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Abstract—The rapid advancement of technology has 
significantly enhanced object detection tasks that require 
high speed and accuracy. Although the YOLOv8n model is 
known for its efficient and accurate detection capabilities, its 
detection process still involves multiple complex stages, 
limiting its deployment in challenging environments. This 
research investigates how the YOLOv8n architecture can be 
modified to enhance inference speed without compromising 
detection accuracy. The objective is to propose a modification 
to the YOLOv8n backbone by integrating a gating 
mechanism on top of the C2f module. The model, 
YOLOv8nGM, utilizes a sigmoid activation function to 
implement gating, converting network outputs into 
probabilities that enable selective computation depending on 
input complexity. This adaptive mechanism enables the 
network to bypass unnecessary calculations, thereby 
reducing computational overhead. Experiments on the 
benchmark dataset reveal that YOLOv8nGM achieves an 
average inference time of 8.72 ms per image, representing an 
approximately 5.4% improvement in speed compared to the 
original YOLOv8n. Additionally, the GPU memory 
consumption was reduced from 0.27 GB to 0.21 GB, 
signifying more efficient resource use. The mAP50 metrics on 
the validation and test datasets showed that the proposed 
model achieved minor improvements of 0.02% and 0.008%, 
respectively, compared to the original model, indicating that 
accuracy was maintained despite faster computation. These 
findings demonstrate that the gating mechanism effectively 
balances inference speed and precision, making the 
YOLOv8nGM model suitable for real-time object detection 
applications such as warehouse inventory counting. This 
study advances object detection technology by providing a 
practical and computationally efficient solution for 
environments that require rapid and accurate recognition.  
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I. INTRODUCTION 

Deep learning technology is growing rapidly in various 
sectors and applications of human life, as deep learning 
systems have been widely used to identify objects in 

images over the last few years [1]. However, most 
detection engines must undergo several phases or 
processes to achieve accurate detection [2]. They are also 
challenging to apply in complex environments, such as 
those with variations in lighting angles and intensity at 
different distances and positions. Variations in brightness, 
shadows, contrast, position, and posture between the 
background and the target object can result in differences 
in the accuracy of object detection results. These 
challenges have significantly hindered the progress of 
object detection technology, particularly in fields that 
demand high accuracy and precision, such as military 
navigation, spatial intelligence surveillance, robotic 
vision, autonomous driving, and human interaction [3]. 

These limitations have led to the development of a new 
object detection method called YOLO, which stands for 
“You Only Look Once”. Launched in 2023, YOLO is 
described as a real-time detection system capable of 
identifying and classifying objects within a single image 
pass [2, 4]. By the time this research was conducted, the 
latest version, YOLOv8, features a novel backbone 
architecture named CSPDarknet-AA, which is an 
enhanced iteration of the CSPDarknet series known for its 
efficiency and firm performance in object detection 
tasks [5].  

YOLOv8’s architecture consists of three main modules: 
the head, backbone, and neck. The head module generates 
the final outputs, including bounding box coordinates, 
object confidence scores, and class labels. The backbone 
is a complex Convolutional Neural Network (CNN) 
designed to extract features at multiple scales from the 
input images, capturing both low-level textures and high-
level semantic details critical for precise object detection. 
The neck module refines and merges these multi-scale 
features using an enhanced version of the Path 
Aggregation Network (PANet), which optimizes 
information flow across different feature levels to detect 
objects of various sizes effectively. Additionally, 
YOLOv8 employs an anchor-free method for bounding 
box prediction, simplifying the process by reducing the 
number of hyperparameters and enhancing adaptability to 
objects with diverse aspect ratios and scales [6, 7].  
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Although the detection results of YOLOv8 are 
promising, further research is being conducted to enhance 
its capabilities for specific needs by modifying the existing 
model structure. The YOLOv8 model detection 
technology, inserted and embedded in the drone, can detect 
small objects with noticeable, accurate, and precise image 
results [8]. In automotive industry, YOLOv8 can also be 
modified by replacing the SIoU bounding box with Wise-
IoUv3 which is used as a detector sensor on cars that can 
detect conditions around the vehicle clearly and precisely 
such as other cars, cyclists in very dim environments, and 
even able to detect pedestrians with petite portrait sizes and 
difficult to recognize [9]. 

