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Abstract

To stop children being alone at home from reaching assistance re-
quirement that delays medical attendance-this paper proposes a
new system called SpeedyGuard using a motion-triggered YOLOv4-
tiny method. In order to tackle the challenges posed by existing
methods concerning their high resource demand and poor real-
time detection, we trained the YOLOv4-tiny model such that it
achieved efficiency in terms of both high precision and faster in-
ference speeds. We also notice that most abnormal movements
during motion can be distinguished by a motion-triggering mecha-
nism that isolates moving objects from static ones for analysis and
detection. Experimental results indicate the potential benefits of
the motion-triggering mechanism on moving object detection, and
SpeedyGuard is 6.1 % faster and improved in real-time detection.
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1 Introduction

As the number of children increases and urbanization accelerates,
so does the amount of time children spend unsupervised at home.
Children are considered a vulnerable demographic in society due
to their underdeveloped physical functions, making them more
susceptible to injuries from sudden accidents, particularly falls,
which may occur without timely assistance. Making certain that a
single child is physically safe has become an imperative concern
to nurture wisdom and growth. Fall detection based on computer
vision intends to process the video captured and identify instances
of fall behaviour. The method has gained much attention due to its
added advantages, including continuous power supply from fixed
cameras for real-time monitoring, a lack of requirement for wearing
extra equipment, negligible vulnerability to external interference,
and a very high rate of accuracy in terms of fall detection. Thus,
it presents itself as a prominent research area with respect to fall
detection [1]. In practical application scenarios, high-precision
convolutional neural network algorithms are widely favored as
they can meet real-time requirements; notable examples include
the YOLO series object detection algorithms. Building upon the
advancements made by the YOLO series, literature [2] proposed a
real-time fall detection algorithm based on an enhanced version
of the YOLOv3 model. This involved utilizing residual modules
to construct a rapid feature extraction network for images and
incorporating the channel domain attention mechanism (SENet) to
assign varying weights to each channel within the feature map and
enhance model accuracy. Wang Pingye et al. [3] achieved detection
by employing YOLO for human motion trajectory identification,
localization, and recording purposes. Wang Xiaowen et al. [4], on
the other hand, combined the Yolov5 algorithm with an attention
mechanism and weighted box function to detect pedestrian falls
effectively. Tsai et al. [5] introduced novelty into their proposed
method through integrating pruning techniques. Additionally,Yin
Xuan et al. [6] designed a system capable of detecting abnormal
behaviors among elderly individuals based on YOLOv5. However,
the aforementioned approaches still suffer from high computational
resource requirements and insufficient real-time performance. On
the other hand, we propose SpeedyGuard-an entirely new and
robust approach that can attain real-time performance and ensures
the correctness of the output. Essentially, the work is design on
applying anomaly behavior detection with children, which has
immense practical significance. The trained YOLOv4-tiny model


https://orcid.org/0009-0003-2891-3055
https://orcid.org/0009-0002-4750-8437
https://orcid.org/0009-0008-9792-319X
https://orcid.org/0009-0003-2308-9757
https://doi.org/10.1145/3722237.3722342
https://doi.org/10.1145/3722237.3722342
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3722237.3722342&domain=pdf&date_stamp=2025-04-29

ICAIE 2024, November 22-24, 2024, Xiamen, China

Yi Cao et al.

FE_ — oD

Y

Binaryization

Morphological
filtering

Connectivity

. Differentiation
analysis

Y
Y

F,

Background

)

7

Figure 1: Background subtraction process.

Figure 2: Application effect of background subtraction method.

set could accomplish better efficiency and faster recognition speeds
for target behavior. Further, the motion-generated mechanism
through the background subtraction technique greatly boosts real-
time detection performance and accuracy. This eventually gives
notification about any strange behavior of solitary children without

delay.

2 Algorithm selection
2.1 Background subtraction method

The background subtraction method detects moving objects from an
image sequence by identifying the difference between the current
frame and the background frame. Its conceptual flowchart is given
in Figure 1

Let D;(x,y) be in the grayscale representation of an image the
absolute difference between foreground grayscale F; (x, y) and back-
ground grayscale Fp; (x, y) for pixel (x,y) at time t, D;(x, y) can be
calculated based on (1). The pixel is the binarized according to
formula (2). Let T be the threshold under which the image will
be converted into binary values. And from the comparison of T
with D;(x, y), we obtain the binarized image R;, which denoted by
R;(x,y) the pixel value in R;.

