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Abstract: The face is a unique biometric feature that plays a crucial role in individual 

identification as it holds essential information for identity recognition. Face detection 

technology has been experiencing significant advancements in the field of computer 

vision. However, face detection technology continues to face challenges in balancing 

high detection accuracy with computational efficiency. While deep learning has 

advanced this field, there remains a lack of comparative studies that compare the 

performance trade-offs between anchor-based and anchor-free region proposal 

mechanisms within a Faster R-CNN framework. This research objective is 

comparing the performance of face detection using two approaches: anchor-based 

and anchor-free. The anchor-based approach use anchor boxes to predict bounding 

boxes, while the anchor-free approach predicts bounding boxes directly from pixel 

positions oriented around a point. The anchor-based approach is implemented use 

base line region proposed network method, whereas the anchor-free approach use a 

centerpoint method. The study utilizes a custom dataset comprising 1,000 formal 

images of students from Del Institute of Technology, split into 900 training images 

and 100 testing images. Performance evaluation is conducted based on metrics such 

as intersection over union, precision, recall, and latency. The results demonstrate that 

the anchor-based approach achieves superior accuracy with an average IoU of 0.98 

but requires a longer detection time of approximately 2.33 seconds per image. 

Conversely, the anchor-free approach offers significantly faster processing at 0.14 

seconds per detection, though with a lower average IoU of 0.78. This study concludes 

that while anchor-based methods excel in precision, anchor-free architectures 

provide alternative for time-critical applications, offering a clear reference for 

optimizing future face detection systems. 

 

Keywords: Face Detection, Faster R-CNN, Anchor-free, Anchor-based, Region 

Proposed Network 

 

INTRODUCTION 

In the rapidly evolving domain of computer vision, biometric identification has established itself as a 

cornerstone of modern digital security and personal verification systems. Among the various biometric modalities 

available, the human face is widely regarded as unique feature because involving the identification of features such 

as eyes, eyebrows, mouth, and nose (Chanda et al., 2024). Consequently, face detection has become a crucial step 

in a wide array of facial analysis applications, including face recognition, face modeling, verification, and real-

time tracking. The output of this process typically involves generating bounding boxes or facial markers that 

delineate the location and size of detected faces. Despite its extensive utility, robust face detection remains a 

persistent challenge in computer vision research (Agrwal et al., 2023). While modern detectors can easily identify 

faces in controlled, frontal-view scenarios, real-world applications often present complex variables (Aditiawarman 

et al., 2023) (Siahaan et al., 2024). As technology advances, detection systems must contend with significant 

impediments such as extreme variations in lighting conditions, diverse facial poses, and complex expressions, 

which often degrade the performance of traditional detection methods (Damarsiwi et al., 2024). 

To overcome the limitations of traditional image processing techniques, the field has witnessed a paradigm 

shift toward machine learning, specifically Deep Learning. Deep learning models utilize multi-layered artificial 

neural networks to extract abstract and complex features from raw data (Kaur & Singh, 2021), offering superior 
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performance in pattern recognition. Within this landscape, Convolutional Neural Networks (CNN) have emerged 

as the dominant architecture for visual tasks (Amjoud & Amrouch, 2023). The evolution of object detection has 

been marked by the development of Region-based Convolutional Neural Networks (R-CNN), which utilize 

selective search to identify Regions of Interest (RoIs) (Ren et al., 2017). However, the original R-CNN faced 

significant bottlenecks regarding computational speed and efficiency (Sunario Megawan & Wulan Sri Lestari, 

2020). This led to the introduction of Fast R-CNN, which improved efficiency by aggregating features in a single 

forward pass (Li et al., 2018). 

Currently, the Faster R-CNN framework represents the state-of-the-art in this lineage. It advances its 

predecessors by integrating a Region Proposal Network (RPN) directly with the CNN model. The RPN is trained 

end-to-end to generate high-quality region proposals, which are subsequently processed by the Fast R-CNN 

module for final detection (Ren et al., 2017) (Salam & Jebaseeli, 2024). Conventionally, Faster R-CNN operates 

as an anchor-based method. These anchor-based mechanisms have set the benchmark for high accuracy, 

particularly in detecting small objects. 

