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Abstract 

Archaic image restoration faces significant challenges due to complex degradation in the form of blurring and 

attenuation of extreme luminance (low-light) that obscure the identity of historical subjects. This study constructs a 

new paradigm through the Face-Centered Enhancement mechanism based on GFPGAN to reconstruct high-fidelity 

facial features in visual archives from the Bengkulu Museum, Bung Karno's Exile House, and Fort Marlborough. The 

novelty of this study lies in the integration of a feature enhancement module capable of performing adaptive 

deconvolution specifically on the face area to mitigate stochastic hallucinations in the GAN latent space, thus 

balancing lighting restoration without distorting the authenticity of the original character of historical figures. 

Quantitative evaluation of 50 images using a synthetic degradation scheme shows superior performance, where 95% 

of the data achieves SSIM ≥ 0.95 and MSE ≤ 0.01. This improvement in visual quality has direct implications for the 

efficiency of the OCR system in extracting document text and optimizing classification in digital archival information 

systems. Despite its dependence on high-performance computing, this method has proven effective in bridging the 

disparity between improving pixel quality and preserving historical integrity in national digital preservation efforts. 

 

Keywords : Digital Identity, Face-Centered Enhancement, GFPGAN, Historical Documentation, Image 

Restoration, SSIM. 
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1. INTRODUCTION 

The modern digital era places visual images as a fundamental instrument in the domain of 

computer vision, particularly in the preservation of historical archives and identification of subject 

identities. Digital images are no longer merely illustrative objects, but have become primary data that 

require a high level of fidelity to ensure the accuracy of physical representations of the past. However, 

preservation efforts are often hampered by the physical condition of historical documents that 

experience complex degradation, such as luminance attenuation (low-light) and optical distortion (blur) 

that eliminate crucial details in facial features. This phenomenon causes conventional restoration 

methods to often fail to maintain the authenticity of identities, so that an artificial intelligence-based 

approach capable of precise texture reconstruction is needed. Through the Face-Centered Enhancement 

mechanism integrated into the GFPGAN architecture, this study attempts to overcome facial feature 

ambiguity by balancing lighting compensation and feature deconvolution, to produce restorations that 

are both visually and historically accurate [1], [2], and [3]. 

However, historical or archival images often experience degradation due to aging and inadequate 

storage conditions. Damage such as blurring, noise, cracks, scratches, and discoloration results in the 

loss of important details, thus reducing the visual legibility and interpretation accuracy of image-based 

systems [4], [5], and [6]. This condition is a serious challenge in preserving digital archives because 

low-quality images make the process of documentation, indexing, identification, and utilization of visual 

information difficult [7], and [8]. 
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Various conventional restoration methods such as filtering, interpolation, and histogram 

equalization have been applied to address image degradation but have limitations, especially in complex 

damage patterns due to their inability to reconstruct details adaptively [9]-[10]. The development of 

deep learning, particularly through Generative Adversarial Networks (GANs), provides a more effective 

approach to restoration by utilizing generator–discriminator competition that is capable of producing 

realistic images. One architecture that shows superior performance in facial restoration is GFPGAN , 

which is able to preserve facial anatomical structures better than conventional GAN architectures [11], 

[12], [13]  and [14]. However, research on GFPGANs is still limited to facial processing in the context 

of modern photography, not on heavily degraded archival images. Furthermore, studies focusing on 

restoring facial areas without destroying surrounding visual elements are still rare. These limitations 

indicate a research gap in utilizing GFPGANs for the restoration of historical archival images 

characterized by complex damage[15], [16], [17], [18], and [19]. 

This research provides significant benefits in the aspect of digital cultural heritage preservation 

by providing a practical solution for the Bengkulu Museum to restore historical visual assets that have 

suffered severe degradation without sacrificing their authenticity. Technically, this research contributes 

to the optimization of digital infrastructure by providing high-quality images that improve the accuracy 

of OCR systems and pattern recognition in the national archive digitization workflow. In addition, the 

development of this Face-Centered Enhancement mechanism enriches the academic literature in the 

field of computer vision, particularly regarding the use of Generative Facial Prior in mitigating extreme 

lighting anomalies, while providing operational efficiency for museum conservators in carrying out 

document restoration automatically and precisely, as well as qualitative visual analysis to measure the 

alignment of reconstructed facial details. The main contributions of this study include: 

1) Application of GFPGAN in the context of restoration of heavily degraded historical archive 

images. 

2) Restoration focuses on the facial area without changing the visual elements outside the face end. 

3) Validation of restoration performance through a combination of quantitative evaluation (SSIM 

and MSE) and visual qualitative evaluation. 

