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Abstract. Motion blur degrades face image quality and impairs recog-
nition accuracy. This paper evaluates five face image quality assessment
(FIQA) algorithms for motion blur detection, focusing on accuracy and
demographic fairness. Experiments on the EDAMB and MST-E datasets
employed Kullback–Leibler (KL) divergence to compare algorithm scores
against expert consensus, partial area under the curve (pAUC) from
error-versus-discard curves to report prediction of recognition perfor-
mance, and the Gini coefficient to assess fairness. Densenet169 had the
lowest KL divergence, while CNN-R showed the best predicting perfor-
mance, achieving the lowest pAUC. Fusing CNN-R with Densenet161
further reduced the pAUC by 1.3%. The fairness analysis found that
the Fourier Transform and CNN-R methods were the most fair, whereas
Laplace was the least fair.

Keywords: Face Image Quality Assessment · Face Recognition Systems
· Motion Blur Detection · Demographic Fairness · Human Expert Con-
sensus.

1 Introduction

Face Recognition Systems (FRS) are widely used in smartphone authentication,
surveillance, and passport control [20,1]. Despite recent advances, motion blur
remains a significant challenge for FRS performance, as it degrades image qual-
ity and recognition accuracy [13,19]. Motion blur occurs when the subject or the
camera moves during image capture. An object’s motion is then projected onto
the camera, leading to a blurred effect that traces the object’s path. In low light
conditions with long exposure times, the object’s path is extended in the image,
leading to an increased blurring [10]. Improving motion blur detection in FRS
is crucial for reducing false non-match rates (FNMR) and enhancing robustness
[17,7]. This work evaluates state-of-the-art face image quality assessment (FIQA)
algorithms for assessing motion blur intensity and compares their scores to a hu-
man expert consensus on the Essen Darmstadt Motion Blur (EDAMB) dataset
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[18,21]. This dataset contains 1,341 manually labeled images scored from 10 to
90, where 10 represents full blur and 90 represents no blur. While EDAMB offers
valuable insights, its lack of demographic diversity limits fairness evaluation. To
address this, the Monk Skin Tone Examples (MST-E) dataset examines algo-
rithm performance across diverse skin tones. The top-performing algorithms are
fused and benchmarked to determine whether this fusion improves accuracy. By
comparing the algorithms’ scores with the human expert labels and evaluating
results on EDAMB and MST-E, this study identifies the strengths and limita-
tions of current motion blur detection techniques, including considerations of
demographic fairness. a metric to best predict recognition performance. Human
Expert Consensus is fusing scores through a weighting method. Additionally,
the MST-E dataset will be employed alongside a state-of-the-art fairness metric
to assess the fairness of FIQA algorithms across three skin tones. These bench-
marks will be applied to determine whether an FIQA algorithm is suitable as an
accurate Motion Blur Detector for an FRS system.

2 Related Work

In this work, five FIQA algorithms are compared for motion blur detection,
including both classical methods and deep learning approaches. Labels from
five human experts in the EDAMB dataset were fused with weighting based on
Z-scores to create a ground truth while reducing individual bias. The evalua-
tion is conducted on two datasets and encompasses accuracy, fairness measured
using the Gini coefficient, and prediction of recognition performance through
error-versus-discard curves. Recent studies have explored score-level fusion in
biometric systems. Schlett et al. [23] used Z-score normalization to align qual-
ity scores across FIQA models, reducing variation in expert opinions. Min-max
normalization is used to rescale scores to a common range, ensuring consis-
tency across expert opinions. Schlett et al. [23] demonstrated the effectiveness of
this normalization method for preparing quality scores. The Face Image Qual-
ity Assessment Toolkit (fiqat)3, developed by Schlett et al. [24], supports face
recognition and quality assessment experiments. It includes face detection, main
face selection, cropping, alignment, trait extraction, and EDC curve generation.
Schlett et al. [22] used EDC curves to evaluate FIQA algorithms, introducing
partial Area Under Curve (pAUC) as a metric to best predict recognition per-
formance. pAUC focuses on the 0–20% discard range, relevant for operational
settings [24]. The Kullback-Leibler (KL) divergence measures the difference be-
tween two probability distributions. Introduced by Kullback and Leibler [14], it
is widely used in information theory and for evaluating consistency in expert and
subjective assessments. Kabbani et al. [11] examined age, gender, and skin tone
biases in FIQA algorithms, showing that even high-performing systems can be
biased, particularly against individuals with darker skin tones. Dörsch et al. [4]
introduced statistical measures to evaluate fairness, noting that higher sample
rejection rates in certain demographic groups can lead to bias in systems such
3 https://hda10196.h-da.io/face-image-quality-toolkit/source/readme.html
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as border control. Merkle et al. [16] highlighted that motion blur and imaging
defects can impact performance differently across skin tones, and they advocated
for quality metrics that account for demographic variations.