Despite the success of anchor-based architectures, they introduce substantial computational overhead. The 

reliance on predefined anchor boxes necessitates complex calculations, such as Intersection over Union (IoU) 

matching for thousands of candidate boxes, which can slow down the detection process. Furthermore, the 

performance of these models is often sensitive to the manual design of anchor hyperparameters. To address these 

inefficiencies, anchor-free detection frameworks have recently gained prominence. While anchor-free models 

theoretically offer a simpler and faster alternative by removing the anchor matching step (Liu et al., 2020), there 

remains a critical need to rigorously compare these two paradigms within a unified framework. Existing literature 

often compares different algorithms entirely (Wang et al., 2023) (Zhang et al., 2020), but fewer studies isolate the 

specific impact of the region proposal mechanism within the same Faster R-CNN architecture to understand the 

precise trade-offs between accuracy and latency. 

This research aims to bridge this gap by conducting a comparative performance analysis of face detection 

technology using two distinct approaches: the traditional anchor-based method and the emerging anchor-free 

method. The primary objective is to implement both approaches within the Faster R-CNN algorithm to evaluate 

their effectiveness in a controlled context. By keeping the backbone architecture constant, this study seeks to 

provide a fair and valid comparison, quantifying the specific trade-offs between detection accuracy, measured by 

IoU, Precision, and Recall, and computational efficiency, measured by Latency. 

To achieve these objectives, we propose the development of two face detection models using the Faster R-

CNN framework. The first model utilizes the standard Region Proposal Network (RPN) as the anchor-based 

baseline. The second model integrates a CenterPoint method (Anchor-Free RPN), which modifies the architecture 

to predict bounding boxes directly from the center of facial features without predefined anchors. Both models are 

trained and evaluated on a custom dataset comprising 1,000 formal images of students from the Del Institute of 

Technology, characterized by uniform red backgrounds and consistent lighting. Prior to training, image quality is 

enhanced using Laplacian sharpening preprocessing to highlight facial edges. This comprehensive evaluation will 

provide deep insights into which approach offers the optimal balance for future face detection systems. 

 

LITERATURE REVIEW 

The field of object detection has undergone a significant transformation with the advent of deep learning, 

particularly through the development of Convolutional Neural Networks (CNNs). Early methods relied on 

traditional image processing techniques which often struggled with complex variations in lighting and pose. 

However, the introduction of Region-based Convolutional Neural Networks (R-CNN) marked a pivotal shift in 

addressing these challenges. The original R-CNN architecture operated by using a selective search algorithm to 

identify potential Regions of Interest (RoIs) in an image, which were then individually processed by a CNN to 

classify objects (Ren et al., 2017). Despite its effectiveness in improving detection accuracy compared to 

traditional methods, R-CNN faced substantial limitations regarding computational speed and memory efficiency 

due to the redundant processing of overlapping regions (Sunario Megawan & Wulan Sri Lestari, 2020). 

To mitigate the inefficiencies of the original R-CNN, the Fast R-CNN architecture was subsequently developed. 

This iteration improved upon the predecessor by aggregating feature extraction into a single forward pass through 

the network for the entire image, rather than processing each region separately. This modification allowed Regions 

of Interest (RoIs) from the same image to share computation and memory, significantly accelerating the training 

and detection process (Li et al., 2018). 

The evolution continued with the introduction of the Faster R-CNN framework, which established a new state-

of-the-art by addressing the bottleneck of region proposal generation. Unlike Fast R-CNN, which still relied on 

external algorithms for proposals, Faster R-CNN integrates a dedicated Region Proposal Network (RPN) directly 

into the architecture (Lu et al., 2022). This RPN is trained end-to-end to generate high-quality region proposals, 

which are subsequently used by the Fast R-CNN detector module (Srikar & K, 2022). This unified approach not 
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only enhances detection speed but also improves the quality of the proposals, making it highly effective for 

complex tasks such as face detection (Salam & Jebaseeli, 2024). 