 

This research is expected to contribute to the development of deep learning-based image 

restoration technology to support the preservation of digital archives and improve the quality of 

historical documentation images.  

The development of deep learning technology has encouraged the emergence of deep learning-

based restoration methods, particularly Generative Adversarial Networks (GAN). 

2. METHOD 

The training of this model employs a low learning rate to ensure the stability of facial feature 

weight updates, supported by the use of the Adam Optimizer, which is highly effective in handling 

gradient variations in poor lighting conditions. The experiment duration is determined by the sufficient 

number of epochs so that the model can reconstruct textures in depth without causing data saturation or 

overfitting. The implementation of this entire architecture requires powerful hardware specifications, 

particularly support for a high-performance graphics processing unit to handle the heavy generative 

computational load, as well as a large system memory capacity to ensure smooth and precise processing 

of high-resolution historical datasets. 

The digital image restoration system developed in this study uses the Generative Adversarial 

Networks (GANs) approach and consists of two main components, namely a GANs-based machine 

learning model tasked with processing degraded images and producing restored images, as well as a 

user interface that facilitates the image input process, processing with the model and displaying the 
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restoration results. The main focus of this study is facial image restoration by optimizing the GANs 

model to be able to repair damaged facial details due to noise, blur, texture loss and compression artifacts 

[20], [21], [22], [23],  and [24]. 

The research methodology is structured in several stages as shown in Figure 1 of the research 

workflow, which includes: (1) Preliminary Study, (2) Dataset Preparation, (3) Model Development, (4) 

Evaluation (5) Model Improvement, and (6) Result & Conclusion performance using SSIM and MSE. 

 

Figure 1. Research Method Framework 

2.1. Preliminary Study Stage 

The preliminary study stage is conducted to obtain a strong theoretical foundation and determine 

the appropriate research direction. Activities at this stage consist of the following three main parts: 

a. Literature Review 

The restoration of facial images and digital documents is a crucial issue in the digitization of 

historical archives because image quality degradation, such as noise, blur, and compression artifacts, 

can hinder the preservation and interpretation of visual information. Conventional restoration methods, 

such as spatial filters and interpolation techniques, have been used to mitigate these degradations, but 

they still have limitations in recovering fine details and semantic structure, particularly in human faces 

and text in historical documents. 

The development of deep learning technology has encouraged the emergence of deep learning-

based restoration methods, particularly Generative Adversarial Networks (GAN). introduced SRGAN, 

as the first GAN approach to super-resolution, which produces high-resolution images with more 

realistic visual details than traditional methods. This research was then developed ,through ESRGAN, 

which presents a more stable architecture and loss function as well as improved visual texture quality 

through Residual-in-Residual Dense Blocks. The development of GFPGAN, an architecture focused on 

blind face restoration using pre-trained face priors to reconstruct facial structures realistically and 

consistently. However, most of these studies still focus on synthetic facial images or artificially degraded 

images, rather than on real historical documents with random and complex damage patterns. 

This image restoration model uses a Generative Facial Prior GAN (GFP-GAN), which is 

optimized for facial image restoration. The GAN architecture consists of two main networks: a 

generator, which rebuilds facial images based on degraded images, and a discriminator, which assesses 

whether the restored image looks realistic. To improve the quality of the restoration results, the model 

is optimized with perceptual loss to preserve facial texture [25], [26],  and [27]. 

Table 1 below summarizes various GAN-based image restoration studies, including their 

advantages and limitations. 

 

Table 1. Literature Review 

Study/Researche

r 

GAN 

Models 

Image 

Type 

Research 

Focus 

Main 

Advantages 

Limitations/Weaknesse

s 

Ledig et al. SRGAN 
Natural 

image 

Super-

resolution 

High visual 

detail 

Sensitive to noise and 

blur 
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b. Research Gap 

Previous research has shown that Generative Adversarial Networks (GAN)-based models such as 

SRGAN and ESRGAN have successfully improved the resolution and visual quality of natural images, 

but their performance declines when images experience severe degradation such as blur, extreme noise, 

or physical artifacts in older images. Furthermore, most GAN-based restoration approaches such as 

GFPGAN and HiFaceGAN are specifically designed for facial reconstruction by utilizing extensively 

trained face priors. While effective on synthetically degraded facial images, these studies have not been 

widely evaluated on real historical images with complex damage due to aging and environmental factors. 

Furthermore, previous image restoration research has focused more on evaluating visual aesthetic 

quality or perceptual scores, while quantitative metric-based evaluations such as Structural Similarity 

Index Measurement (SSIM) and Mean Squared Error (MSE) have rarely been specifically applied to 

historical document imagery. Therefore, there is still room for research to assess the ability of GFPGAN 

to handle real-world historical document image restoration, including testing visual quality 

improvements based on measurable quantitative metrics. 

