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Abstract: In biometric recognition, face recognition is a mature and widely used technique that
provides a fast, accurate, and reliable method for human identification. This paper aims to study
the effects of face image restoration for forensic face recognition and then further analyzes the
advantages and limitations of the four state-of-the-art face image restoration methods in the field of
face recognition for forensic human image identification. In total, 100 face image materials from an
open-source face image dataset are used for experiments. The Gaussian blur processing is applied to
simulate the effect of blurred face images in actual cases of forensic human image identification. Four
state-of-the-art AI-driven face restoration methods are used to restore the blurred face images. We use
three mainstream face recognition systems to evaluate the recognition performance changes of the
blurred face images and the restored face images. We find that although face image restoration can
effectively remove facial noise and blurring effects, the restored images do not significantly improve
the recognition performance of the face recognition systems. Face image restoration may change the
original features in face images and introduce new made-up image features, thereby affecting the
accuracy of face recognition. In current conditions, the improvement in face image restoration on the
recognition performance of face recognition systems is limited, but it still has a positive role in the
application of forensic human image identification.

Keywords: face restoration; face recognition; face recognition system; forensic human image
identification; face image

1. Introduction

Biometric recognition is a technology that uses various human biological characteristics
to identify individuals. Common biometric technologies usually include face recognition,
fingerprint recognition, iris recognition, etc. [1,2]. Where face recognition is a mature and
widely used method that provides a fast, accurate, and reliable method for forensic human
image identification [3].

In practical applications, face recognition systems are widely applied, but they are
often affected by deteriorating image quality, such as blurring, occlusion, and abnormal
lighting [4–6]. These problems not only reduce the accuracy and stability of face recognition
but also bring great difficulties for forensic human image identification. In actual forensic
human image identification cases, the target portrait often does not meet the recognition
requirements of face recognition systems, which creates many difficulties for the application
of face recognition technology [7–9]. In a comprehensive study on face identification,
it was observed that forensic facial examiners, facial reviewers, and super-recognizers
demonstrated superior performance compared to fingerprint examiners and students in
complex face identification tasks [10]. Although decision support from Automated Facial
Recognition Systems (AFRS) improved human operator performance above baseline levels
in face-matching tasks, the accuracy of the combined human–AFRS effort consistently
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remained lower than that achieved by AFRS alone [11]. Therefore, it is of great significance
to effectively solve the above problems and improve the accuracy and reliability of face
recognition and forensic human image identification for achieving more secure and reliable
identity recognition applications.

Face image restoration methods can effectively solve the above problems. Image
restoration refers to the use of computer algorithms and techniques to repair and restore
defects, noise, stains, and other issues in images, making the images clearer, more beau-
tiful, and complete [12–14]. The latest guidelines for image quality restoration include
that facial details/textures should be visible and the face should be fully visible within
the image [15]. Common image restoration techniques include contrast enhancement,
denoising, inpainting, restoration, and reconstruction [16,17]. These techniques can be
applied in various fields, such as digital image processing, medical image processing,
and forensic identification. Unlike traditional image processing algorithms used in the
existing literature, such as non-local central sparse representation [18] and natural image
block models [19], in this paper, we use emerging AI-driven face restoration methods for
study. The AI-driven face restoration significantly differs from traditional face enhancement
algorithms in terms of appearance restoration effects. AI-driven face restoration technol-
ogy refers to the use of artificial intelligence technology to repair missing or damaged
facial components through computer vision algorithms [20]. By processing low-quality
images, AI-driven image restoration techniques can significantly improve image quality
with good results for facial details and textures in the restored images. AI-driven image
restoration techniques mainly include denoising, deblurring, super-resolution, and image
inpainting [21,22], which eliminate the impact of deteriorating image quality by preprocess-
ing and postprocessing, thereby enhancing the identity recognizability of facial appearance.
For example, denoising techniques can eliminate noise in images, making facial features
clearer [23–25]; deblurring techniques can improve image blurring caused by motion and
focus; super-resolution techniques can increase image resolution, making facial features
more delicate [26–28]; image inpainting techniques can restore obscured or damaged areas.
Among these techniques, deep learning has become the core method of image restoration.
In particular, convolutional neural networks (CNNs) and generative adversarial networks
(GANs) perform particularly well in image restoration tasks [29–31]. CNNs can auto-
matically learn the hierarchy and semantic information in images through convolutional
layers with multiple layers, while GANs can generate restoration results close to reality
through adversarial learning between generators and discriminators [32–36]. In addition,
advanced deep learning techniques such as attention mechanisms and recurrent neural
networks (RNNs) [32,37,38] have also been widely used in the field of image restoration.
Currently, many AI-driven image restoration techniques have achieved significant results
in the fields of face recognition and human identification. These methods not only pro-
vide a theoretical basis for exploring the quality of face images (the performance of face
recognition systems on low-quality images) but also provide stronger technical support for
human identification.