Within the domain of modern object detection, particularly in frameworks like Faster R-CNN, the methodology 

for localizing objects is divided into two primary paradigms: anchor-based and anchor-free approaches. 

The anchor-based approach has long been the standard for high-accuracy detection systems. This method 

involves the creation of predefined anchor boxes or rectangular regions at various scales and aspect ratios to cover 

the spatial extent of an image (Zhou et al., 2020). During the detection process, the network predicts the probability 

of an object's presence within these anchors and regresses the coordinates to refine the box location (Faishal et al., 

2023). Anchor-based methods are renowned for their robustness and high detection accuracy, particularly when 

dealing with small or overlapping objects. However, they introduce significant computational overhead. The 

reliance on dense anchor sampling requires the model to process thousands of candidate boxes, which can slow 

down the inference time and increase the complexity of hyperparameter tuning (Wang et al., 2023). 

Conversely, anchor-free frameworks have emerged as a streamlined alternative aimed at improving efficiency. 

Instead of relying on predefined boxes, anchor-free models treat object detection as a point prediction problem. 

These methods directly predict bounding boxes and objectness scores based on pixel locations, often orienting the 

detection around a centerpoint or key points of the object (Jiao et al., 2020) (Zhang et al., 2020). By eliminating 

the need for anchor box calculations and matching, anchor-free architectures significantly reduce the model's 

complexity (Liu et al., 2020), and no need hyper parameters (Zhang et al., 2022). Recent studies indicate that while 

anchor-free methods, such as FCOS or CenterNet, offer promising results in terms of real-time performance and 

simplified architectural design, they sometimes face challenges in scenarios requiring extreme precision compared 

to their anchor-based counterparts (Liu et al., 2022). 

Ultimately, the choice between these approaches represents a trade-off. Anchor-based methods generally excel 

in precision and recall, making them suitable for applications where accuracy is paramount. In contrast, anchor-

free methods provide a more efficient solution for time-critical applications where lower latency is required. 

However, no prior work has explicitly evaluated both strategies under the same Faster R-CNN architecture using 

identical datasets and evaluation protocols 

 

METHOD 

In this research, we proposes a face detection system based on the Faster Region Convolutional Neural Network 

(Faster R-CNN) framework by comparing two region proposal approaches, namely anchor-based Multi-scale 

Region Proposal Network (RPN) and anchor-free Region Proposal Network (AF-RPN). The overall methodology 

consists of dataset preparation, image processing, feature extraction using a convolutional backbone, region 

proposal generation, object classification, and performance evaluation. The workflow of the research is presented 

in Figure 1. 

 

 
Fig.  1 Research Stages 

Data Collection 

This dataset consists of formal images of all active students of the Del Institute of Technology, class of 2020-

2023 as presented in Figure 2. In this research, we limited to using only IT Del students' facial data and did not 

use facial data from the public. The collected data consists of images of students with a red background and neatly 

dressed students, in JPG format, with a total of 1,000 images. For face detection purposes, each image in the dataset 

has been annotated using a bounding box that marks the location of each student's face. This annotation was done 

manually by a team of experts to ensure high accuracy. Each bounding box is equipped with the corresponding 

coordinate information (x, y, width, height).  

 

 
Fig.  2 Example of Student Dataset 

 

 

Image Preprocessing 
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The image processing method used to improve the quality of dataset images is the sharpening technique. In the 

sharpening stage, a Laplacian sharpening kernel is used, this kernel reduces the intensity value of neighboring 

pixels and increases the intensity value of the center pixel (Yousif, 2024), resulting in a sharper image. This kernel 

works by calculating the difference between the center pixel and its neighbors, which results in a sharpening effect 

on the edges of the image. The right pixel selection is very important in this process. The center pixel is selected 

based on the highest intensity value in its surroundings, so that the contrast between the center and neighboring 

pixels can be maximized. This process ensures that the edges of the image are more prominent without adding 

unwanted artifacts. This pre-processing process aims to produce sharper and clearer images, thereby improving 

the performance of the face detection model in recognizing important features on the face. 