Based on these gaps, this research focuses on the application and optimization of GFPGAN for 

the restoration of historical document images that have experienced severe degradation, with SSIM and 

MSE-based evaluations to obtain an objective analysis of image quality improvement. 

 

c. Method Determination 

Based on the identified research gaps, this study establishes the use of Generative Facial Prior 

GAN (GFPGAN) as the primary method for the process of restoring historical document images. The 

selection of GFPGAN is based on its ability to reconstruct visual details through the use of pre-trained 

generative priors, thus being able to maintain realistic facial structures even under severe degradation 

conditions. By adapting the GFPGAN architecture to historical document images, this study aims to 

evaluate the extent of the model's ability to restore the visual quality of old documents that have 

experienced physical damage, such as blur, noise, and aging artifacts. 

The evaluation process was objective, and this study used two quantitative metrics: the Structural 

Similarity Index Measurement (SSIM) and the Mean Squared Error (MSE). These two metrics were 

Study/Researche

r 

GAN 

Models 

Image 

Type 

Research 

Focus 

Main 

Advantages 

Limitations/Weaknesse

s 

Zhang et al. ESRGAN 
Natural 

image 

Enhanced 

super-

resolution 

Better 

stability and 

quality 

High computation and 

longer training time 

Wang et al. GFPGAN Face 
Blind face 

restoration 

Precise 

facial 

structure, 

maintained 

aesthetics 

Focus on faces, not 

historical documents 

Pan et al. 
HiFaceGA

N 
Face 

Low-

quality 

face 

restoration 

Facial 

expressions 

are more 

realistic 

Weak in extreme noise 

This research 
GFPGAN 

Adaptation 

Historical 

document

s 

Document 

image 

restoration 

Historical 

document

s 

Document 

image 

restoration 

Focus on 

real 

applications

; evaluate 

SSIM, 

MSE, visual 

aesthetics 

its inability to handle 

extreme low-light 

degradation often 

results in a loss of 

fidelity in the 

character's original 

identity. 
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chosen because they are able to numerically measure the structural similarity and degree of distortion 

between the original and restored images. Furthermore, visual aesthetic assessments by expert observers 

were used as a qualitative evaluation to ensure that the numerical improvements align with visual 

perception. 

The chosen research method includes several main stages, namely: (1) dataset collection and 

preparation, with a training dataset based on facial images from public sources and a testing dataset 

consisting of degraded historical document images; (2) application and fine-tuning of GFPGAN to the 

training data; (3) application of the model to historical document images; and (4) evaluation of 

restoration results using SSIM, MSE, and visual aesthetic validation. This configuration is designed to 

provide a comprehensive understanding of the effectiveness of GFPGAN in restoring old document 

images and ensure a real contribution to the development of archive digitization technology. 

2.2. Dataset Preparation 

a. Training Data 

The training dataset uses 30,000 face images from FFHQ (Flickr-Faces-HQ) obtained through the 

Kaggle platform, with a native resolution of 1024×1024 pixels. FFHQ was chosen because it has a high 

level of diversity in terms of facial expressions, age, head orientation, lighting conditions, and image 

quality, making it relevant for training GAN-based restoration models. 

Before being used in the training process, the dataset underwent augmentation to improve visual 

diversity and the model's resilience to degradation. The augmentations applied included: 

1. Random rotation ±15° 

2. Horizontal flip 

3. Contrast and brightness adjustment 

 

 The implementation of this mechanism significantly improves visibility in dark areas and restores 

sharpness of facial features previously lost due to blur. Aesthetically, the image undergoes a more 

balanced contrast transformation, while technically, the accuracy of character identification is better 

maintained because the system is able to distinguish noise from original facial details. However, this 

change also creates a qualitative contrast (imbalance) between highly detailed facial areas and the 

background, which remains in its original state to reduce the computational load during training, the 

resolution of all images was converted to 500×250 pixels before further processing. 

 

 
Figure 2. Training Dataset 
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This training data process involves model training using the Structural Similarity Index Measure 

(SSIM), a method used to measure image quality by comparing the structural similarity between two 

images: the original image and the processed image.Rumus SSIM between two images x and y is defined 

as follows: 

/SSIM(𝑥, 𝑦) = [𝑙(𝑥, 𝑦)]α ⋅ [𝑐(𝑥, 𝑦)]β ⋅ [𝑠(𝑥, 𝑦)]γ (1) 

 

Di mana: 

1. 𝑙(𝑥, 𝑦) is the luminance (brightness) component, which is calculated as: 

𝑙(𝑥, 𝑦) =
2𝜇𝑥𝜇𝑦+𝐶1

𝜇𝑥
2+𝜇𝑦

2+𝐶1
 (2) 

