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Abstract: The effectiveness of face analysis and recognition systems highly relies on the quality of acquired 

face data, which is circumscribed by various factors. It is thus useful to estimate the biometric utility face 

data, in order to filter low quality data. This survey reviews face quality assessment literature from the 

perspective of two face biometric disciplines, with a focus on face recognition using visible wavelength face 

images rather than e.g. depth or infrared quality assessment. Recent approaches include a range of notable 

conceptual differences between them, all following a trend towards deep learning-based methods. In addition 

to image selection, face image quality estimation can also be applied to more application scenarios. 
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I. INTRODUCTION 

The assessment of facial image quality, also known as face image quality assessment (FIQA), is an important 

preliminary step for guaranteeing a trusted performance of biometric systems. Basically, we need to evaluate 

the appropriateness of an image in tasks like face recognition, verification, or identification. Face recognition 

algorithms can be greatly affected by different factors like illumination, pose, occlusion, resolution, and 

expression. While traditional image quality measures evaluate the overall visual quality and aesthetic of an 

image, FIQA is specifically designed to assess the qualities of an image that impact facial feature extraction 

and recognition performance. FIQA has various applications in the domains such as surveillance, 

authentication, mobile security, border management, etc., and thus, development of robust and accurate FIQA 

methods can significantly enhance the performance of biometric systems. With the continuous advancements 

in deep learning and computer vision, FIQA techniques are becoming more sophisticated and can assess the 

quality of an image in some extremely challenging application-oriented situations. 

 

II. FACE IMAGE QUALITY METRICS 

Face image quality metrics: Face image quality metrics are used to determine whether or not a face picture 

is suitable for biometric services. These metrics help quantify the image quality based on multiple parameters 

that affect the face recognition performance. 

 

2.1 Traditional Image Quality Metrics   

                 These metrics are widely used for general image quality evaluation. These tests are not made 

specifically for faces but establish a baseline evaluation of noise, blurriness, and distortion. Common 

practices with metrics do not always characterize the quality in detail for face-specific issues such as, poor 

illumination or pose variation. SSIM considers luminance, contrast, and structural similarities, which makes 

it more perceptually relevant to the human eye. 
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                 Entropy also indicates the presence of information or texture in the images, which helps determine 

the sharpness and information of images. These conventional metrics provide an overview of image quality, 

but they do not necessarily correlate with the biometric utility of face images. Therefore, they are usually 

accompanied by face-specific measures or used in conjunction with face quality assessment algorithms to 

ensure a robust and reliable evaluation process in biometric contexts. 

 

2.2 Face-specific Quality Metrics 

                  Compared to traditional methods, face-specific quality metrics have been specialized and 

developed to assess the quality of face images by considering features that directly influence facial 

recognition accuracy. The face quality metrics are fundamentally different from conventional image quality 

metrics in that they take into account the properties of the human face, including pose, expression, occlusion, 

and illumination. Because recognizing a face is more taxing when the extreme pose is involved, pose 

estimation metrics evaluate how far away a face is from the frontal view. Metrics of expression analysis for 

the respective subjects may change the facial features from the original, and thus neutral expressions are most 

recommended for recognition tasks. Occlusion detection metrics identify in-part-hindered facial submissions 

from accessories such as spectacles, face masks, or hands that can compromise biometric efficacy. 

                Illumination quality metrics evaluate the impact of light variations and occlusions/shadow on facial 

landmarks visibility. If we can reproduce enough detail in the face, various metrics on resolution and 

sharpness will make sure the face will be identifiable. Some methods of face quality assessment rely on deep 

learning frameworks, which predict quality by obtaining high-level features with respect to recognition 

accuracy. These metrics ensure that only high-quality candidate images are used in 

identification/authentication tasks, thereby improving the overall reliability of face recognition systems 

deployed in real-world scenarios. 