The dataset is divided into two main subsets: a training set of images used to train the face detection model and 

a testing set of images used to test the model's performance after training is complete. This study implements a 

hold-out validation method where we experiment with four different partitioning scenarios to achieve the best 

partitioning accuracy for a CNN model. The dataset is split into training and testing ratios of 90:10, 80:20, 70:30, 

and 60:40. This systematic variation aims to analyze the impact of training data volume on model convergence 

and generalization ability, and ultimately identify the optimal partitioning for this specific domain. The best 

partition will be used subsequently for object detection. 

 

Faster Region-Based Convolution Neural Network 

This study using the Faster R-CNN framework for object detection. The core difference in this study lies in the 

Region Proposal Network (RPN) mechanism as presented in Figure 3. 

 

 
Fig.  3 Faster R-CNN Implementation 

In the Faster R-CNN with anchor-based RPN process above, the input image is first processed through a 

sequence of convolutional layers that function to extract fundamental visual features such as edges, corners, and 

texture patterns. We utilizes VGG-16 as the backbone network due to its stability and lower resource consumption 

compared to deeper networks like ResNet-50. Hyperparameters represent configuration settings that regulate the 

learning behavior of machine learning algorithms and their proper selection critically determines system 

effectiveness (Franceschi et al., 2025) (Prasetyo et al., 2023). The hyperparameters utilized for training VGG-16 

as shown in table 1. The resulting output is a feature map that represents both spatial and high-level abstract 

characteristics required for object detection.  

Table 1. Configuration Hyperparameter 

Parameter Values 

Backbone 

Learning rate 

Batch size 

Epochs 

Optimizer 

VGG-16 (conv layers only) 

0.001 

8, 16, 32, 64 

500 

SGD 

 

This feature map is then utilized by the Region Proposal Network (RPN) to identify candidate regions that 

potentially contain objects by sliding anchors across the feature map, classifying each anchor as object or 

background, and refining their size and position to better match object boundaries. At each spatial location, RPN 

generating a set of anchors with predefined scale and aspect ratios as shown in table 2. 

Table 2. Ratio of Anchor Box 

Scale Ratio of Anchor Box 

32 x 32 1:1 2:1 1:2 
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The generated region proposals are then passed to RoI Pooling. Subsequently, Region of Interest (RoI) Pooling 

is applied to extract and normalize features from each proposed region into a fixed size, enabling consistent 

processing despite variations in proposal dimensions. Finally, the pooled features are passed through classification 

and regression layers to determine the object class and to further refine the bounding box coordinates, producing 

accurate object localization and classification results. 

Anchor Free Region Proposal Network 

This research used center point–based anchor-free Region Proposal Network (RPN) to eliminates the use of 

predefined anchors and formulates object proposal generation as a keypoint detection problem. The stages of 

centerpoint algorithm as shown in figure 4.  

 

 
Fig.  4 CenterPoint Implementation 

In the first stage, the input image is processed by a backbone network to produce dense convolutional feature 

maps then forwarded to the network predicts a center point heatmap, where each pixel represents the likelihood of 

being the geometric center of an object. In the second and third stage, additional regression branches predict object 

attributes at each detected center point, typically including object width and height and center offsets to compensate 

for feature map downsampling. In the fourth stage, candidate proposals are generated by combining the predicted 

center locations with the corresponding size regressions to form bounding boxes. Last, a lightweight post-

processing step, such as using score thresholding between 0.5-0.8, is applied to retain the most confident proposals, 

then forwarded to the detection head for classification and further refinement. 