This paper studies the effects of state-of-the-art face image restoration techniques on
face recognition performance in face recognition systems and analyzes the advantages
and limitations of face image restoration methods in the field of forensic human image
identification. This study selects 100 face images from open-source face image datasets and
simulates blurred face image quality in actual human identification cases using Gaussian
blur processing. Four different AI-driven face restoration methods, which are currently
leading in high performance, are used to restore the blurred face images, and the similarity
quantization values of the restored face images and the original face images are calculated
and compared with the blurred face images using the face recognition system to evaluate
the specific quantitative impact of the restored face image quality on the recognition
performance of the face recognition system. In addition, this study will use different
mainstream recognition systems to conduct experiments to explore the differences in
recognition effects of restored face images in different recognition systems, aiming to
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comprehensively understand the relationship between face image restoration and face
recognition systems in the field of human identification.

The main contributions are summarized as follows:

1. Improve image quality with AI-powered image repair technology in the field of
forensic human image identification.

2. The quantitative effect of the quality of the repaired face image on the recognition
performance of the recognition system is analyzed.

3. To explore the difference in recognition effect of repaired face images in different
recognition systems.

2. Materials and Methods
2.1. Experimental Material

To ensure reproducibility, the face data in this experiment were sourced from the
SCUT-FBP5500 dataset [39–41]. This dataset contains 5500 samples with relatively high
image pixel resolution, large facial area, and variations in lighting and facial expressions.
In addition, the face images in the dataset are unprocessed and retain more original infor-
mation, which is similar to the quality of sample face images in real forensic human image
identification cases. We collected 50 male and 50 female face images from this database,
with each image size being 350 × 350 pixels. Some of the face image samples are shown in
Figure 1. As the image quality of the samples used in this study is good and the aim is to
analyze the impact of different image restoration methods on face recognition systems, the
influence of image quality on the experimental results can be temporarily ignored.
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Figure 1. Partial face image material.

2.2. Experimental Method

The state-of-the-art face image restoration techniques were used for image restoration,
which are the HitPaw Photo Enhancer [42], Topaz Photo AI [43], Swift Photo Repair
software V5.0.2.3 [44], and a blurred portrait photo HD repair tool [45]. The HitPaw Photo
Enhancer can reduce image blur and enlarge images without causing quality loss, and this
photo enhancement tool can perfectly repair blurred photos; the Topaz Photo AI can remove
sensor noise while preserving details and its image quality adjustment module includes
four parts: noise removal, sharpening, facial restoration, and resolution enhancement; the
Swift Photo Repair Software can help users easily repair photos, remove blemishes, change
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colors, etc.; the blurred portrait photo HD repair tool allows for high clarity and high color
restoration degree after repair, allowing the users to see the character details in the photo.
To perform accurate facial verification calculations on the sample, this paper compares
the performance of three well-known facial recognition engines in the facial recognition
field: Baidu [46], Ali Cloud [47], and ArcSoft [48]. In the facial recognition system used, the
similarity quantitative values of Baidu, Ali Cloud, and ArcSoft are all between 0 and 100,
the higher the similarity quantitative value, the higher the facial comparison similarity.

In the experiment, the original image is compared with the blurred and repaired im-
ages, respectively, and the effect of image repair processing on the recognition performance
of the facial recognition system is analyzed by comparing the similarity mean values after
blur processing and repair processing. In the experimental data analysis, the independent
samples T-test is used to compare the differences in the performance of the facial recog-
nition system between images of different degrees of blur and the original image; this
method applies to testing whether the difference between the two sets of data is significant.
The impacts of restoration under different levels of ambiguity on the performance of facial
recognition systems are studied by the one-way ANOVA. The two-way ANOVA is used to
study the impacts of the degree of blur and different photo-repairing methods on the facial
recognition system. The main steps of the study are shown in Figure 2.
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3. Related Work