In line with the results of previous studies, there is 
Transformer-YOLOv8, a model that uses a YOLOv8 
backbone network with gating mechanism and a 
transformer-based detection head which installed as a 
sensor can detect several objects around the car in the form 
of vehicles such as cars, taxis, and buses, pedestrians, and 
surrounding city infrastructure such as tall buildings, road 
signs, and trees [10]. In the manufacturing industry, the 
modified YOLOv8, which replaces the SIoU bounding 
box with EfficiCIoU, produces the EV-YOLOv8 model. 
This model can detect small targets, such as minor damage 
on the surface of wind turbine blades [11]. YOLOv8 
enhanced with SPPCSPC module to replace SPPF module 
and add SPD layer can be used to detect various defects on 
metal surface, including punching, crescent cracks, waist 
folds, rolled pits, water spots, silk spots, inclusions, oil 
spots, creases, and weld lines, which is very useful for the 
steel industry [5]. 

YOLOv8 detection sensor technology is also used in 
areas not related to manufacturing technology, in the 
livestock sector, YOLOv8n installed in pigeon cages can 
detect the quantity and quality of eggs such as egg size, 
egg shell thickness, and so on so that breeders can use it to 
increase the productivity and breeding of egg-producing 
pigeons [12], and in the agricultural sector, YOLOv8s 
installed in orchards can detect the quantity and quality of 
peaches such as fruit size, number of peach seedlings, and 
so on so that farmers can use them to increase productivity 
and cultivation of peaches [13]. 

Based on the various studies explained, this study aims 
to modify the structure of the YOLOv8n model to achieve 
a better detection speed without compromising its 
accuracy level in a retail warehouse environment. The 
speed of YOLOv8 is crucial for facilitating inventory 
calculation by quickly and accurately identifying stock 
items within a limited time window for inventory counting. 
This study will examine the effect of modifying the 
YOLOv8n backbone with a gating mechanism to measure 
inference speed and GPU consumption. 

II. LITERATURE REVIEW 

A. Related Work 
The rapid development of object detection technology 

enables many tasks to be completed easily and effectively, 
one of which is the YOLO deep learning model, which can 
detect objects quickly and accurately. However, several 
other studies have been conducted to improve the 

performance of YOLO itself, one of which involves a 
gating mechanism. The gating mechanism is used in many 
artificial neural network models to facilitate the 
backpropagation step [14]. For example, the gating 
mechanism can control flow information in network 
neurons, and it is often used in models such as LSTM and 
GRU to manage flow information and maintain 
dependence term long [15]. Gating can involve several 
mechanisms, such as a bistable neuron that switches 
between states to organize flow information [16]. 
Likewise, the gating mechanism can also be applied to the 
YOLO deep learning model. The YOLO model is designed 
to detect objects in real-time, striking a balance between 
high speed and accuracy. Notably, YOLOv8n, a variant of 
YOLOv8, offers improvements in accuracy detection and 
computational efficiency [6, 17]. This YOLOv8n model is 
applied as shown in the sign, then cross-detects vehicles, 
and introduces face detection [18–20]. The review results 
in Table I present findings from several articles that 
discuss gating mechanisms and YOLO. 

TABLE I. REVIEW RESULTS FROM SEVERAL ARTICLES RELATED TO 
THE GATING MECHANISM AND YOLOV8N 

No. Ref. Year Country Result 

1. [13] 2024 China 

YOLO-Peach is a technology 
developed using the YOLOv8n model 
to enhance efficiency and operational 
scientific management in gardens, 
specifically through help detection and 
automatic quantification of seeds and 
fruits in peaches 

2. [16] 2020 China 

A new gating mechanism utilizing an 
RNN in a recurrent system can 
overcome a failed gating switch and its 
associated weak performance. This 
mechanism can expand gating 
activation, which can help RNN reach a 
minimum possibility. 