 

Evaluation Method 

To assess the performance of the face detection system, several evaluation metrics are used namely Intersection 

over Union (IoU), Precision and Recall, and Latency. Intersection over Union measures the accuracy of an object 

detection model in localizing objects. It calculates the degree of overlap between the predicted bounding box (pd) 

and the ground truth bounding box (gt) provided by human annotation. The IoU value ranges from 0 to 1, a 

detection is generally considered successful if the IoU score exceeds a predefined threshold. In this research we u 

used 0.75 as a threshold. 

In addition to localization, the model's overall accuracy is evaluated through Precision and Recall. Precision 

represents the proportion of correctly identified faces out of all positive predictions made, focusing on minimizing 

False Positives (FP). Recall, however, measures the proportion of actual object faces that were correctly identified, 

which helps in assessing how well the model avoids False Negatives (FN). Predictions are classified as True 

Positive (TP), False Positive (FP), or False Negative (FN) based on IoU and a predefined threshold.  A model is 

considered high-performing when it achieves high values for both metrics, indicating that it is both accurate and 

comprehensive in its detections.  

Latency used to evaluate computational efficiency and real-time feasibility. Latency refers to the time a 

computer system takes to recognize and process faces in an image after receiving input, measured in seconds. It 

indicates the delay until an output is available. 

 

RESULT 

Image Preprocessing 

Before entering the modeling phase, the dataset undergoes a critical preprocessing step that is sharpening with 

Laplacian kernel. This technique utilized to enhance the detail and clarity of the images. This aims to clarify facial 

features such as eyes, nose, and lips while improving the overall texture of the image. The results show a significant 

difference between the original and sharpened images, with lines becoming more distinct as shown in figure 5. 

 
Fig.  5 Before and After Sharpening Image 

For dataset division, using 1000 IT Del students' facial data, it was divided into two partitions, namely training 

data and testing data. Using the hold-out splitting method, we tested the training and testing data in several 

scenarios and ran the VGG-16 model training. Then we compared the results to determine the best scenario for the 

data partitioning as shown in table 3. 
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Table 3. Result 

Train : Test Split Partition Train Acc Val Acc Train Loss Val Loss 

90:10 94.8 86.3 0.12 0.24 

80:20 93.6 80.1 0.14 0.31 

70:30 92.4 75.8 0.16 0.38 

60:40 91.2 71.4 0.18 0.46 

Based on Table 3 above, it was found that the 90:10 partition scenario was the best. Therefore, the 90:10 data 

partition was used in the implementation process of object detection using Faster R-CNN. 

Convolusional Layer Backbone 

Face detection using Faster R-CNN framework started with by specifying a convolutional neural network. The 

VGG16 model is used with hyperparameters as shown in table 4. 

 

Table 4. Experiment Result of Hyperparameter 

Epoch Learning Rate Batch Size Accuracy Loss 
500 0.001 8 0.89 0.03 

500 0.001 16 0.90 0.02 

500 0.001 32 0.94 0.02 

500 0.001 64 0.93 0.01 

 

The table 1 presents the experimental results obtained by varying the batch size while maintaining a constant 

number of epochs at 500 and a learning rate of 0.001. When a batch size of 8 is applied, the model achieves an 

accuracy of 0.89. Increasing the batch size to 16 results in a slight improvement in accuracy to 0.90. A more 

noticeable increase in performance is observed at a batch size of 32, where the highest accuracy of 0.94 is recorded. 

However, when the batch size is further increased to 64, the accuracy decreases to 0.93. Therefore researcher will 

use hyperparameters with epoch 500, learning rate 0.001, dan batch size 32 to form the Faster R-CNN’s 

convolutional network. Visualization of accuracy against epochs at each batch size can be seen in figure 6. 

 
Fig.  6 Accuracy VS Epoch in Graph 

Faster R-CNN With Anchor Based RPN 

In the Faster R-CNN framework using anchor, researchers first create an anchor box. This anchor box is used 

to detect the presence of the student’s face, by moving it across the image. It operates by sliding a small 

convolutional network over the shared feature maps and, at each spatial location, generating a set of anchors with 

scales is 32 and aspect ratios that is 0.5, 1.0, and 2.0 to represent face objects of varying sizes and shapes. 

