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 Energy inefficiency due to Air Conditioners (AC) running in empty rooms 

contribute to unnecessary energy consumption and increased CO₂ emissions. 

This study explores how different depth levels of the YOLOv8 architecture 

and dropout regularization can enhance human density detection for smarter 

AC control systems. By evaluating model accuracy through Mean Average 

Precision (mAP50-95), we provide quantitative insights into how these 

modifications improve detection performance. Our dataset consists of 1363 

images taken in an office environment at ITERA under varying lighting 

conditions and different human presence densities. The results show that the 

YOLOv8m model performs best, achieving an mAP50-95 score of 0.814 in 

training and 0.813 in validation, outperforming other YOLOv8 variants. 

Furthermore, applying dropout regularization improves model generalization, 

increasing mAP50-95 from 0.552 to 0.6 and effectively reducing overfitting. 

This study highlights the balance between architectural depth and dropout 

regularization in YOLOv8, demonstrating its effectiveness in energy-efficient 

smart buildings. The findings support the potential of deep learning-based 

human density detection in improving energy conservation strategies, making 

it a valuable solution for intelligent automation systems. 
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1. INTRODUCTION 

Many people keep the Air Conditioner (AC) running even if no one is in the room or when the room 

is empty, causing in excessive electricity use [1], [2]. For example, in the office of University Institut 

Teknologi Sumatera (ITERA), such behavior significantly contributes to increased energy consumption and 

operational costs. Additionally, poor performance of AC can contribute to the issue of global warming through 

high level of CO2 [3]. Hence an intelligent, adaptive AC temperature control module to be developed based 

on the number of people in the room. 

A potential solution seems to be the use of Computer Vision using Deep Learning to be able to 

identify humain density in real-time. For example, using this technology, the number of individuals present in 
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a room can be identified and subsequently utilized as a metric for automatic AC climate control. You Only 

Look Once (YOLO) is one of the most potent object-detection methods widely used in practice, where its latest 

version, YOLOv8, provides a massive increase in accuracy and inference speed over its previous versions [4], 

[5]. Due to these benefits, YOLOv8 can be used in human density monitoring systems to optimize energy 

efficiency. 

Human density detection plays a crucial role in various applications, including crowd monitoring, 

public safety, urban planning, and resource management [6]. The development of deep learning-based object 

detection models, particularly the You Only Look Once (YOLO) architecture, has significantly improved real-

time detection accuracy and efficiency. YOLOv8 incorporates enhanced depth configurations and optimization 

strategies, making it a promising tool for human image data-based density detection [7]. However, optimizing 

the architecture for specific applications remains a challenge, particularly in determining the most effective 

depth configurations and regularization techniques such as drop-out implementation [8]. 

In recent years, the integration of deep learning models in human density detection has demonstrated 

significant potential in optimizing energy consumption in smart buildings. However, existing approaches still 

face limitations in achieving a balance between computational efficiency and model accuracy, particularly 

when applied in real-time scenarios. While architectures like Faster R-CNN and SSD offer precise detection, 

they often struggle with high processing demands and poor generalization in varying environmental conditions. 

YOLO-based models have addressed some of these issues, but there remains a gap in understanding how 

architectural depth and dropout regularization influence detection performance. This study addresses this gap 

by systematically comparing YOLOv8 [9], [10] variants and examining the impact of dropout on model 

robustness. By providing empirical evidence on the trade-offs between these architectural choices, our research 

contributes to the advancement of energy-efficient automation solutions in smart building environments. 

Despite these advancements, the impact of architectural depth level varians in YOLOv8, particularly 

in human density detection, remains underexplored. While deeper networks generally offer improved feature 

extraction capabilities, they also introduce higher computational costs and potential overfitting. Drop-out 

regularization is commonly applied to mitigate overfitting, yet its optimal implementation in YOLOv8 

architectures is not well-documented. Understanding the trade-offs between model depth and drop-out 

implementation is essential for maximizing detection performance in real-world scenarios [11]. 