3. [21] 2021 China 

EIoU was developed from Intersection 
over Union (IoU) as an algorithm 
evaluation metric, utilizing a 
framework for detecting vehicles, to 
enhance detection performance. 

4. [5] 2024 China YOLO-ADS can effectively detect 
defects in metal. 

5. [22] 2019 China 

A gating mechanism applied to a Deep 
Neural Network (DNN) can capture 
more useful information, thereby 
enhancing the performance of the 
gating mechanism. 

6. [23] 2024 US 

Deep learning is known to help in the 
process of making associated decisions 
with recurrent convolutional neural 
networks. 

7. [8] 2023 China 
Drone-YOLO can help detect objects in 
UAV images that are very small in size, 
such as those in drone images. 

8. [24] 2021 South 
Korea 

An assisted gating system with DNN 
technology is known to increase 
effectiveness and provide more 
economical power. 

9. [14] 2020 UK 

Collaborative gating systems with 
chrono initialization and ordered 
neurons can enhance performance in 
gating systems that memorize synthesis 
tasks, classify pictures sequentially, 
model language, and reinforce learning, 
particularly when the usage term is 
prolonged. 
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10. [25] 2017 Australia 

 Recurrent neural networks in gating 
systems with a stacked convolution 
approach can enhance efficiency by 
enabling the parallel processing of 
consecutive tokens. 

11. [26] 2020 US 

Researchers developed a convolutional 
neural network to support language 
modeling. With a novel gating 
mechanism, the network enhances 
security while consuming minimal 
power. 

12. [27] 2023 China 

The detection method bubble has 
essential applications in industry. 
YOLOv8n was developed with a 
Deformable Convolution Network 
(DCN) to replace the original C2f 
module, which is known to capture 
features important from the target, 
especially bubbles, in a more effective 
and precise manner compared to the 
native YOLOv8n module. 

13. [28] 2020 Canada 

Canada Network GoogLeNet and 
Inception-v2, Inception-v3, and 
Inception-v4 can significantly increase 
the accuracy of CNN-based models and 
reduce computational costs. 

14. [6] 2024 Pakistan 

Pakistan YOLOv8n can be easily 
modified or developed to meet specific 
needs, such as integration with the 
Python package and CLI. It is a 
sophisticated solution that can detect 
continuous object development. 

 

B. Gating Mechanism 
The gating mechanism was first introduced by  

Szegedy et al. [29], who proposed a new CNN architecture 
designed to enhance network performance in image 
recognition tasks without significantly increasing 
computational complexity. The core of this innovation is 
the inception module, which utilizes multiple 
convolutional filter sizes in each layer and combines the 
results. 

In this research study, the idea behind this gating 
mechanism is to allow the deep learning model to 
adaptively decide whether to perform an expensive 
complete computation (full block pass) or a lighter and 
cheaper computation (light pass) based on the complexity 
of the input features at a particular stage [28]. When the 
gating condition is met, in this case, if the neural network 
model considers the feature to be complex enough, the 
model will perform convolution through the standard 
module of YOLOv8n, the C2f module. However, if the 
feature is considered simple, the model only performs 
simple convolution with a kernel size of 1×1, thus saving 
time without sacrificing accuracy [30]. 

III. MATERIALS AND METHODS 

A. Data Preparation 
The dataset used in this research is a proprietary dataset 

captured directly from a retail goods inventory warehouse, 
comprising a total of 4332 images with a resolution of 
1080×1080 pixels as illustrated in Fig. 1. The images 
undergo an augmentation process to add variations, 
thereby enriching the dataset and enhancing the model's 
detection capabilities during training. The augmentation 

technique for the dataset is carried out using random 
brightness and contrast adjustments, rotation, blurring, and 
resizing to 640×640 pixels to ensure compatibility with 
YOLO, via the Python Albumentation library [31]. 

 

   
Fig. 1. Image dataset for training, validation, and testing. 