2. 𝑐(𝑥, 𝑦) is the contrast component, which is calculated as: 

𝑐(𝑥, 𝑦) =
2σ𝑥σ𝑦+𝐶2

σ𝑥
2+σ𝑦

2 +𝐶2
 (3) 

3. 𝑠(𝑥, 𝑦) is a structure component, which is calculated as: 

𝑠(𝑥, 𝑦) =
𝜎𝑥𝑦+𝐶3

𝜎𝑥𝜎𝑦+𝐶3
 (4) 

 

Information: 

1. 𝜇𝑥 end 𝜇𝑦 is the average pixel intensity of the x and y images 

2. 𝜎𝑥 end 𝜎𝑦 is the standard deviation of the x and y images 

3. 𝜎𝑥𝑦 is the covariance of the x and y images 

4. 𝐶1, 𝐶2 𝑒𝑛𝑑 𝐶3 is a stability constant to avoid division by zero. 

5. 𝛼, 𝛽 end 𝛾 is a parameter to adjust the weight of each component. 

 

Mean Square Error (MSE) is an evaluation metric used to measure the level of error between 

predicted values and actual values in a model: 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑦𝑖 − 𝑦𝑖̂)

2𝑛
𝑖=1  (5) 

 

Where: 

1. 𝑛 is the number of samples 

2. 𝑦𝑖 is the actual value of sample-i 

3. 𝑦𝑖̂ is the predicted value of the i-th sample 

 

MSE measures the average of the squared differences between actual and predicted values. 

Because errors are squared before averaging, MSE values tend to be larger if there are outliers in the 

data. Therefore, MSE is more sensitive to large errors than other metrics such as Mean Absolute Error 

(MAE). 

 

b. Testing Data 

The test dataset consists of 50 images of historical analog documents. These images were sourced 

from old paper-based archives and then reacquired using a digitization process to convert them into 
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digital images. These images exhibit significant degradation such as noise, blurring, paper aging, ink 

deterioration, and physical stains, making them suitable for testing restoration capabilities on real-world 

cases. 

This test dataset was not used in the training process, ensuring that the model's performance 

evaluation is objective and unaffected by data already encountered by the model. 

 

 
Figure 3. Testing Data 

 

2.3. Model Development 

The image restoration model in this study was developed using the generative facial prior GAN 

(gfpgan) architecture as the base model. Gfpgan was chosen because of its ability to combine adversarial 

learning mechanisms with the face prior from stylegan2 to realistically reconstruct facial structures even 

when the image is severely degraded. 

During the training process, the generator reconstructs facial images from degraded input, while 

the discriminator evaluates the realistic nature of the reconstruction. To achieve restoration quality that 

is not only pixel-accurate but also visually realistic, this study uses a combination of loss functions, 

including: 

1) Pixel-wise loss, to minimize the pixel difference between the input image and the target image. 

2) Adversarial loss, to ensure that the restored image is able to deceive the discriminator. 

3) Perceptual loss, to preserve the texture and semantic details of the face based on feature 

comparisons in a higher representation space. 

Optimization with perceptual loss is the main strategy used to improve the consistency of facial 

structures while reducing visual artifacts during the training process [26, [28]. 

2.4. Evaluation 

The evaluation was conducted to measure the success of the gfpgan model in restoring historical 

document images. The assessment used two approaches: a quantitative evaluation based on objective 

metrics and a qualitative evaluation through visual inspection. 

1. Quantitative evaluation 

The quality of the restoration results is analyzed using two main metrics: 

1) Mean Squared Error (MSE) 

Measures the average reconstruction error between the restored image and the reference 
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image. A smaller mse value indicates that the restoration is closer to the reference image 

pixel-wise.Structural Similarity Index Measure (SSIM) 

2) Measures the similarity of image structures based on luminance, contrast, and structure. Ssim has a 

range of 0–1, with values close to 1 indicating high visual structural similarity. 

These two metrics are calculated on all 50 test images, then averaged to obtain an overall model 

evaluation score. 

2. Qualitative Evalution  

This evaluation is carried out by observing the restoration results visually, including:Ketajaman 

tekstur pada area wajah :  

1) Consistency of the shape of the eyes, nose and mouth, 

2) The level of the artifact after the restoration process, 

3) Authenticity and naturalness of the resulting image. 

 

Qualitative evaluation was conducted by three independent assessors with competence in the field 

of image processing, using a 1–5 rating scale that reflects the aesthetic quality and realism of the 

restoration results. 

The results of the quantitative and qualitative evaluations were then compared with the results of 

the baseline model (without perceptual loss) to ensure that the model improvement strategy had a 

significant impact on the quality of the restoration. 

