2.12% and 3.11% higher than that of
MFasterR-CNN and R-FCNR, respectively. The AUC
value of IFasterR-CNN could reach 0.989, which was
higher than the other two models. After verifying the
effectiveness of the optimization strategy, it was found
that the average accuracy of the optimized model could
reach 96.13%. IFasterR-CNN performed well in VS
systems. Therefore, IFasterR-CNN has good OD
performance and can be applied in VS processes.
However, this study did not conduct in-depth
optimization on the training time, inference speed, and
Graphics Processing Unit (GPU) memory requirements
of the model. Complex feature extraction networks and
RPN structures may result in high computational costs,
which are not conducive to rapid deployment in
resource-constrained  environments. In  addition,
although the current model has a high processing speed
in complex scenarios, it has not undergone stress testing
in extremely high-resolution or multi-channel video
streaming scenarios. Therefore, future research should
explore  model lightweighting and acceleration
techniques, such as using more efficient backbone
networks and applying knowledge distillation to
transfer the capabilities of large models to small models.
Thus, it is possible to significantly improve inference
speed and reduce computational resource consumption
while maintaining accuracy. At the same time, efforts
should also be made to develop optimization
frameworks for real-time applications, such as
designing an adaptive frame rate adjustment mechanism
that enables the system to dynamically adjust analysis
strategies based on server load, ensuring system
stability during large-scale deployment.
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