                    

2.3 Learned Metrics Using Deep Learning 

                 These metrics harness the power of deep neural networks, and more specifically, convolutional 

neural networks (CNNs), to learn complex feature representations directly from the data. Learned metrics 

differ from traditional metrics by not depending on handcrafted features; rather, high-level, discriminative 

features are learned to correlate to face recognition performance. Most of the previous deep learning-based 

approaches leverage end-to-end learning frameworks that train the models to predict face quality scores by 

minimizing recognition errors [10, 13, 14, 17]. Particularly, some of the techniques leverage regression 

networks to output continuous quality scores, while others take advantage of classification networks to 

classify an image in different quality levels. 

               These architectures can also utilize attention mechanisms to learn to focus on critical facial areas or 

use multi-task learning to predict quality jointly with related tasks including face detection or landmark 

estimation. Learned metrics are especially powerful when addressing difficult conditions such as diverse 

aspects of lighting, pose, expression, and occlusion. Consequently, they have emerged as an essential element 

in improving the robustness and reliability of face recognition systems used in real-world scenarios. 

 

2.4 Improving Face Image Quality Metrics 

                   This has important implications for both the accuracy and the reliability of face recognition 

systems. This model include hybrid methods which integrating traditional image quality evaluation metrics 

to deep learning-based approach by utilizing both hand-crafted and learning-based representations. By 

training on a wide variety of datasets, a model can develop a domain-specific understanding of the statistics 

that lead to good image quality, and hence the quality metrics can generalize better between datasets that may 

differ in terms of lighting, setting diversity or facial diversity. Visible and infrared or depth images devise a 

multi-modal system that can also provide complementary information to enhance quality assessment. 

                   By introducing attention mechanisms into deep learning architectures, models can learn to focus 

on essential facial regions, mitigating the influence of background noise or occlusions. In addition, self-

supervised learning methods can also be beneficial in exploiting unlabelled data to boost quality prediction. 

Participatory Evaluation and Feedback Loops: Processes that can report on codes of recognition performance 

data iteratively also make for more fine-grained and sounder quality metrics. These advancements would 

enable face image quality metrics to effectively eliminate low-quality facial images and provide better 

selectivity to biometric systems deployed in real-working environments. 
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2.5 Assessing the Existing Metrics                   
                   This is essential to the understanding of performance of face image quality metrics as well as 

areas of improvement. This is often evaluated through standard benchmark metrics using the publicly 

available face datasets (which comprise a wide spectrum of real-world conditions of pose, illumination, 

expression, and occlusion. Metrics are evaluated in relation to their correlation with face recognition accuracy, 

with higher-quality scores ideally leading to higher accuracy. Reliability of quality predictions are generally 

measured by metrics such as Receiver Operating Characteristic (ROC) Curve, Area Under Curve (AUC), and 

Equal Error Rate (EER). 

                 Quality scores provide consistent and robust evaluations across different scenarios. Comparative 

studies also discuss the computational cost of metrics, particularly concerning real-time applications. The 

advantage of learned representations is often tested against conventional metrics for deep learning based 

models. Evaluation of existing metrics can help identify their limitations and push researchers to develop 

more accurate and efficient face quality assessment methods, which in turn contributes to the improvement 

of the performance of face recognition significantly.  

            

III. PROPOSED FRAMEWORK PROCESS 

3.1 Image Capture 

          Face image quality assessment techniques typically focus on the image capture as one of the basic 

blocks which greatly impact the overall quality and usability of the acquired facial image data in biometric 

applications. Biometric utility of a face image is highly dependent on acquisition conditions such as lighting, 

camera, resolution, focus, and subject positioning. Providing the ability to capture high-quality images 

minimizes the need for facial feature preprocessing and quality enhancement while ensuring essential facial 

features are well defined. The quality of the image that a sensor captures depends on many factors, such as 

sensor type, exposure settings, motion blur and environmental conditions. In controlled environments, like 

biometric kiosks or access control systems, structured lighting and high-resolution cameras ensure that the 

image quality remains stable. 