2.5. Model Improvement 

The Model Improvement stage is conducted through a series of optimization experiments to 

improve the performance of the restoration model. Optimization includes adjusting the learning rate, 

loss function weights, number of epochs, and augmentation configuration until the most stable parameter 

combination is achieved. 

If accuracy improvement is not achieved, a fine-tuning process is continued using a subset of the 

historical image dataset to adjust parameters in the final layer of the network, with the goal of increasing 

the model's sensitivity to specific degradation patterns in analog documents. 

The results are then analyzed and interpreted based on changes in evaluation metrics and visual 

quality to ensure that each modification results in significant and consistent improvements in image 

restoration performance. 

2.6. Result & Conclusion 

This stage includes the presentation of image restoration results and the drawing of conclusions 

based on model performance. Experimental results are presented in the form of a comparison of pre- 

and post-restoration images, along with quantitative values from the SSIM and MSE evaluation metrics 

to measure structural fidelity and pixel distortion levels. 

All findings are analyzed to ensure consistent improvements in restoration quality, both 

objectively through metrics and subjectively through visual evaluation. Based on the interpretation of 

the results, the study then draws conclusions regarding the model's effectiveness, any remaining 

limitations, and recommended further development directions for improving restoration performance on 

heavily damaged historical documents. 

3. RESULT 

The SSIM calculation methodology in this study is carried out through a synthetic degradation 

approach, where high-quality facial images are used as references (ground truth) which are then 

deliberately damaged with blur and low-light effects to simulate the condition of the physical archives 

at the Bengkulu Museum. The SSIM calculation is carried out by comparing the restored image with 
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the reference image based on three main parameters: luminance, contrast, and visual structure. This 

approach allows for objective measurement of facial feature reconstruction accuracy on a scale of 0 to 

1, in order to prove the model's ability to restore the structural integrity of degraded historical images to 

their optimal condition. 

The image restoration optimization system developed using Python is supported by several 

relevant libraries. These libraries make the system interface usable and interactive. This aims to improve 

the user experience when using this detection system. 

 

 
Figure 4. User Interface Display of Image Restoration Optimization System 

 

The digital image restoration performance evaluation was conducted using two approaches: 

quantitative evaluation using the Structural Similarity Index Measure (SSIM) and Mean Squared Error 

(MSE) metrics, and quantitative evaluation through visual observation of the restored images. Fifty 

degraded historical facial images were used as test data. These images have been damaged due to age, 

distortion, and the resolution limitations of the scanning device. 

 

 
Figure 5. Degradation Image and Restoration Image 
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Figure 6. Comparison of SSIM Matrix 

 

This image restoration model uses a Generative Facial Prior GAN (GFP-GAN), which is 

optimized for facial image restoration. The GAN architecture consists of two main networks: a 

generator, which rebuilds facial images based on degraded images, and a discriminator, which assesses 

whether the restored image looks realistic. To improve the quality of the restoration results, the model 

is optimized with perceptual loss to preserve facial texture. 

The basic comparison of quantitative metrics in this study focuses on the use of the Structural 

Similarity Index (SSIM) to measure the preservation of visual structure and facial texture, and the Mean 

Squared Error (MSE) to mathematically calculate the precision of pixel recovery compared to reference 

data. Through the analysis of these two metrics, the effectiveness of the Face-Centered Enhancement 

mechanism can be validated based on its ability to minimize visual distortion and maximize structural 

similarity to the original image condition. This approach provides an objective standard in assessing the 

extent to which the model is able to overcome multiple degradations without compromising the integrity 

of biometric information in historical photographs. 

 

Table 2. Quantitative Comparison of Image Restoration Results 

Metode SSIM (↑) MSE (↓) PSNR (↑) LPIPS (↓) 

Citra 

Terdegradasi 

(Input) 

0.5842 0.0841 14.22 dB 0.6124 

GFPGAN 

Original 

0.8814 0.0215 24.56 dB 0.2451 

CodeFormer 

(2023) 

0.9125 0.0184 26.12 dB 0.1982 

GFPGAN + Face-

Centered 

Enhancement 

(Ours) 

0.9648 0.0082 29.84 dB 0.1245 
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The table above presents a performance comparison between the degraded image, the standard 

GFPGAN model, and the proposed method using the Face-Centered Enhancement mechanism. Based 

on quantitative metrics, the proposed model demonstrates significant superiority with an SSIM value of 

0.96, indicating a very high level of visual structure preservation relative to the original reference. The 

reduction in the MSE value to 0.008 confirms the accuracy of pixel restoration in areas previously 

affected by low-light information loss. Subjectively, the Mean Opinion Score (MOS) reaches 4.7 out of 

5.0, proving that the restoration results are not only mathematically superior but also able to provide a 

natural visual impression and maintain the fidelity of the historical figure's identity for human 

perception. The increase in the PSNR value to 29.8 dB technically confirms the model's effectiveness 

in reducing noise and enhancing image contrast without triggering the appearance of digital artifacts 

that disrupt the document's archaic aesthetics. 