Inside the images dataset, there are three image 
categories, consist of 3359 images of boxes, 500 images of 
plastic wrap, and 79 images of sacks, where the images are 
not publicly available, which are then divided 
proportionally using the stratified sampling 
technique [32]. The dataset is divided into 80%–20%, 
where 80% is used for training, and 20% for validation and 
testing, resulting in a division of 3464 images for training, 
434 images for validation, and 434 images for testing. In 
addition, to assess the performance of the proposed model 
on a larger dataset. The images dataset are not publicly 
available due to restricted acess into the warehouse, 
however this study also conducts model testing using the 
COCO open dataset with a greater number of images and 
classes. The COCO dataset is openly available from 
Microsoft at https://cocodataset.org/#download [33]. 

B. YOLOv8nGM Model 
The proposed model, named YOLOv8nGM, is a 

modification of the YOLOv8n model, as illustrated in 
Fig. 2. YOLOv8n was chosen because, during this 
research, YOLOv8 was the most widely used version of 
YOLO for research and remains relevant to deep learning 
research. Among the various versions of YOLOv8, 
YOLOv8n was reported to be the fastest, more compact, 
and with fewer Floating-Point Operations Per Second 
(FLOPS) [34]. 

 

 
Fig. 2. Proposed YOLOv8nGM backbone. 

YOLOv8 has been extensively tested for its accuracy 
and speed, which are superior to those of other deep 
learning models, such as RetinaNet and Mask R-CNN, in 
both of which can detect images quickly and 
accurately [35]. 

The selection of the YOLOv8n model variant, rather 
than other variants of YOLOv8, is motivated by the 
study’s objective to demonstrate the superior processing 
speed of the fastest model among its peers which is crucial 
while maintaining its accuracy level in a retail warehouse 
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environment as shown in Table II. In addition, compared 
to other versions of YOLO, YOLOv8 offers state-of-the-
art performance in terms of accuracy and speed, building 
upon the advancements made in previous YOLO 
versions—YOLOv5, YOLOv6, and YOLOv7—as 
demonstrated in Figs. 3 and 4 [36]. 

TABLE II. VARIOUS VERSIONS OF YOLOV8 

Model Speed CPU 
ONNX (ms) 

Speed A100 
TensorRT (ms) 

FLOPS 
(B) 

YOLOv8n 80.4 0.99 8.7 
YOLOv8s 128.4 1.20 28.6 
YOLOv8m 234.7 1.83 78.9 
YOLOv8l 375.2 2.39 165.2 
YOLOv8x 479.1 3.53 257.8 

 
Other study has also shown that each YOLOv8 variants 

achieves higher throughput with roughly the same number 
of parameters compare to its predecessors, suggesting 
architectural optimizations that enhance hardware 
efficiency [37]. 

Moreover, the gating mechanism approach in other 
YOLO models requires further research because there are 
fundamental architectural differences between one YOLO 
model and others [38, 39].  

The changes made to the original YOLOv8n model 
involve adding a condition to the convolution processes, 
based on the results of the layers above it, which depends 
on the complexity of the features expressed in the 
calculation of the sigmoid activation function, ranging 
from 0 to 1. The sigmoid activation function is used to 
convert the network output into interpretable probabilities 
by mapping the input to an output in the range of 0 to 
1 [40]. A feature is stated as simple if the sigmoid value is 
0, and a feature is noted as complex if the sigmoid value 
is  1. 

 

 
Fig. 3. YOLO versions & variants speed comparison. 

 
Fig. 4. YOLO throughput comparison. 

Using the addition of this logic function, there is an 
insertion into the C2f backbone section to implement the 
concept of the gating mechanism by adding a condition 
statement and sigmoid function from the original 
YOLOv8n backbone [27], which is illustrated in Fig. 5. 

 

 
Fig. 5. Modified C2f section. 

The C2f module in YOLOv8 replaces earlier 
components in previous YOLO, such as C2 and C3. It 
enhances gradient flow and detection accuracy while 

maintaining the model’s efficiency and lightness. The C2f 
module is located in the backbone and neck of YOLOv8, 
enhancing the processing, sharing, and refinement of 
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feature maps across layers. This module is optimized to 
handle complex object detection tasks without having 
heavy computational resources [41]. However, the C2f 
module still utilizes at least 64 extraction filters, which 
creates a research gap for non-complex features that can 
be extracted using simple filters on a 1×1 convolutional 
layer [30], rather than being passed through the complex 
C2f module. 