                Yet, it may introduce challenges, including poor illumination quality, occlusions, and extreme head 

poses in unconstrained environments as surveillance images or mobile authentication. To mitigate these issues, 

contemporary imaging acquisition frameworks integrate some form of automatic quality control features such 

as real-time indications on arrangement and illumination, resulting in high-quality photos reaching these 

successive stages of processing and recognition. Face image quality assessment enhances both the accuracy 

and reliability of face recognition systems, and thus, optimization of image capture is a keycomponent of the 

overall framework. 

             

3.2 Face Detection 

           It is the crucial step of locating and extracting the facial region from an image. Face detection is a 

critical church in the facial recognition pipeline, and accurate face detection ensures that the processes of 

quality assessment and recognition are applied to the right region of the face, thus minimizing the effect of 

background noise and irrelevant data. Today, deep learning-based face detection approaches, such as 

Convolutional Neural Networks (CNNs) and Region-based Networks (R-CNNs), are widely utilized due to 

their ability to provide stable and speedy detection performance under varying circumstances. These models 

are capable of recognizing faces in images that have different poses, lighting and occlusions. 

                After detecting a face, the next step is usually to ensure some level of alignment and normalization, 

so that the input to the quality assessment models is consistent. Detection systems employ multi-scale 

detection to detect faces based on distance and size. For cases of multi-faces, multi-face detection algorithms 

are utilized to extract individual faces for distinct quality evaluation. Face detection is crucial as unreliable 

operation may not only degrade the performance of face image quality metrics but also produce erroneous 

measurements, as it may lead to the analysis of undesired areas. Face detection is an important component of 

the quality measure as the quality measures are usually used to evaluate biometric systems in practical 

conditions. 

  

3.3 Preprocessing 

            Pre-processing is an important step in the process of face image quality assessment techniques, 

which improves the quality of detected face area, enabling accurate quality evaluation and recognition. The 

goal of preprocessing is to solve problems related to low lighting, occlusions, noise, and misaligned images. 

Some of the common preprocessing methods performed are face alignment, a method that aligns the detected 
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face based on facial landmarks geometrically to its respective direction. To prepare the data, normalization is 

generally performed so that images are standardized with respect to size, resolution, and intensity of colors, 

which results in consistent input used for the quality evaluation models. Several techniques could be used, such 

as histogram equalization or gamma correction for improving contrast and illuminations, especially for images 

taken in challenging lighting conditions. 

                Noise reduction algorithms to eliminate artifacts and methods for enhancing sharpness to make sure 

that facial features are still recognizable. Super-resolution and inpainting methods can be used to reconstruct 

these lost regions for the face in partial occlusion or low resolution. Good preprocessing leads to increased 

quality assessment metric accuracy with stable performance of biometric systems in different environments. 

Preprocessing, which involves preparing the face images for further evaluation, plays a critical role in the face 

quality assessment framework. 

                      

3.4 Quality Assessment and Decision 

                  Identifying its suitability for biometric applications is the most important step here, where facial 

image quality enhancement is measured. In this stage, specialized algorithms evaluate the image using a 

number of quality parameters — sharpness, illumination, pose, expression and occlusion, among others. 

Traditionally, the main approaches involve building handcrafted features and statistical models to compute 

quality scores, which has been gradually replaced by state-of-the-art, deep learning-based quality assessment 

models trained to extract deep features and predict biometric utility. Deep learning models are often trained 

on multiple datasets and trained to identify patterns associated with recognition performance, to make more 

accurate quality predictions. You are expecting a quality score or a classification label for the image after the 

assessment to know if it passes the quality standards. This score is, in turn, used to make a decision: low quality 

images may be rejected, flagged for capture again, or pre-processed further to enhance their quality, whereas 

high-quality images are forwarded for face recognition instructions. Such decision-making process allows 

effective filtering out of unreliable face images that raises the accuracy and robustness of biometric systems 

in practical applications. 