Qualitatively, the Face-Centered Enhancement mechanism demonstrates distinctive advantages 

in reconstructing microscopic details such as skin texture and eye characteristics previously distorted by 

extreme blurring and low light intensity. Visual comparisons demonstrate that the proposed model is 

capable of producing more natural and sharp lighting without inducing the “plastic face” effect or digital 

artifacts often present in standard generative methods. This restoration result not only significantly 

improves the clarity of facial features but also consistently maintains the fidelity of historical figures’ 

identities, resulting in images that are more authentic and coherent to human perception than those 

obtained with the baseline architecture. 

 

Table 3. Results of Quantitative and Subjective Evaluation of Restoration Model 

Skenario 

Pengujian 
SSIM (↑) MSE (↓) PSNR (↑) MOS (1-5) (↑) 

Citra Asli 

(Terdegradasi) 

0.58 0.084 14.2 dB 1.2 

GFPGAN 

Standar 

0.88 0.021 24.5 dB 3.4 

Metode Usulan 

(Face-Centered) 

0.96 0.008 29.8 dB 4.7 

 

The table shows that in 2026, the Face-Centered Enhancement mechanism consistently 

outperformed the baseline model in all test parameters by achieving an SSIM value of 0.96 and 

minimizing the MSE to 0.008. These figures quantitatively validate the accuracy of facial structure 

reconstruction and pixel recovery under extreme lighting conditions that were previously unable to be 

optimally handled by the standard model. Subjectively, the MOS score reached 4.7, confirming that the 

restoration results successfully mitigated the "plastic face" effect and provided a natural and authentic 

visual impression for human perception. The superiority of this metric demonstrates the effectiveness 

of the integration of the facial feature enhancement module in bridging the needs between digital 

sharpness and historical identity preservation in the Bengkulu Museum archives. 

The increase in SSIM (0.95) is directly proportional to the high MOS score (4.7). This indicates 

that the facial feature enhancement module not only excels in pixel calculation, but also successfully 

meets human visual expectations in maintaining the authentic aspects of historical figures without the 

"plastic face" effect, The low MSE value (0.008) compared to the baseline model demonstrates that this 

mechanism is capable of precisely recovering data lost due to multiple degradations. The discussion 

focuses on the model's ability to distinguish between low-light noise and natural facial texture, a key 

difference compared to standard GFPGAN, Identity Fidelity Consistency: Discussion on the stability of 

the PSNR value (29.8 dB) which indicates the successful elimination of digital artifacts. This proves 

that the use of a modified Generative Facial Prior is able to reconstruct a "clean" face while remaining 

structurally synchronized with the original archaic image, The high metric value in the face area creates 
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a visual gap against the document background that is not touched by the Face-Centered mechanism. 

This phenomenon provides space for evaluating the overall image coherence dan The achievement of 

SSIM above 0.95 practically contributes to improving the accuracy of the OCR system. 

4. DISCUSSIONS 

The application of this restoration method has the potential to cause major problems in the form 

of visual hallucinations that compromise the authenticity of the historical figure's identity, because the 

GFPGAN model tends to create facial features that are too perfect and do not match the original 

conditions of the archives at the Bengkulu Museum. Other risks include resolution imbalances between 

clear faces and blurred backgrounds, the need for high-performance hardware, and the possibility of bias 

if the model is trained only on modern facial datasets. These issues require special handling so that the 

restoration results are not only visually sharp but also historically accurate. The balance between visual 

aesthetics and historical authenticity, particularly regarding the risk of AI hallucinations that can alter 

original facial features to achieve sharpness, is crucial. Furthermore, the model's effectiveness in 

handling multiple degradations without introducing new noise, as well as the quality disparity between 

the facial area and the remaining blurred background, should be analyzed. The discussion should also 

highlight the correlation between objective metrics (SSIM/MSE) and human perception (MOS) to 

ensure that the restoration results are not only technically superior but also have real implications for 

the efficiency of the archive digitization and text recognition (OCR) systems at the Bengkulu Museum. 

The evaluation results show that the GFPGAN model is capable of producing restored images 

with a very high degree of structural similarity to the reference image. The average SSIM value reached 

0.9925, with a range of values between 0.9490 and 0.9993. While the MSE value after restoration 

decreased significantly, with an average value of 0.0018 and a range of 0.0003 to 0.0088. Table 1 

summarizes five examples of evaluation results: 

The success criteria were established based on general standards for evaluating image restoration 

quality: 

1. A post-restoration SSIM of ≥ 0.95 indicates that the restored image has a high structural 

similarity to the original image. 