This study specifically compares the effects of different YOLOv8 depth level architectures on human 

density detection accuracy. The research objectives are to (1) evaluate the impact of varying YOLOv8 depths 

on detection accuracy, (2) determine the optimal depth level for balancing accuracy and computational 

efficiency, and (3) analyze the effectiveness of dropout regularization in reducing overfitting and improving 

model generalization. To achieve these objectives, a case study was conducted in an ITERA office room under 

varying lighting conditions, object positioning, and density variations. The evaluation focuses on detection 

accuracy metrics and the feasibility of deploying the model in an automated AC system. 

The primary contribution of this research lies in its systematic comparison of YOLOv8 architectural 

depth variations and the role of dropout in enhancing model robustness. Unlike previous studies that focus on 

general YOLO-based detection, this study provides empirical insights into optimizing YOLOv8 for human 

density detection in smart buildings. The findings validate the potential of deep learning-based human detection 

systems in improving energy conservation strategies, reinforcing their applicability in real-world intelligent 

automation solutions. 

 

 

2. METHOD 

The research was conducted by implementing and testing the performance of YOLO in its latest iteration, 

which is YOLOv8. Using YOLOv8, we explore the potential of detecting human density in rooms based on 

image detection. We were also analyzing the impact of drop-out regularization on its overall detecting 

performance. The research procedure is seen in Figure 1. 
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Figure 1. Research flow 

Dataset Collection 

The dataset, totalling 1363 images, is taken from meeting rooms in Building A at Institut Teknologi 

Sumatera. Each image contains varying amounts of people in the room, with different positions such as 

standing or sitting on a chair. There are two main rooms that were taken: the International Office meeting room 

and the Rector meeting room. From the total images, 415 images were taken from the International Office 

meeting room and 948 images were taken from the Rector meeting room.  Figure 2 shows how the pictures are 

normally taken from each room. 

  
 

Figure 2. Dataset sample from International Office meeting room and the Rector meeting room 

 

 

Preprocessing 

The preprocessing stage can improve image quality and make it easier to detect objects. This step will 

resize each image to a specific size: 320 x 320 pixels. This step is crucial, in order to standardize the images 

and reduce their size, ensuring the model to reach decent efficiency [12]. This standardization also helps reduce 

the variation in object dimensions in the dataset, so that the model can generalize better [13]. 

 

Annotation 

After the images have been resized, the dataset needs to be annotated with labels. The labels contain 

bounding box data, with several attributes such as: class, bounding box coordinate (xmin, ymin), bounding box 

height, and bounding box width. The labels are then saved into a .txt file, corresponding to each image. Each 

bounding box specifically annotates human heads in each image. These annotations will be then used for 

training the YOLOv8 model. 

In addition to annotating human heads with bounding boxes, it is crucial to ensure that these 

annotations follow the YOLOv8 format, which requires specifying the class ID, normalized center coordinates 

(x_center, y_center), and normalized width and height of the bounding box [14]. Normalization ensures that 

the bounding box parameters remain consistent across different image resolutions by dividing their values by 

the respective image width and height, resulting in values between 0 and 1 [15]. The quality of annotation is a 

critical factor in the performance of object detection models, as poorly labeled data can significantly impact 

training outcomes and lead to inaccurate detections [16]. 

The annotated dataset then will be divided into three dataset groups, which is training dataset, 

validation dataset, and testing dataset. Training dataset will be used for training the YOLOv8 model. Validation 
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dataset will be used to measure the model’s performance and to avoid overfitting. Testing dataset will be used 

to test the accuracy of the mode, in which the testing dataset contains no repeated images from training dataset 

nor validation dataset. The ratio to divide the dataset is 60:25:15 for training dataset, validation dataset, and 

testing dataset, respectively. 

 

YOLOv8 Implementation 

The first stage will be an experiment to find the right hyperparameters to detect human objects using 

YOLOv8. The range of values or types of hyperparameters tested for YOLOv8 can be seen in Table 1 [17]. 

 

Table 1. Tested YOLOv8 hyperparameters 
 Parameter 

Optimizer SGD, AdamW, RMSProp 
Epoch min = 0, max = 100 

Batch 8, 16 

Learning Rate 0.01, 0.001 

 

The hyperparameter combinations in Table 2 are obtained from the results of all hyperparameter 

combinations that will be tested. All hyperparameter combinations are obtained using the grid search method. 