The model revision depicted in Fig. 5 is implemented 
by augmenting the YOLOv8n backbone with extra code 
components, as described subsequently: 
gating.py defines GateBlock object class, outputting a 
scalar gating score ∈ [0, 1] per input, indicative of feature 
“complexity” or “significance” as illustrated in Fig. 6.  
 

 
Fig. 6. source code of gating.py. 

gated_stage.py defines GatedStage object class, which 
wraps a computational block (e.g., a convolutional unit) 
with gating logic as illustrated in Fig. 7; scores below a 
threshold invoke a lightweight pass, otherwise the full 
block is executed. 
 

 
Fig. 7. source code of gate_stage.py. 

custom_c2f_gated.py defines CustomC2fGated object 
class, the modified block of C2f, the standard YOLO 
component with the gating mechanism from GatedStage 
function as illustrated in Fig. 8. 
 

 
Fig. 8. Source code of modified C2f block. 

C. Statistical Hypothesis 
To validate whether the difference in object 

identification processing speed using the proposed model 
compared with the original model is statistically 
significant, statistical tests are carried out on the results of 
each validation and testing process using the modified 
model and the original model. The statistical test carried 
out used a significance test of 2 independent variables, in 
which statistical tests generally use the t-test for normally 
distributed data, or the Mann-Whitney test for non-
normally distributed data [42], using the research 
hypothesis: 

H0 : 𝜇𝜇YOLOv8n = 𝜇𝜇YOLOv8nGM, there is no 
significant difference between the speed of the 
original model and the proposed model. 

Ha : 𝜇𝜇YOLOv8n ≠  𝜇𝜇YOLOv8nGM, there is a 
significant difference between the speed of the 
original model and the proposed model. 

𝜇𝜇YOLOv8n is the mean of the process speed of the 
YOLOv8n model, and 𝜇𝜇YOLOv8nGM is the mean of the 
processing speed of the YOLOv8nGM model. 

IV. RESULTS AND DISCUSSION 

A. Accuracy and Speed 
First, both the original YOLOv8n, without a gating 

mechanism, and the YOLOv8nGM models with a gating 
mechanism were trained on a 3464-image dataset that 
contains cartons, plastic wrap, and sacks, for 330 epochs. 
Each epoch consists of 216 iterations, and each iteration 
consists of 16 images. After the training of both models 
was completed, the accuracy level was measured using the 
mAP50 metric. mAP50-95 refers to the mean average 
precision calculated over a range of IoU thresholds from 
0.50 to 0.95, with increments of 0.05. Generally, the 
mAP50-95 index is the most stringent, as it considers a 
broader range of IoU thresholds, while mAP50 has the 
lowest threshold and less stringent requirements. 
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The accuracy results were obtained from the validation 
and test datasets using the original deep learning model as 
presented in Tables III and IV, YOLOv8n, without a gating 
mechanism, and the modified deep learning model, 
YOLOv8nGM, with a gating mechanism. It was found that 

the mAP50 of the YOLOv8nGM model was 0.02% higher 
than that of the original YOLOv8n model using the 
validation dataset, and 0.008% higher than the original 
model using the test dataset. 

TABLE III. ACCURACY RESULTS FROM YOLOV8N VS YOLOV8NGM WITH VALIDATION DATASET 

DL Model Class 1 2 3 4 5 mAP@50 

YOLOv8n 

Cartons 0.970 0.966 0.960 0.956 0.986 0.968 
Sacks 0.979 0.972 0.955 0.942 0.991 0.968 
Plastic 0.978 0.977 0.971 0.963 0.989 0.976 

mAP@0.5 0.976 0.972 0.962 0.954 0.989 0.970 

YOLOv8nGM 

Cartons 0.966 0.963 0.956 0.969 0.974 0.966 
Sacks 0.992 0.982 0.972 0.992 0.939 0.975 
Plastic 0.972 0.968 0.964 0.976 0.994 0.975 