2. A post-restoration MSE of ≤ 0.01 indicates that the average error in pixel differences is so 

small that the restoration is considered successful. 

 

Of the 50 images tested: 

1. 95% of the images met the post-restoration SSIM criterion of ≥ 0.95 

2. 95% of the images met the post-restoration MSE criterion of ≤ 0.01 

Therefore, the restoration success rate was 95%, indicating that the method used can consistently 

improve the quality of degraded images. 

 

Comparison The integration of the Face-Centered Enhancement mechanism in this study yields 

numerical performance that surpasses Super-Resolution architectures such as SRGAN and ESRGAN, 

which are prone to identity failure and visual distortion when dealing with multiple degradations. 

Compared with HiFaceGAN, the proposed method achieves a 7.7% improvement in SSIM and a sharper 

MSE reduction, proving that utilizing face-focused generative priors is much more effective in 

reconstructing biometric details under extreme lighting conditions. The superior PSNR of 29.84 dB also 

confirms that this approach is capable of suppressing digital noise superiorly compared to similar 

studies, while maintaining a balance between texture sharpness and historical authenticity, which are 

major limitations of previous models. 
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Table 4. Quantitative evaluation of restoration results 

No Picture SSIM Before SSIM After MSE Before MSE After 

1 Citra 1 1.0000 0.9984 0.0249 0.0078 

2 Citra 2 1.0000 0.9790 0.0472 0.0011 

3 Citra 3 1.0000 0.9937 0.0132 0.0012 

4 Citra 4 1.0000 0.9992 0.0181 0.0007 

5 Citra 5 1.0000 0.9993 0.0273 0.0010 

6 Citra 6 1.0000 0.9993 0.0261 0.0088 

7 Citra 7 1.0000 0.9970 0.0049 0.0008 

8 Citra 8 1.0000 0.9954 0.0047 0.0008 

9 Citra 9 1.0000 0.9954 0.0176 0.0010 

10 Citra 10 1.0000 0.9790 0.0135 0.0010 

11 Citra 11 1.0000 0.9904 0.0267 0.0014 

12 Citra 12 1.0000 0.9933 0.0345 0.0006 

13 Citra 13 1.0000 0.9992 0.0188 0.0007 

14 Citra 14 1.0000 0.9490 0.0109 0.0017 

15 Citra 15 1.0000 0.9724 0.0150 0.0010 

16 Citra 16 1.0000 0.9735 0.0108 0.0010 

17 Citra 17 1.0000 0.9911 0.0121 0.0079 

18 Citra 18 1.0000 0.9986 0.00197 0.0013 

19 Citra 19 1.0000 0.9954 0.0229 0.0012 

20 Citra 20 1.0000 0.9972 0.0256 0.0027 

21 Citra 21 1.0000 0.9993 0.0258 0.0016 

22 Citra 22 1.0000 0.9936 0.0130 0.0011 

23 Citra 23 1.0000 0.9954 0.0096 0.0003 

24 Citra 24 1.0000 0.9977 0.0211 0.0014 

25 Citra 25 1.0000 0.9983 0.0207 0.0017 

26 Citra 26 1.0000 0.9950 0.0142 0.0013 

27 Citra 27 1.0000 0.9993 0.0251 0.0007 

28 Citra 28 1.0000 0.9984 0.0235 0.0012 

29 Citra 29 1.0000 0.9987 0.0216 0.0012 

30 Citra 30 1.0000 0.9985 0.0164 0.0015 

31 Citra 31 1.0000 0.9971 0.0228 0.0015 

32 Citra 32 1.0000 0.9975 0.0264 0.0047 

33 Citra 33 1.0000 0.9962 0.00195 0.0035 

34 Citra 34 1.0000 0.9982 0.0447 0.0066 

35 Citra 35 1.0000 0.9890 0.0181 0.0014 

36 Citra 36 1.0000 0.9813 0.0182 0.0018 

37 Citra 37 1.0000 0.9985 0.0380 0.0009 

38 Citra 38 1.0000 0.9989 0.00331 0.0008 

39 Citra 39 1.0000 0.9957 0.00112 0.0035 

40 Citra 40 1.0000 0.9970 0.00125 0.0011 

41 Citra 41 1.0000 0.9946 0.0175 0.0009 

42 Citra 42 1.0000 0.9887 0.0075 0.0021 

43 Citra 43 1.0000 0.9965 0.0156 0.0005 

44 Citra 44 1.0000 0.9980 0.0107 0.0005 

45 Citra 45 1.0000 0.9964 0.0099 0.0005 

46 Citra 46 1.0000 0.9904 0.0041 0.0008 

47 Citra 47 1.0000 0.9908 0.0040 0.0016 

48 Citra 48 1.0000 0.9932 0.0264 0.0009 

49 Citra 49 1.0000 0.9988 0.0029 0.0004 

50 Citra 50 1.0000 0.9970 0.0041 0.0004 
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The use of a complex Generative Adversarial Network (GAN) architecture, coupled with a face-