 For each anchor, the RPN simultaneously predicts a score for that detected face, indicating whether the anchor 

corresponds to a face being searched, and a set of bounding box regression offsets to refine the anchor’s position 

and dimensions. These refined anchors are then transformed into candidate region proposals by applying the 

predicted regression offsets to the predefined anchor boxes. Region proposals generated by RPN with a high 

probability of containing facial objects will be forwarded to the Classification and Regression stages. At this stage, 

class labels and face bounding boxes will be determined, with confidence scores as shown in the figure 7. 
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Fig.  7 Results of Face Detection Using Anchor Based RPN 

Faster R-CNN With Anchor Free RPN 

In anchor-free approaches with centerpoint, generates region proposals by first predicting facial object center 

points on dense feature maps. These feature maps serve as the basis for identifying the most representative 

locations of faces in the image. The network predicts a center-point heatmap in which each pixel represents the 

likelihood of being the geometric center of a face. High-response points on this heatmap correspond to potential 

face centers.  

For each detected center point, the network simultaneously regresses the facial bounding box attributes, such 

as width and height, as well as center offsets. The predicted center points and regressed size information are 

combined to construct face bounding boxes directly. A filtering process using best score is applied to retain the 

most confident detections.  

 
Fig.  8 Results of Face Detection Using Anchor Free RPN 

Figure 8 shows face detection with different boundary boxes. This occurs because the coordinate points used 

by centerpoint are not in the center of the face, causing the predicted boundary lines to exceed the facial boundaries 

in the image. 

 

Performance Evaluation 

The performance comparison of face detection using the Faster R-CNN with Anchor and Faster R-CNN with 

Centerpoint is done using the IoU, Precision, Recall, and Latency metrics as shown in table 6. It can be seen that 

the Anchor RPN method has higher scores in IoU, Precision, and Recall, while the Centerpoint RPN method has 

higher in Latency.  

 

Table 5. Comparison Two RPN Approaches in Faster R-CNN 

Type of RPN IoU Precision Recall Latency 

Anchor 0.98 0.98 0.78 2.33 

     

Centerpoint 0.78 0.81 0.67 0.14 

     

 

 

 
Fig.  9 Comparison Graph of IoU, Precision, Recall, and Latency 
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Figure 9 show comparison of performance between Anchor RPN and Centerpoint RPN. The comparison graph 

shows that the anchor-based RPN consistently achieves higher performance in terms of IoU, precision, and recall, 

indicating more accurate and reliable object localization and detection. However, this improved accuracy comes 

at the cost of significantly higher latency, reflecting the computational overhead introduced by anchor generation 

and IoU matching. In contrast, the centerpoint-based RPN demonstrates substantially lower latency, making it 

more suitable for real-time applications, although with a moderate reduction in accuracy-related metrics. 

 

DISCUSSIONS 

This study demonstrates that the choice of region proposal methodology has significant implications for the 

balance between accuracy and speed. This can be seen in the experimental results demonstrate that both region 

proposal strategies Anchor RPN and Centerpoint RPN are capable of detecting faces using the Faster R-CNN 

framework, but they exhibit different performance characteristics. The use of VGG-16 as a constant backbone 

provides a fair basis for isolating the impact of anchor-based and anchor-free approaches. Furthermore, the 

Laplacian sharpening preprocessing stage proves methodologically crucial as it clarifies facial features, which in 

turn produces more informative feature maps for the detection stage. These feature maps provide a strong 

foundation for face detection. 

In terms of face detection performance, the Anchor-Based RPN shows higher localization accuracy, as 

reflected by its higher IoU, precision, and recall values. The high score of the anchor-based method on RPN is due 

to the use of anchor boxes with various scales and aspect ratios such as 0.5, 1.0, and 2.0. This mechanism allows 

the model to densely sample thousands of candidate boxes across the entire image, resulting in a much higher 

probability of finding a box that is highly precise with the ground truth compared to point-based methods. In 

contrast, the centerpoint method is able to perform significantly faster, 0.14 seconds latency, because it eliminates 

the complex IoU matching calculation process for thousands of anchor boxes. Instead of processing thousands of 

candidates, this method treats detection as a single-point prediction problem, where the bounding box is directly 

predicted from the facial object center pixel location. This drastically reduces the computational load and simplifies 

the detection workflow. 