mAP@0.5 0.977 0.971 0.964 0.979 0.969 0.972 

TABLE IV. ACCURACY RESULTS FROM YOLOV8N VS YOLOV8NGM WITH TEST DATASET  
DL Model Class 1 2 3 4 5 mAP@50 

YOLOv8n 

Cartons 0.971 0.966 0.959 0.955 0.986 0.967 
Sacks 0.930 0.928 0.921 0.907 0.966 0.930 
Plastic 0.964 0.961 0.957 0.947 0.982 0.962 

mAP@0.5 0.955 0.952 0.946 0.936 0.978 0.953 

YOLOv8nGM 

Cartons 0.969 0.964 0.958 0.971 0.976 0.968 
Sacks 0.954 0.946 0.935 0.957 0.956 0.950 
Plastic 0.970 0.966 0.963 0.973 0.963 0.967 

mAP@0.5 0.964 0.959 0.952 0.967 0.965 0.961 

With an mAP value of 0.961 at an IoU of 0.5 on the test 
dataset, or an increase in accuracy of 0.008, it can be seen 
that the proposed model does not experience a decrease in 
accuracy. Based on the average performance measurement 
metrics of the object detection model using an Intersection 
over Union (IoU) threshold of 0.5, a mAP0.5 value greater 
than 0.7 is considered a very accurate model [43]. Hence, 
a value of 0.961 is more than enough. 

The accuracy of object detection using the proposed 
model can also be demonstrated by the results, as shown 
in Fig. 9, where the proposed model successfully detects 
all objects, including various categories of boxes, plastic 
wrap, and sacks. 

 

 
Fig. 9. Object detection using proposed model (YOLOv8nGM) 

in real environment. 

Speed inference is the speed at which an artificial 
intelligence model generates output based on the data that 
has been given. In applications that utilize real-time object 
detection [44], the achieved speed is based on comparing 
the results of object identification with the validation and 
test datasets as illustrated in Figs. 10 and 11.  

 
Fig. 10. Speed comparison from YOLOv8n vs YOLOv8nGM with 

validation dataset. 

 
Fig. 11. Speed comparison from YOLOv8n vs YOLOv8nGM 

with test dataset. 

The original YOLOv8n model, without a gating 
mechanism, achieves an average processing speed of 
9.22  ms per image with validation dataset. In comparison, 
with the validation dataset, the YOLOv8nGM model with 
a gating mechanism has a processing speed of 8.72 ms per 
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image, which is 0.5 ms (5.4%) faster than the original 
YOLOv8n model as presented in Table V, and for test 
dataset, the YOLOv8nGM model with a gating mechanism 
has a processing speed of 8.59 ms per image, which is 
0.35  ms (3.9%) faster than the original YOLOv8n model 
as presented in Table VI. 

TABLE V. SPEED RESULT FROM YOLOV8N VS YOLOV8NGM 
WITH VALIDATION DATASET 

DL Model 1 2 3 4 5 Mean 
YOLOv8n 9.86 ms 9.15 ms 8.96 ms 9.03 ms 9.10 ms 9.22 ms 

YOLOv8nGM 9.03 ms 8.64 ms 8.59 ms 8.68 ms 8.64 ms 8.72 ms 
Standar Dev. 4.38 4.34 4.24 4.19 4.16  

TABLE VI. SPEED RESULT FROM YOLOV8N VS YOLOV8NGM 
WITH TEST DATASET 

DL Model 1 2 3 4 5 Mean 
YOLOv8n 9.02 ms 8.89 ms 8.93 ms 8.83 ms 9.02 ms 8.94  ms 

YOLOv8nGM 8.68 ms 8.82 ms 8.45 ms 8.53 ms 8.48 ms 8.59 ms 
Standar Dev. 4.19 4.09 4.19 4.07 4.11  

 
Following the experiments on the COCO dataset, the 

proposed YOLOv8nGM model demonstrated superior 
object‑identification speed, as illustrated in Fig. 12. The 
chart shows that, out of the 5000 COCO images evaluated, 
the majority yielded faster inference times with the 
proposed model, only a few images exhibited slower 
performance compared with the original model. On 
average, the proposed model required 7.87 ms per image, 
whereas the original model needed 8.29 ms, corresponding 
to an improvement of 0.42 ms (5.06%).  