Each hyperparameter combination will be used for the YOLOv8 model training process which aims to obtain 

the best model. 

Table 2. YOLOv8 hyperparameter combinations 
Combination To Epoch Optimizer Learning Rate Batch Size 

1 [0, 100] SGD 0.01 8 

2 [0, 100] AdamW 0.01 8 

3 [0, 100] RMSProp 0.01 8 
4 [0, 100] SGD 0.001 8 

5 [0, 100] AdamW 0.001 8 

6 [0, 100] RMSProp 0.001 8 
7 [0, 100] SGD 0.01 16 

8 [0, 100] AdamW 0.01 16 

9 [0, 100] RMSProp 0.01 16 
10 [0, 100] SGD 0.001 16 

11 [0, 100] AdamW 0.001 16 

12 [0, 100] RMSProp 0.001 16 

 

The next stage is that the model with the best hyperparameters will be used to compare various architectures 

based on the level of depth, namely YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8xv [18]. 

 

Drop-out Generalization 

Once the best architecture of YOLOv8 was identified, the model was implemented with and without 

the drop-out technique to evaluate its impact on model generalization. Drop-out was applied at specific layers 

in the network to reduce the risk of overfitting and improve model performance on previously unseen data [19], 

[20]. Studies indicate that deeper architectures can capture more complex features; however, without proper 

regularization, they are prone to overfitting [21]. To mitigate this, dropout was strategically introduced in 

selected layers, particularly the fully connected layers, as this approach has been shown to enhance model 

robustness by preventing co-adaptation of neurons [22]. Additionally, the dropout rate was experimentally 

adjusted to optimize model performance, following methodologies outlined in prior research [7], [23]. The 

evaluation process involved training the model on the dataset using both configurations—one with dropout 

enabled and one without—allowing for a comparative analysis of its effect on accuracy and generalization. 

 

 

Testing 

The evaluation of the model performance in this study was carried out using the Mean Average 

Precision (mAP50-95) metric, which is a standard measure in object detection to assess the accuracy of the 

model at various levels of Intersection over Union (IoU). The mAP50-95 metric is calculated by taking the 

average of the precision values in the IoU range of 0.5 to 0.95 with an interval of 0.05, thus providing a 

comprehensive picture of the model's ability to recognize objects at different levels of accuracy [24]. The metric 

mAP (mean Average Precision) is represented as: 
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3. RESULTS AND DISCUSSIONS 

In this study, we explore the performance improvement of Deep Learning models for human image-

based density detection by comparing different depth variants of the YOLOv8 architecture and analyzing the 

impact of applying drop-out as a regularization technique. The experiments were conducted in three stages. 

The first stage is to determine the modeling with the best hyperparameters. The results of the comparison of 

the tested hyperparameters are shown in Table 3. 

 

Table 3. YOLOv8 training results of each hyperparameter 

Combinations Epoch Optimizer Learning Rate Batch Size Val Loss mAP@50:95 

1 [0, 100] SGD 0.01 8 5.162 0.299 

2 [0, 100] AdamW 0.01 8 4.707 0.308 

3 [0, 100] RMSProp 0.01 8 6.172 0.155 

4 [0, 100] SGD 0.001 8 4.875 0.296 

5 [0, 100] AdamW 0.001 8 4.758 0.301 

6 [0, 100] RMSProp 0.001 8 5.938 0.142 

7 [0, 100] SGD 0.01 16 4.909 0.286 

8 [0, 100] AdamW 0.01 16 4.712 0.328 

9 [0, 100] RMSProp 0.01 16 5.971 0.149 

10 [0, 100] SGD 0.001 16 4.856 0.289 

11 [0, 100] AdamW 0.001 16 4.720 0.316 

12 [0, 100] RMSProp 0.001 16 5.727 0.139 

 

Hyperparameters in the 8th combination are declared to be the best configuration because they have 

the highest mAP@50-95 value (0.328), showing excellent performance in detecting heads with varying levels 

of overlap, which is important for detection consistency in real conditions. Although it has a slightly higher 

Validation Loss (4.712) and a slightly lower mAP@50 (0.411) than the 2nd hyperparameter combination, the 

mAP@75 value has a higher value (0.137). So the 8th combination was chosen as the most suitable 

hyperparameter configuration for the model and dataset in this study. 