In the study, the original image is blurred by Gaussian blur in two different levels
(labeled as blur 3 and blur 5) to simulate the fuzzy face image in the real cases, in which
the blur radius parameters selected were 3.0 pixels in blur 3 and 5.0 pixels in blur 5. The
parameter settings mentioned above simulate the quality of facial images under moderate
and severe blur conditions. The specific examples are shown in Figure 3.
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To carry out accurate face verification calculations for experimental samples, the
study conducted performance comparison and validation experiments on well-known face
recognition engines in the field, namely Baidu, Ali Cloud, and ArcSoft. Fifty facial images
were selected from the sample database and subjected to Gaussian blur with a radius
parameter of three. Subsequently, the processed facial images were individually subjected
to face recognition using the Baidu, Ali Cloud, and ArcSoft face recognition engines. Finally,
the recognition stability of each system was compared, and the experimental results were
presented in Figure 6.
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Figure 6. Analysis of system identification stability.

We used A(i) (i = 1, . . .,100) as the original set of facial images. B1(i) (i = 1, . . .,100)
and B2(i) (i = 1, . . .,100) were used to represent the Gaussian blur with blur radii of 3.0
and 5.0 pixels, respectively. The MB1(i)(i = 1, . . .,100), MB2(i)(i = 1, . . .,100), respectively,
were used to represent the similarity scores of the B1(i)(i = 1, . . .,100), B2(i)(i = 1, . . .,100)
compared with A(i)(i = 1, . . .,100) in the face verification tasks. Quantified similarity values
between images obtained by four different restoration methods and the original images,
HitPaw Photo Enhancer was referred to as Restoration 1, Topaz Photo AI as Restoration 2,
Swift Photo Repair Software Image Processing Tool as Restoration 3, and Blurry Portrait
Photo HD Restoration Tool as Restoration 4.
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4. Results
4.1. The Impact of Blurriness Level on the Recognition Performance of Face Recognition Systems

An independent sample T-test was carried out to analyze the effect of fuzzy degrees
on the recognition performance of three face recognition systems. The results are shown in
Table 1.

Table 1. Comparison between MB1(i) and MB2(i) (i = 1, . . ., 100).

Recognition System MB1 (n = 100)
M ± SD

MB2 (n = 100)
M ± SD t p

Baidu 98.41 ± 0.52 95.32 ± 1.43 20.29 0.000
Ali Cloud 96.28 ± 1.25 89.84 ± 2.04 26.93 0.000

ArcSoft 99.82 ± 0.63 92.87 ± 3.64 18.84 0.000

The above results indicated a significant impact of blurriness level on the recognition
performance of face recognition systems (p = 0.000). In the face recognition systems, the
mean of blurred images processed by B1 is higher than that of B2, with Ali Cloud and
ArcSoft having the most significant differences, with both having a mean difference of
around 6.5. The analysis suggested that as the blurriness level increases, both the accuracy
and precision of face recognition systems decrease. This was because blurring can weaken
the detailed information in the images, making it difficult for the face recognition systems
to extract and analyze features, leading to a decrease in recognition accuracy.

4.2. The Influence of Restoration Methods on the Recognition Performance of Face
Recognition Systems

Before studying the impact of different restoration methods on the recognition per-
formance of face recognition systems, we first used one-way ANOVA to study the impact
results of restoration 1, restoration 2, restoration 3, and restoration 4 in the case of fuzzy
3 and fuzzy 5, respectively. Based on the final experimental results, we found that the
recognition performance of AI-driven restoration after blurring was lower than that of the
similarity value between the blurred images and the original images. From Figure 6, we
can observe that Ali Cloud has a more stable recognition accuracy. Therefore, we would
primarily focus on the experimental data from the Ali Cloud recognition system for further
detailed analysis.

4.2.1. Comparison of Four Different Restoration Methods for Blurriness Level 3

Table 2 presents the comparison results of four different restoration methods for
Blurriness Level 3.

Table 2. Comparison of four different restoration methods for blur 3.

I J Mean Difference
(I–J) Standard Error Significance

RST 1
RST 2 −1.061 * 0.323 0.001
RST3 0.926 * 0.323 0.004
RST4 1.214 * 0.323 0.000

RST 2
RST 3 1.987 * 0.323 0.000
RST 4 2.275 * 0.323 0.000

RST 3 RST 4 0.287 0.323 0.374

Note. * Indicates significance at the 0.05 level.