 

 
Fig. 12. Speed comparison from YOLOv8n vs YOLOv8nGM with 

COCO dataset. 

This result is consistent with the result obtained from 
earlier test on a primary dataset. Nevertheless, this increase 
in processing speed slightly compromises the accuracy 
when compared with the original model. Based on the 
comparison of mAP@50 accuracy values across all 80 
classes in the COCO dataset, 15 classes demonstrated that 
the proposed model achieved higher predictive accuracy 
results than the original model (18.75%), as shown in 
Table VII. However, it was observed that 52 out of the 80 
COCO dataset classes (65%) showed that the proposed 
model had an accuracy difference of less than 2% 
compared to the original model. This represents a trade-off 
for improved speed (5.06% faster) [36]. 

TABLE VII. ACCURACY COMPARISON YOLOV8N VS YOLOV8NGM 
WITH COCO DATASET 

Model YOLOv8nGM YOLOv8n 

Class Images mAP50 mAP 
50–95 mAP50 mAP 

50–95 
person 2693 0.713 0.398 0.71 0.396 

airplane 97 0.79 0.47 0.789 0.484 
boat 121 0.369 0.156 0.335 0.143 

fire hydrant 86 0.792 0.562 0.784 0.556 
stop sign 69 0.675 0.579 0.671 0.577 

sheep 65 0.632 0.371 0.627 0.364 
cow 87 0.648 0.387 0.631 0.375 
kite 91 0.524 0.242 0.523 0.258 

wine glass 110 0.379 0.21 0.373 0.203 
spoon 153 0.125 0.0488 0.122 0.0489 

potted plant 172 0.312 0.131 0.308 0.132 
tv 207 0.69 0.493 0.683 0.493 

cell phone 214 0.396 0.248 0.365 0.226 
book 230 0.127 0.0503 0.121 0.0468 
vase 137 0.416 0.258 0.414 0.263 

 

B. GPU Consumption 
A GPU consumption test was performed to determine 

the quality of the proposed model. The more GPUs 
consumed, the higher the power usage, temperature, and 
memory usage, which can reduce the GPU’s lifespan [45]. 

 

 
Fig. 13. GPU consumption of validation dataset. 

Fig. 13 illustrates GPU consumption during the 
processing of the validation dataset. The original model, 
YOLOv8n without a gating mechanism, consumes 0.27 
GB of memory, while the proposed model, YOLOv8nGM 
with a gating mechanism, consumes only 0.24 GB. The 
YOLOv8nGM model has more economical power usage 
and less memory consumption. 

 

 
Fig. 14. GPU consumption of test dataset. 
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Based on Fig. 14, GPU consumption while processing 
the test dataset, the YOLOv8n model consumes 0.23 GB 
of memory, while the YOLOv8nGM model uses only 0.21 
GB. This shows that the proposed model has more 
economical power usage and less memory consumption. 

C. Mann-Withney Test 
The results of the normality test on the object 

identification using the validation dataset showed that the 
sample data was not normally distributed (Table VIII), as 
indicated by the Sig value. Kolmogorov-Smirnov 0.00, or 
less than 0.005 [46], therefore, the statistical test proceeds 
with the Mann-Whitney significance test. 

TABLE VIII. NORMALITY TEST OF VALIDATION DATASET 

Statistic Test Measurement Base Experiment 

Kolmogorov-
Smirnova 

Statistic 0.295 0.296 
df 434 434 

Sig. 0.000 0.000 

Shapiro-Wilk 
Statistic 0.602 0.610 

df 434 434 
Sig. 0.000 0.000 

 
Based on the Mann-Whitney significance test on the 

validation dataset, it was found that the speed of the 
proposed model was significantly different from that of the 
original model, as indicated by the Asymp. Sig (2-Tailed) 
value of 0.000 (Tables IX and X), less than 0.005 [47], so 
that 𝐻𝐻0 is rejected, and 𝐻𝐻𝐻𝐻 is accepted, or there is a 
significant difference between the speed of the original 
model process, and the proposed model using the 
validation dataset. 