focused reinforcement module, demands high hardware resources. The training process requires a GPU 

with large VRAM (such as the RTX 40 series or A-series) to handle the massive model parameters and 

high image resolution. In practice, this results in slow inference processing on standard devices, making 

it difficult to implement in real-time in museum information systems with limited server infrastructure 

and This model is highly dependent on the quality of the training data (prior data). Because pretrained 

models are typically trained using modern facial datasets (such as FFHQ), there is a risk of visual bias, 

where the model tends to "modernize" the facial textures of historical figures. Furthermore, the system's 

effectiveness depends heavily on the type of degradation it has learned; the model may fail to generalize 

when faced with types of physical damage to documents not present in the training dataset, such as 

extreme paper tears or chemical stains that completely obscure facial features. 

The scientific contribution of this research lies in the development of intelligent restoration 

pipelines that bridge the gap between low-level image processing and high-level content understanding 

systems. Through the Face-Centered Enhancement mechanism, this research introduces a new 

methodology for improving the quality of data input in archive digitization workflows, which 

significantly reduces character errors in OCR (Optical Character Recognition) systems due to blur and 

low-light interference. Fundamentally, this research enriches the digital archive architecture by 

providing an automatic data cleansing layer that is able to maintain the fidelity of historical identity, 

thereby optimizing the accuracy of indexation, classification, and information retrieval in national 

digital cultural heritage databases. 

5. CONCLUSION 

This research constructs a new paradigm in archaic image restoration through the integration of 

the Face-Centered Enhancement mechanism based on Generative Facial Prior (GFP), which is 

distinctively capable of adaptive feature deconvolution against dual degradations of blur and extreme 

luminance attenuation. The main focus of this research is to mitigate stochastic hallucinations in the 

GAN latent space to reconstruct facial topography with high fidelity, while maintaining contextual 

integrity and spatial homogeneity between the subject and the historical document background. Through 

validation of SSIM/MSE metrics and correlation of human visual perception, this research makes a 

significant contribution to the precision of digitization of national archives, ensuring a balance between 

improving pixel quality and preserving rigid historical authenticity. 

This study successfully implemented a GFPGAN-based Face-Centered Enhancement mechanism 

to restore historical images degraded by blur and low-light conditions. Quantitative test results 

demonstrated superior model performance with an SSIM value of 0.95 and a minimum MSE of 0.008, 

proving the accuracy of facial structure reconstruction and pixel recovery under extreme conditions from 

on experiments on 50 images from the Bengkulu Museum and Bung Karno House archives. 

Qualitatively, a MOS score of 4.7 validated that the model was able to produce natural visualizations 

and maintain the fidelity of historical figures' identities without the "plastic face" effect. The integration 

of this technology was proven to significantly contribute to the efficiency of the OCR system and archive 

digitization workflow by providing precise input data. However, this model has a dependency on high 

computational costs and the risk of domain bias in the training data. Overall, the proposed method 

effectively bridges the need for digital sharpness and preservation of visual authenticity in the archaic 

collections of the Bengkulu Museum. 

The impact of this research on the field of Informatics lies in strengthening the digital preservation 

architecture through the integration of computer vision algorithms that are able to automatically improve 

the quality of raw data before entering the advanced processing stage. Explicitly, the use of the Face-

Centered Enhancement mechanism mitigates technical obstacles in the OCR (Optical Character 
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Recognition) workflow by reducing visual degradation that often causes text extraction failures in 

archaic documents. This contributes directly to increasing the reliability of Archival Information 

Systems in terms of information retrieval accuracy, automatic classification efficiency, and 

fundamentally proving that image quality optimization at the pixel level is a crucial prerequisite for the 

integrity of large-scale digital content processing systems. 

It is hoped that future research will explore model compression techniques such as pruning or 

knowledge distillation to reduce computational costs, allowing the Face-Centered Enhancement 

mechanism to be implemented efficiently on hardware with limited specifications or mobile platforms. 

Furthermore, the development of more heterogeneous datasets that include more extreme variations in 

document physical damage, such as chemical stains and paper tears, is essential to improve the model's 

generalizability across various historical archive domains. 
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