The results of the variance homogeneity test indicated that the variances are homoge-
neous (F(3, 326) = 20.173, p = 0.103). The P-value between groups was much less than 0.05,
indicating significant differences among the four methods. Through pairwise comparison
tests between different restoration methods, we found that compared to the facial images of
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restoration 3 and restoration 4, the facial images of restoration 1 and restoration 2 obtained
higher facial similarity values. There is no significant difference between restoration 3 and
restoration 4 (p = 0.374). The results suggested that restoration methods 1 and 2 are more
effective than the other methods, indicating that the algorithm and technology employed
in these methods can better restore the images by capturing more details and features. As a
result, they yield better facial matching results.

4.2.2. Comparison of Four Different Restoration Methods for Blurriness Level 5

Table 3 presents the comparison results of four different restoration methods for
blurriness level 5.

Table 3. Comparison of four different restoration methods for blur 5.

I J Mean Difference
(I–J) Standard Error Significance

RST 1
RST 2 −2.685 * 0.495 0.000
RST 3 −0.660 0.495 0.183
RST 4 1.115 * 0.495 0.025

RST 2
RST 3 2.025 * 0.495 0.000
RST 4 3.800 * 0.495 0.000

RST 3 RST 4 1.775 * 0.495 0.000
Note. * Indicates significance at the 0.05 level.

The result of the homogeneity of variance test indicated that the variances were
homogeneous (F(3, 373) = 20.792, p = 0.075). Similarly, the inter-group P-value showed
significant differences among the four groups. Pairwise comparisons between different
restoration methods revealed that, compared to restoration 4, restoration 2 obtained a
higher quantitative value for face similarity comparison, while no significant difference
was observed between restoration 1 and restoration 3 (p = 0.183). Significant differences
were found among the rest of the pairwise comparisons. By comparing Tables 2 and 3,
we can conclude that restoration 2 achieved the best image restoration effect. In practical
applications, it is necessary to choose the most suitable image restoration method based on
specific circumstances and requirements.

4.3. The Impact of Blur Level and Restoration Method on the Recognition Performance of the Face
Recognition System

Two-way ANOVA was used to compare the effect of the ambiguity level and restora-
tion method on recognition performance. The results indicated that the main effect is
statistically significant, meaning that both factors have a significant impact on recognition
performance. Additionally, the P-value for the interaction effect between blur level and
restoration method was less than the significance level (p < 0.05), indicating a significant in-
teraction between these two factors. Next, we analyzed the data from each face recognition
system to determine the specific differences between the groups.

4.3.1. Performing Pairwise Comparisons between Blur Level and Restoration Method
in Baidu

The results of the comparison test between blur level and restoration method are
shown in Table 4.

Table 4 shows a significant difference in recognition performance between blur levels
3 and 5, with blur 3 outperforming blur 5. Higher levels of fuzziness can lead to errors in
feature extraction by misidentifying fuzzy areas as target features. At the same blur level,
significant differences in performance were observed among various restoration meth-
ods, except methods 3 and 4. However, the performance differences between restoration
methods can be minor, complicating the detection of significant differences in experiments.
Advanced image preprocessing methods can be adopted to ensure that algorithms more
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accurately identify and process clear features, rather than mistakenly recognizing blur as
significant features. This approach not only enhances the precision of recognition but also
improves the system’s robustness in handling low-quality images.

Table 4. Test results of comparison between blur level and restoration method under Baidu.

Restoration Method
Blur Level

B1 B2

RST 1 96.91 ± 1.00 bB 85.64 ± 7.27 bA

RST 2 97.35 ± 0.86 cB 89.07 ± 6.02 aA

RST 3 96.44 ± 1.24 aB 85.93 ± 6.72 bA

RST 4 96.37 ± 2.4 aB 83.36 ± 7.02 cA

Note. Different lowercase letters in the table indicate significant differences (p < 0.05) in recognition performance
among different restoration methods under the same blur level factor. Different uppercase letters in the table
indicate significant differences (p < 0.05) in recognition performance among different blur levels under the same
restoration method factor.

4.3.2. Performing Pairwise Comparisons between Blur Level and Restoration Method in
Ali Cloud

The results of the comparison test between blur level and restoration method were
shown in Table 5.

Table 5. Test results of comparison between blur level and restoration method under Ali Cloud.