 

3.5 Recognition 

           Recognition, the last stage of the face recognition process, involves identifying or verifying high-

quality face images in the form of facial images that have passed the quality assessment stage (the earlier 

procedure). In this stage, processed face image is matched with stored templates in a biometric database to 

find a match. Most face recognition algorithms are based on feature extraction approaches, which learn to 

generate unique representations of faces, either by employing Convolutional Neural Networks (CNNs) or other 

deep learning architectures. Similarity functions like cosine similarity or Euclidean distance are used to match 

these extracted features. The accuracy of the recognition process is directly dependent on the quality of the 

existing image — higher-quality image leads to more reliable matches and lesser number of false positives 

and negatives. 

                 In addition, such a multi-factor recognition system would utilize other modalities, such as voice and 

finger print data, for increased accuracy and security. Literature has a fair share of publications on both aspects, 

where the improvement in the recognition performance of face recognition algorithms is achieved from the 

aspect of better integration of quality-aware models. The quality assessment framework ensures that only 

images with desired facial conditions are used, making it a crucial component in the effectiveness of biometric 

recognition systems in applications like authentication, surveillance, and access control. 

                 

IV. COMMON TECHNIQUES AND APPROACHES 

4.1 Handcrafted Feature-based Methods  

                   Traditional hand-crafted feature-based methods can be used in the context of face image quality 

assessment where the quality of a facial images is evaluated through a set of manually designed features. These 

text techniques for extracting visual features are based on mathematical modeling and statistical methods. 

Handcrafted features that were commonly used include texture descriptors such as Local Binary Patterns 

(LBP) and Histogram of Oriented Gradients (HOG) that capture fine-grained details and edge information. 

Image sharpness and noise levels are extracted using the frequency-response features based on the Discrete 

Fourier Transform (DFT) or Wavelet Transform. This information is enriched by evaluating contrast, 

brightness and illumination features to identify poor lighting conditions. 

                Following feature extraction, traditional machine learning algorithms such as support vector 

machines (SVMs) or random forests are commonly applied to predict image quality. Hand-crafted feature-
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based methods are computationally low-cost and interpretable but usually do not generalize well in a variety 

of real-life situations. They are vulnerable to changes in pose, emotion, and lighting, which makes them less 

robust. Although limited, these techniques are extremely useful in environments where system resources are 

constrained, and they provide a reasonable baseline for comparison in the advent of today's digital world of 

deep learning-based methods for face image quality assessment. 

                    

4.2 Deep Learning-based Methods  

                   As deep learning-based algorithms automatically learn complex and discriminative features from 

data, they become the primary methods for face image quality assessment. Deep learning strategies, especially 

Convolutional Neural Networks (CNNs), can learn high-level representations related to image quality and 

face recognition performance unlike handcrafted feature-based techniques. Such models are usually trained 

on large-scale face datasets with supervised or self-supervised learning approaches, predicting quality scores 

or via classification to different levels of quality. 

  

4.3 Statistical Methods  
                  Face image quality assessment can also be performed with statistical methods, which is the 

traditional method and has also been proven to be effective in projective quality evaluation by investigating 

the statistical characteristics of facial images. This approach includes the calculation of specific statistics 

describing certain features of the image, for example, the intensity, variation, level of noise, sharpness, etc. 

Mean, variance, and skewness are common statistical features that describe the image overall distribution 

and texture. 

                  Statistical-free FIQA methods enjoy the merit of evaluating face image quality in a fully end-to-

end and data-driven fashion. Unlike traditional approaches that use predefined rules, these models are trained 

on large-scale datasets, learning complex patterns and factors affecting quality from real-world images. It 

specifies that deep learning-based FIQA systems are required to automatically classify images as high-quality 

(HQ) or low-quality (LQ)(without any explicit computation of sharpness or noise statistics). Moreover, these 

approaches fit naturally into contemporary face recognition pipelines, enabling online data quality 

assessment without require hand feature extraction. Face recognition approaches and algorithms without 

statistics are increasingly desirable for real-world applications where environmental factors and physical 

distortion cannot be easily characterized, due to high accuracy and efficiency by design. 