Dy (x,y) = | Fr (x.y) = By (x,7) | 1)

255,D; (x,y) > T
Re (x.y) = { 0.D; (x40 < T @)
An R;(x, y) value of 255 in formula (2) means pixel (x,y) belongs
to the foreground and therefore it is a moving target. On the
other hand, an R;(x,y) of 0 indicates that pixel (x,y) belongs to
the background. Then we use morphological filtering and region
connectivity analysis to find the area of the moving target in order
to locate its minimum rectangle. Figure 2 shows the results of
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applying KNN algorithm to the background subtraction mentioned
in this paper.

Moving people are correctly identified and detected in the image,
and stationary people are not recognized, therefore the expected
result is achieved. The background subtraction technique effectively
focuses on changes in the target due to the capture of image data
at different time points which reduces the effects of lighting and
shadow. Such a method is very appropriate for monitoring dynamic
scenes, improving the accuracy and robustness of target detection.

2.2 YOLOv4-tiny algorithm

YOLO [7] network is a one-stage object detection algorithm, which
directly considers the detection task as a quick detection regression
way. It can provide better detection speed than two-stage object
detection networks and allow end-to-end prediction. The YOLOv4
[8] is an evolution of the YOLO series algorithms, and it has advan-
tages like fast inference speed, lightweight network structure, and
high detection accuracy for objects, which make it widely used.

Yolov4-tiny [9] is a smaller model intended to run on small mo-
bile devices, specializing in Object detection [10]. The architecture
of its network is shown in Figure 3 [11].

(1)Input: The YOLOv4-tiny network input layer is simplified
to improve the model’s real-time performance and adapt to envi-
ronmental changes, and this also reduces the number of model
parameters. Replacing the CSPBlock module in YOLOv4-tiny by
ResBlock-D module, we manage to simplify the computational com-
plexity. In addition, an auxiliary residual network block is designed
able to extract richer feature information, reduce detection errors,
and improve model inference speed and object detection accuracy.

(2) Backbone feature extraction network: Mainly consists of
the CSPDarknet53-tiny network, which divides the feature map
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Figure 3: YOLOv4-tiny Network structure.

into two parts through the CSPBlock module and fuses them back
together through cross-stage residual edges. This method increases
the correlation difference of gradient information and extends the
learning ability of the convolution network. Boasting a decrease
in computational bottleneck, CSPBlock improves the accuracy of
the model while increasing computational load by only 10%-20% as
compared to the existing ResBlock module, and it does this at the
same or less computational cost.

(3) Neck network: The YOLOv4-tiny employs feature pyramid
network to extract feature maps of multiple sizes, which can im-
prove the speed of object detection. In this way, we can substi-
tute the spatial pyramid pooling and path aggregation network in
YOLOv4. At the same time, YOLOv4-tiny will also use two scale
feature maps (13x13 and 26x26) for prediction on detection results,
effectively improving the ability of the target detection at multiple
scales.

(4)Output: The output structure of YOLOv4-tiny changes with
the input image size, splits the image into SXS grids, and uses B
bounding boxes in each grid to predict object categories. It adds a
confidence threshold to the prediction so that reduces the redun-
dancy of bounding boxes, keeping only high-confidence bounding
boxes. In the end, the output shows the location, category and
confidence of the predicted object. This method enables YOLOv4-
tiny to retain real-time performance while achieving the exacting
detection accuracy requirements of real-world applications.

2.3 Motion-triggered YOLOv4-tiny algorithm

In this paper, we thus combined the background subtraction method
and the YOLOv4-tiny algorithm to improve the accuracy and speed
of object detection inference to monitor abnormal behavior of unat-
tended children in real time. This integration provides faster and
accurate identification of abnormal behaviors in the unattended
children. The algorithm presented in this paper firstly adopts the
background subtraction to extract moving objects from the de-
tection video, and then performs identification on the extracted
moving objects with YOLOv4-tiny, which promotes speedup and
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accuracy of recognition of unattended-child abnormal behaviors.
The algorithm diagram is shown in Figure 4.

3 Experimental verification

3.1 Experimental environment

For testing, a machine with an NVIDIA GeForce RTX 3060 GPU
has been used. Software Environment: Windows 11, CUDA 11.7,
PyTorch. The experiment is conducted on YOLOv4-tiny pre-trained
model with 200 epochs and a batch size of 32.

3.2 Production of data sets

The data sets utilized in this paper primarily originate from multiple
data sets published on the Roboflow website, including Fall Down
[12] [13], Stand [14], Sit [15], [16] and other related data sets. These
comprehensive data sets encompass diverse scenes and various
human poses, thereby enhancing the accuracy and robustness of the
system. Building upon these two foundational data sets, a total of
11,894 images were manually annotated by incorporating publicly
available network photos for training purposes. The training set to
test set ratio is maintained at 9:1.