Restoration Method
Blur Level

B1 B2

RST 1 93.49 ± 1.93 bB 83.49 ± 3.88 bA

RST 2 94.55 ± 1.79 cB 86.18 ± 3.09 cA

RST 3 92.56 ± 2.16 aB 84.16 ± 2.99 bA

RST 4 92.28 ± 3.05 aB 82.38 ± 3.94 aA

Note. Different lowercase letters in the table indicate significant differences (p < 0.05) in recognition performance
among different restoration methods under the same blur level factor. Different uppercase letters in the table
indicate significant differences (p < 0.05) in recognition performance among different blur levels under the same
restoration method factor.

From the table, we can note that under the same restoration method, the blur level also
showed a significant difference (p = 0.000). Under the same blur level, taking blur 5 as a
reference, except for restoration methods 1 and 3, there were significant differences among
all the other pairwise comparisons. In particular, restoration 4 shows poorer recognition
performance compared to the previous three methods. Therefore, both blur level and
restoration method have a significant impact on the recognition performance of the face
recognition system.

In ArcSoft, the results were similar to those of Baidu and Ali Cloud. Based on these
results, we can conclude that both the blur level and restoration method had a signifi-
cant impact on the recognition performance, and some interactions collectively affected
recognition performance. The experiment showed that different repair methods have high
recognition accuracy under various levels of fuzziness, but as the fuzziness increases, the
recognition accuracy gradually decreases.

5. Discussion

The data pointed out that the blur level has a significant impact on recognition perfor-
mance. As the blurriness of the image increased, the recognition performance of the system
typically decreased. Specifically, blurring increases the noise in the image, making feature
extraction more difficult and resulting in an increase in error rates for face recognition. In
practice, to avoid the impact of blurring on facial recognition systems, some measures can
be taken, such as using better lighting conditions, selecting proper camera positions, and
using image processing techniques to improve image quality.
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From the experimental results, it can be seen that the repaired images have not signifi-
cantly improved facial recognition performance. Sometimes, the inadequacy or failure of
the restoration techniques even led to a decrease in recognition performance. The effective-
ness of image restoration methods varied significantly, with HitPaw Photo Enhancer and
Topaz Photo AI demonstrating superior recognition accuracy. The findings suggest that
these algorithms and techniques enhance image restoration by more accurately capturing
intricate details and features. Nonetheless, the distinctions among various restoration meth-
ods are often subtle. Thus, in practical applications, it is essential to carefully choose the
appropriate restoration method tailored to the specific data characteristics and application
requirements. Moreover, it is vital to conduct a thorough validation and assessment of the
recognition system’s outcomes to significantly reduce the risk of misinterpretations and
errors. Finally, in practical applications, the selection of blur level and restoration method
should be tailored to specific factors like application context and data quality.

In summary, both the blur level and restoration method had a significant impact on
the recognition performance, and some interactions collectively affected recognition perfor-
mance. Firstly, the degree of blurring typically correlates with the loss of detail in an image,
which directly affects the effectiveness of subsequent recovery algorithms. For instance, in
cases of severe blurring, even advanced recovery techniques may fail to accurately restore
all details, thus reducing the accuracy of recognition algorithms. Secondly, the choice
of recovery method is crucial for ultimate recognition performance. Some methods may
perform better with specific types of blur, such as motion blur or Gaussian blur, while
others may be more suitable for dealing with low light conditions or noise interference.
Therefore, selecting a recovery method that best matches the type of blur is key to enhanc-
ing recognition performance. In the study, different repair methods had high recognition
accuracy under various levels of ambiguity, but as the degree of ambiguity increased, the
recognition accuracy gradually decreased. The experiment also showed the limits of the
recognition performance of face identification. Although face recognition technology has
made significant progress in recent years, the recognition accuracy and robustness of the
system still need to be improved in complex scenes and varying image quality. In addition,
in the process of repairing damaged or missing images, more refined methods are needed
to balance the completion of lost features with maintaining the authenticity of the original
features. It is necessary to choose the most suitable image restoration method based on
specific circumstances and needs. Rigorous support and evaluation of the results of the
recognition system are crucial to minimize misunderstandings and errors.

6. Conclusions

Face recognition has become an important quantitative analysis technique in the field
of portrait identification. However, the research findings indicate that AI-driven face
image restoration has a limited impact on recognition performance. Face image restoration
has not shown a significant positive effect, but it undoubtedly improves the quality of
face images and has a positive role in portrait identification applications. About the
application scenarios of face recognition systems in portrait identification, further research
and exploration are needed to understand the role of AI-driven face image restoration
techniques in improving the quality of face images.
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