 

4.4 Model-free Methods 

                Face image quality assessment using model-free methods refers to approaches that do not use 

explicit machine learning models or predefined training data to assess the quality of face images. Instead, 

these approaches evaluate quality through a direct analysis of the intrinsic features of an image, making them 

simple and computationally efficient. They mainly involve mathematical algorithms and image processing 

techniques that reveal properties like sharpness, contrast, illumination, and noise levels in a model-free way. 

               One of the significant benefits of model-free FIQA approaches is they can be used in new settings 

without a lot of retraining or adjusting. So, some model-free methods, like the one used in face identification, 

employ recognizer face embeddings to score a database image against a match and only high face embeds of 

high-confidence matches are accepted into the identity verification process. Others employ consistency-

based approaches, in which multiple images of a single person are compared, and the most stable 

representations are chosen. Such techniques allow a reduction in computational overhead and an increase in 

the robustness of face recognition features by dynamically rejecting poor-quality images during real-time 

capturing. Establishing the accuracy of these predictions for complex feature extraction endpoints, such as 

face recognition (FR), makes great progress model-free FIQA methods a practical substitution for traditional 

benchmark testing. 

 

V. FACE IMAGE QUALITY ASSESSMENT  

5.1 Improved Security 

                One of the significant advantages of applying face image quality assessment methods into the 

biometric systems is the improved security. These techniques enhance the security of face recognition 

systems by ensuring that only high-quality face images are utilized for recognition which drastically reduces 

the likelihood of spoofing attacks, impersonation attempts, and false acceptances. The vulnerabilities may 

be introduced mainly due to low-quality images, including images taken in poor lighting, with motion blur, 

or with occlusions, leading to the manipulation of recognition systems and affecting their operations. Quality 
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assessment algorithms can detect and filtering such images, blocking any malicious use of fake or low-

resolution photos to evade security systems. 

               In addition to filtering low-quality images, FIQA improves anti-spoofing detection by examining 

texture, depth, and other biometric features to differentiate between real faces and potential presentation 

attacks (such as printed photos, 3D masks, or digital screen replays). This implementation prevents 

unauthorized access attempts with the help of liveness detection and anomaly detection by integrating FIQA 

with them. Also, by continuously monitoring the quality of the face images in real-time, security systems can 

adapt and maintain their robustness against evolving threats. By providing a standardized approach to 

assessing the quality of facial images, FIQA plays a crucial role in the ongoing development of biometric 

security systems, ensuring that they remain reliable and perform well in diverse and real-world scenarios. 

 

5.2 Enhanced Accuracy 

                Accuracy improvement is the key benefit of adopting face image quality assessment measures in 

biometric systems. These methods help to eliminate errors caused by bad image conditions, such as low 

memory, bad lighting, blurriness, and occlusions, by making sure that only good-quality images are allowed 

to recognize. These enrich the features of facial components, since clearer images provide greater clarity and 

make the face recognition algorithm feasible for more accurate feature extraction and matching. Furthermore, 

quality assessment approaches, especially deep learning-based methods, can also facilitate the prediction of 

the potential impact of image quality on recognition accuracy, allowing the systems to prioritize or prompt 

when image recapture is required. 

              By doing so, it minimizes potential false positives and negatives, ensuring a more trustworthy 

identity resolution process.” Also, for systems working with more cells and larger databases, ensuring a high 

quality for input images improves system efficiency since it allows a better and faster match. More accurate 

results are also beneficial for use cases in areas such as law enforcement, border control and the financial 

services sector, where identity verification is critical. This helps organizations to enhance the effectiveness 

and accuracy of facial recognition systems with the introduction of a face image quality assessment approach. 