3.3 Evaluation index

The accuracy of the trained model is evaluated using frequently
employed metrics in binary classification, such as the Precision-
Recall curve, F1 Score, and mean Average Precision (mAP). The
metrics of the models recognition and classification mostly are TP
(True-Positive), TN (True-Negative), FP (False-Positive), and FN
(False-Negative). Precision (P) is defined as the number of correctly
predicted positive samples (TP) among all the predicted positive
samples (TP + FP), computed by formula (3).

p= TP 3)
" TP+FP
Recall (R) is the number of correctly predicted positive samples
divided by the total number of positive samples in actual, which

we compute using formula (4).

TP

R=—
TP+FN

4

To measure both precision and recall, the F1 Score is defined in
formula (5).
2PR
= 5
P+R ©)
The Average Precision (AP) is calculated as the integral of the
precision-recall curve, which can be derived from formula (6).

F1

n-1

AP:Z[R(i)—R(i+1)]*P(i) (6)

i=0

The multi-class average precision mean mAP is then derived
using formula (7):

1 n
mAP = - ZAPi (7)
n
i=1

where n is the number of categories.
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Figure 4: Motion-triggered YOLOv4-tiny algorithm Schematic drawing,.
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Figure 5: Precision-Recall curve.
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Figure 6: Recall-IoU curve.

3.4 Model training results

After undergoing 200 rounds of training, the Average Precision (AP)
for the ”Sit down” category achieved an impressive accuracy rate
of 99.95%, while the AP for the "Stand” category reached 98.66%.
Additionally, the AP for fall detection stood at a commendable level
of 95.57%. When considering an IoU threshold of 0.5, the AP for
fall detection remained consistent at 95.57%. The overall average
precision mAP attains a remarkable value of 0.9806, underscoring
the model’s high accuracy performance. Figure 5 illustrates the
Precision-Recall curve depicting AP as the area under this curve.

The Recall-IoU curves for ”Sit down”, “Stand”, and "Fall_detected”
is illustrate in Figure 6. The recall for the three aforementioned
categories at the IoU is 0.5 could reach 100%, 94.17%, 89.19%, which
illustrates the high sensitivity of the model.

Using the previous Precision and Recall values, the different
F1 Scores can be obtained for the three classes for an extensive
analysis. The F1 Scores (at IoU level 0.5) of all three actions ”Sit
down,” "Stand,” and “Fall-detected,” are 0.99, 0.94, and 0.91 which
shows a balanced performance across all categories. F1 Score-IoU
curves of these three categories is shown in Figure 7.
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To make the experiment more persuasive and to prove that our
trained model was accurate, publicly available photos depicting
children’s daily activities including falling, standing, and sitting
were chosen. The detection results are shown in Figure 8. The
experiment therefore demonstrates that a fully trained model is
able to successfully identify a variety of human behaviors with high
accuracy.

3.5 Experimental results of fusion algorithm

The fusion algorithm was tested using Multiple cameras fall dataset
[17]. Figure 9 illustrates the recognition outcomes of the fusion
algorithm for fall behavior, while Table 1 presents the algorithm’s
processing time per frame before and after improvement.

The results obviously indicate that the elapsed time of the fused
algorithm per frame was reduced by 6.1%. This not only improves
the detection speed of abnormal behaviors in unattended children,
but also greatly alleviates the false detection problem caused by
YOLOV4 to non-moving objects. Table 1 summarizes the frame-level
processing time comparisons pre and post improvements.
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Figure 8: Test results.

Table 1: Time required for each frame image recognition before and after algorithm improvement

Pretreatment time(ms) Reasoning time (ms) NMS time(ms) Total time spent (ms)
Before improvement 3.5 42.3 6.1 51.9
After improvement 2.2 40.7 5.8 48.7

model using the YOLOv4-tiny model was trained for abnormal be-
haviors of unattended children. The model produces an impressive
mean Average Precision (mAP) metric of 0.98 and an F1 Score of
0.94 at IoU = 0.5, which highlights the accuracy and reliability of the
model. To accelerate object detection, this paper presents a novel
fusion method of background accumulation difference Moreoveres
approach to YOLOv4-tiny. Through strict experimental validation,
this approach is shown to lead to a 6.1% reduction in recognition
time per frame, which greatly improves real-time detection capabili-
ties. In combination, these advances will allow unattended children
to be observed more accurately and more efficiently, resulting in
an improved ability to enhance safety and response times during
Figure 9: The results of the fusion algorithm. emergencies.

4 Conclusion

This paper successfully uses the background subtraction method Acknowledgments
with the moving object detection system and it also proved it by Financially supported by self-determined and innovative research
using public dynamic fall dataset. Moreover, a complex detection funds of WUT: 104972024BKS0015.
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