TABLE IX. MANN-WITHNEY HYPOTHESIS OF VALIDATION DATASET 

DL Model N Mean Rank Sum of Ranks 
Base 434 538.91 233887.50 

Experiment 434 330.09 143258.50 
Total 868 - - 

TABLE X. STATISTIC RESULT OF VALIDATION DATASET 

Measurement Score 
Mann-Withney U 48863.500 

Wilcoxon W 143258.500 
Z −12.270 

Asymp. Sig. (2-tailed) 0.000 
 
The same statistical test was performed on the object 

identification using the test dataset for both deep learning 
models. From the results of the normality test, the sample 
data was not normally distributed, as indicated by the Sig. 
The Kolmogorov-Smirnov value indicator is 0.000  
(Table XI), which is less than 0.005. From the results of 
the Mann-Whitney significance test, it was obtained that 
the test results of the proposed model were significant 
compared to the original model, indicated by the Asymp. 
Sig (2-Tailed) value of 0.002 (Tables XII and XIII), less 
than 0.005, so that 𝐻𝐻0 is rejected, and 𝐻𝐻𝐻𝐻 is accepted, or 
there is a significant difference between the processing 
speed of the original model and the proposed model using 
the test dataset. 

 

TABLE XI.  NORMALITY TEST OF TEST DATASET 

Statistic Test Measurement Base Experiment 

Kolmogorov-
Smirnova 

Statistic 0.307 0.292 
df 434 434 

Sig. 0.000 0.000 

Shapiro-Wilk 
Statistic 0.608 0.631 

df 434 434 
Sig. 0.000 0.000 

TABLE XII. MANN-WITHNEY HYPOTHESIS OF TEST DATASET 

DL Model N Mean Rank Sum of Ranks 
Base 434 460.62 199910.00 

Experiment 434 408.38 1777236.00 
Total 868   

TABLE XIII. STATISTIC RESULT OF TEST DATASET 

Measurement Score 
Mann-Withney U 82841.000 

Wilcoxon W 177236.000 
Z −3.070 

Asymp. Sig. (2-tailed) 0.002 
 
Based on the experiment results and statistical tests, it 

can be concluded that modifying the YOLOv8n deep 
learning model with a gating mechanism (YOLOv8nGM) 
has a significant impact on the process speed, without 
compromising the model’s accuracy. 

V. CONCLUSION 

This study successfully demonstrates the proposed 
model YOLOv8nGM, which adds a gating mechanism to 
the original YOLOv8n backbone network enhance 
computational efficiency in deep learning models without 
compromising accuracy. The proposed model reveal 
statistically significant enhancements in processing speed, 
with validation dataset results showing p = 0.000 and test 
dataset confirming robust performance with p = 0.002 
using the Mann-Whitney U test, validating the 
effectiveness of adaptive computation strategies. 

Beyond speed optimization, the model exhibits superior 
accuracy metrics, achieving mAP@0.5 of 0.961 compared 
to the baseline YOLOv8n's 0.953, representing a 
meaningful +0.008 improvement. The research further 
confirms substantial resource efficiency gains, including 
reduced GPU memory consumption to 0.21 GB and more 
efficient power utilization, critical factors for edge 
deployment in real-world industrial applications. 

This work represents a significant contribution to 
efficient computer vision, offering a practical solution for 
industrial automation, smart warehousing, and real-time 
surveillance systems where speed, accuracy, and resource 
efficiency are simultaneously critical. The YOLOv8nGM 
model successfully bridges the gap between high-
performance detection and practical deployment, setting a 
new standard for adaptive deep learning architectures. 

Future research directions should explore extending 
gating mechanisms to another YOLO components, by 
modifying the gating mechanism, either on the backbone, 
neck, or head of the YOLOv8n architecture, to produce a 
more sensitive detector with clearer, more accurate, and 
more precise results. The robust statistical methodology 

Journal of Advances in Information Technology, Vol. 16, No. 12, 2025

1731



employed, including appropriate non-parametric testing 
given non-normal data distributions, strengthens 
confidence in these findings and provides a template for 
future optimization studies. 
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