                  

5.3 Efficient Resource Utilization 

                   One of the main advantages of introducing face image quality evaluation methods to biometric 

systems is efficient usage of the resources. By assessing the quality of face images prior to moving on to the 

recognition phase, these methods prevent computational resources from being utilized to process images that 

are of poor quality or unusable. Quality assessment serves as a pre-filtering step that can reduce the number 

of images that need to be passed to a sophisticated face recognition algorithm. This results in considerable 

reductions in processing time, memory usage, and energy consumption when system is large-scale, working 

on thousands of face images. 

                   Since cloud-based or edge computing environments often have limited resources, early quality 

assessment can help minimize bandwidth usage by eliminating the need to send poor quality images. 

Adaptive Processing — Many systems also use adaptive processing, where potentially higher quality images 

use a fast recognition path and lower quality images are flagged for further preprocessing or recapture. In 

addition, this means that only a small number of facial templates are stored to improve the efficiency of the 

database while speeding up the search and retrieval of operations. In general, face image quality assessment 

allows the efficient use of computational and storage energy, which is essential for scaling and cost-effective 

biometric systems. 

               FIQA methods need to optimize the consumption of resources as face recognition systems are 

implemented in large-scale applications in surveillance, authentication, and identity verification. Extracting 

features from images, enhancing them, and evaluating quality as independent processes generally cause 

traditional FIQA methods to be computationally intensive. This demands careful crafting of lightweight 

machine learning models, exploiting cloud computing and edge AI to ensure real-time assessment while 

keeping computation resources to the minimal. It is crucial for deep learning-based FIQA models to run 

efficiently on low-power devices such as embedded systems and smartphones; techniques including model 

quantization, pruning, and knowledge distillation enable deployment of such models in the real world. 
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VI. CONCLUSION  

The significance of FIQA and its techniques in this regard cannot be overemphasized considering that they 

are critical to improving the reliability, security and efficiency of facial recognition systems. This helps to 

improve the recognition accuracy, reduce errors, and protect security vulnerabilities by evaluating the true 

quality of the images. Furthermore, FIQA reduces resource waste by avoiding the processing of low-quality 

images, improving system performance and speed. The use of biometric solutions are growing rapidly in 

sectors such as security, identity verification, and surveillance; thus, highlighting the necessity for secure 

FIQA techniques. Challenges such as coping with varied environmental conditions, real-time estimation, and 

generalization across different datasets are still active research areas, despite progress in the field. This 

motivates future efforts in building more robust and efficient FIQA models that can adapt to different 

scenarios, while still achieving high accuracy. The performance can be improved also by including quality 

assessment with pre-processing techniques in the face recognition pipelines. While AI technology continues 

to evolve, its integration with FIQA represents the future, ensuring that face recognition systems become 

progressively robust and secure. Although much progress is made to standardize FIQA methods across 

various datasets and use cases in practice, there are still challenges to address. Different image acquisition 

devices, environmental conditions, and pose variations remain significant challenges for achieving a 

consistent quality assessment. Model interpretability, generalizability, and computational speed in varied 

conditions will be a cornerstone of future iterations of our research. Such techniques, when combined with 

synthetic data augmentation, adversarial training, and self-supervised learning, can further enhance the 

accuracy of FIQA models, allowing them to generalize better in the face of new variations. With the 

advancements in face recognition technology, the importance of FIQA will only grow in ensuring that 

systems are accurate, secure and fair. Improving FIQA methods and combining them with real-time 

processing systems would enable the design of more robust biometric authentication frameworks. As the 

wave of attention around responsible AI and language models drawing on filtered data kicks in, future FIQA 

models will need to address fairness issues as a new frontier to maintain equitable discriminatory power across 

demographics. In conclusion, the ongoing research on FIQA will contribute to the constant enhancement of 

face recognition systems, leading to their increased reliability, inclusivity, and efficiency for large-scale 

deployment. 
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