The second stage aims to determine the most optimal YOLOv8 variant based on the evaluation of the 

YOLOv8s, YOLOv8m, YOLOv8l, and YOLOv8x models. Figure 3 shows the results of YOLOv8 detection 

with various depths levels. 

 
YOLOv8s 

 
YOLOv8m 
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YOLOv8x 

 

Figure 3. Human detection results with the YOLOv8 model (x, m, l, x) 

 

The performance of the model in the first stage is evaluated using the Mean Average Precision 

(mAP50-95) metric in the training (train) and validation (val) stages. This metric is used to measure the model's 

ability to detect objects with varying levels of Intersection over Union (IoU) accuracy. Table 4 presents the 

performance evaluation results of each YOLOv8 variant, namely YOLOv8s, YOLOv8m, YOLOv8l, and 

YOLOv8x. 

Table 4. Performance comparison of YOLOv8(x,m,l,x) models 
Model Training (mAP50-95) Validation (mAP50-95) 

YOLOv8x 0.804 0.805 

YOLOv8m 0.814 0.813 

YOLOv8l 0.813 0.813 
YOLOv8x 0.811 0.812 

 

Based on the results of the experiments conducted, the YOLOv8m model showed the best 

performance in detecting density based on human image data compared to other YOLOv8 variants. This is 

indicated by the mAP50-95 value at the training stage (train) of 0.814 and validation (val) of 0.813, which is 

the highest value among all models tested. In comparison, the YOLOv8s model, which is a variant with a 

lighter architecture, has an mAP50-95 of 0.804 at the training stage and 0.805 at the validation stage, while 

YOLOv8x, which is a model with a more complex architecture, actually experienced a slight decrease in 

performance with an mAP50-95 of 0.811 at training and 0.812 at validation. This finding indicates that 

increasing the depth of the architecture is not always directly proportional to increasing detection accuracy.  

The next stage is to analyze the effect of applying drop-out as a regularization technique in improving model 

generalization and reducing overfitting by using different environments. The results of the model performance 

comparison obtained from this experiment are presented in Table 5.  

 

Table 5. Comparison of Dropout Effects on YOLOv8 Model Performance 
Model Epoch Optimizer Learning Rate Batch Size Dropout Validation (mAP50-95) 

YOLOv8m without 
dropout 

[0,100] AdamW 0.01 16 - 0.552 

YOLOv8m with dropout [0,100] AdamW 0.01 16 0.5 0.6 

 

The comparison results show that YOLOv8m without drop-out experiences a performance 

degradation with a mAP50-95 value of 0.552, while the application of drop-out results in a performance 

improvement with a mAP50-95 of 0.6. These findings indicate that drop-out contributes to improving the 

generalization of the model in different environments, so it can be an effective strategy in improving the 

robustness of density detection based on human image data. 
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4. CONCLUSION 

This study explores the performance improvement of Deep Learning models in human image-based 

density detection through a comparison of various depth variants of the YOLOv8 architecture and an analysis 

of the application of dropout as a regularization technique. The experimental results show that YOLOv8m has 

the best performance compared to other variants, with a Mean Average Precision (mAP50-95) value of 0.814 

in the training stage and 0.813 in the validation stage. This indicates that increasing the depth of the architecture 

is not always directly proportional to increasing detection accuracy. In addition, the application of dropout has 

been shown to improve model generalization, where YOLOv8m without dropout experienced a decrease in 

performance with mAP50-95 of 0.552, while with dropout, the model gained a performance increase of up to 

0.6. These findings confirm that dropout can be an effective strategy in improving model resilience to 

environmental variations, thus contributing to the development of a more accurate and robust Deep Learning-

based density detection system. For future studies, increasing the dataset’s size and further experimentations 

on other hyperparameters configurations has potential to increase the overall model’s performance. 

Additionally, while the drop-out as a regularization technique did improved the current model, further studies 

towards other regularization techniques could unlock the full potential of YOLOv8’s modelling performance. 
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