The comparison between the two approaches highlights a clear trade-off between detection accuracy and 

processing speed. While Anchor RPN achieves more accurate and consistent face localization, it requires longer 

inference time due to the increased number of proposals and anchor evaluations. On the other hand, Centerpoint 

RPN offers significantly lower latency, making it more suitable for applications where real-time performance is a 

priority. Architecturally, anchor methods introduce significant computational overhead and are highly sensitive to 

manual hyperparameter tuning at the anchor scale as shown in table 2. In contrast, centerpoint architectures offer 

a more compact and efficient design, shifting the burden from manual box matching to directly predicting object 

attributes on feature maps. However, this simplification sometimes comes at the expense of extreme precision, as 

it relies heavily on the accuracy of center point prediction as shown in figure 8. 

Overall, the results indicate that the choice of region proposal method should be guided by the specific 

requirements of the application. For scenarios that prioritize detection accuracy and robustness, Anchor RPN is 

more appropriate, whereas Centerpoint RPN is better suited for time-sensitive applications where faster processing 

is essential. 

 

Future Development 

While the results in this research are excellent, using more complex datasets with extreme lighting variations, 

diverse facial poses, or overlapping objects will present greater challenges. In such scenarios, anchor-based 

methods tend to be more robust and excel in precision and recall due to their ability to better handle small or 

overlapping objects. For future development on complex datasets, the integration of Feature Pyramid Networks 

(FPN) is recommended to improve multi-scale feature representation without significantly increasing the 

computational burden. This may improve detection performance for faces of varying sizes without significantly 

increasing computational cost.  

Other research also demonstrate that many anchors in the detection head can be removed without negatively 

affecting accuracy, and that retraining after anchor pruning may even improve performance becomes up to 44% 

more efficient while achieving higher accuracy (Bonnaerens et al., 2022). So future development could consider 

the integration of anchor pruning into this architecture. 

 

CONCLUSION 

This study concludes that the Faster R-CNN method with an anchor RPN and a centerpoint RPN can be 

successfully implemented for student’s face detection tasks. Both approaches are capable of detecting faces in the 

given limited dataset of IT Del students, although the result show different performance characteristics. The results 

show a clear trade-off between accuracy and efficiency between two approaches of RPN. The anchor approach 

excels in localization precision show at IoU 0.98 but has high latency that is 2.33 seconds. In contrast, centerpoint 
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approach offers significant inference speedup that is 0.14 seconds with lower accuracy that is IoU 0.78. These 

results are consistent with the discussion findings and emphasize a clear trade-off between accuracy and efficiency.   

The contribution of this study is to conduct a rigorous performance comparison analysis between anchor-based 

and anchor-free centerpoint region proposal mechanisms within a unified Faster R-CNN framework. By keeping 

the backbone architecture constant, this study successfully isolates the specific impact of the region proposal 

mechanism, thus providing a clear reference for face detection system developers in optimizing the balance 

between accuracy and speed according to application needs. 

Despite its positive results, this study has several limitations that need to be addressed, particularly regarding 

data coverage and technical aspects. The data used relied on a specific dataset consisting of face images of Del 

Institute of Technology students with a uniform red background and consistent lighting, without involving a more 

varied public face dataset. Furthermore, the backbone architecture used was limited to VGG-16; although known 

to be stable, its feature extraction capacity is relatively modest compared to deeper artificial neural networks. 

Technically, specific weaknesses were also found in the application of the anchor-free centerpoint method, where 

the bounding box sometimes exceeded the facial area due to the determination of the center point coordinates that 

were not always precisely in the center of the object. 
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