3 Experimental Setup

Experiments were conducted using two datasets: EDAMB (real motion blur,
1,341 expert-annotated images) [18,21] and MST-E (synthetic motion blur, di-
verse skin tones) [25]. Images from both datasets were preprocessed consistently
using SCRFD from the fiqat toolkit, followed by cropping, padding, and resiz-
ing to 500×500 pixels.

Five FIQA algorithms, which are described in Section 3.1, were evaluated.
Algorithm performance was evaluated using three metrics: KL divergence (to
measure alignment with human expert consensus), error-versus-discard charac-
teristic (EDC) curves with partial Area Under the Curve (pAUC) to quantify
prediction of recognition accuracy, and the Gini coefficient to evaluate fairness
across demographic groups.

The human expert consensus scores were obtained by normalizing the expert
labels and fusing the scores with a weighted averaging method. Algorithm fusion
was applied using a Z-score-weighted averaging approach to assess potential
improvements in accuracy.

The Essen Darmstadt Motion Blur Dataset (EDAMB) consists of
35 subjects captured with varying levels of motion blur, primarily linear but
including some complex rotational movements, reflecting real-world conditions.
Images were collected in Essen (9 subjects) and Hochschule Darmstadt (26 sub-
jects) using three cameras: Canon EOS50D, Canon PowerShot SC200IS, and
Kodak EasyShare DX6490. Five experts labeled each image on a scale from 0
(fully blurred) to 100 (no blur), though some experts used a 10 to 90 scale. After
preprocessing with the fiqat toolkit, 1,154 images were usable for analysis.

(A) High blur (B) Medium blur (C) Low blur

Fig. 1. Examples of real motion blur from EDAMB dataset at different blur levels after
cropping, preprocessing the images.
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Monk Skin Tone Examples Dataset (MST-E), introduced by Google,
includes images and videos of 19 individuals photographed under various con-
ditions, including accessories such as masks and glasses. While MST-E enables
evaluation across diverse skin tones, it lacks inherent motion blur. Synthetic
motion blur was applied using ImageMagick’s -motion-blur option, varying in-
tensity from 0 to 100, following methods from the NIST FATE Quality SIDD
Report [28]. The dataset includes metadata for each image, which was used to
filter for frontal, facing-camera images while excluding samples with accessories.
After preprocessing, 409 suitable images were retained and categorized into three
MST groups: light tones (MST 1–3) with 133 images, medium tones (MST 4–6)
with 150 images, and dark tones (MST 7–10) with 125 images. The distribution
across these groups ensured balanced representation for comprehensive evalua-
tion.

3.1 FIQA Algorithms for Motion Blur Estimation

Five FIQA algorithms were evaluated, each providing an automatic quality score
for a face image (higher score = better quality/less blur).

– Laplace [21]: The algorithm evaluates image quality using Laplacian variance
for sharpness, Sobel operator for edge strength, and Fourier Transform anal-
ysis for blurriness [26,2,15]. Each method produces a score reflecting image
clarity. These are combined to quantify overall quality based on sharpness,
edge visibility, and blur.

– FourierTransform [18]: The algorithm converts the image to luminance and
applies Fourier and cepstral analysis to assess brightness variations [8]. It
then uses the Radon Transform to detect structural lines [3], followed by
peak analysis to identify significant features. These steps are combined to
produce a final quality score.

– CNN-R [21]: Each image is divided into patches to capture localized quality
features [6]. A pretrained CNN (typically with 50x50 patches) then predicts
quality scores based on learned features [12]. These scores are aggregated to
produce a final quality score per image.

– Densenet161 [18]: A FIQA algorithm based on a Densenet161 deep neural
network architecture. Densenets are deep CNNs with densely connected lay-
ers. This model, pre-trained and/or fine-tuned for face image quality, outputs
a blur-related quality score [27].

– Densenet169 [18]: Similar to Densenet161, but using a slightly different
DenseNet (169-layer version). It provides another deep learned scoring mech-
anism for image quality for blur [5,9].

All five algorithms take a face image (cropped and aligned) as input and
output a numeric quality score. For consistency, we normalized the algorithms’
output scales if needed, so that their scores are in the 0–100 range.
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4 Establishing Human Expert Consensus

Establishing a reliable human expert consensus serves as the foundation for ob-
jectively evaluating algorithm performance. By comparing scores by algorithms
to this human expert consensus, we assess how well each model aligns with
human perception of motion blur. To evaluate algorithm performance, the con-
sensus value was established from five human experts’ opinions of the EDAMB
dataset. Since experts used different scoring scales (e.g., 10–90 or 0–100), all
scores were first normalized to a common 0–100 range using min-max normal-
ization:

Xnorm =
X −Xmin

Xmax −Xmin
× 100 (1)

This ensured comparability across all expert scores.

To fuse the scores, a Z-score-based weighted average was used, giving higher
weight to scores closer to the group mean:

WeightZ =
1

1 + |Z|
(2)

Weighted Average Zscore =

∑n
i=1 wi · xi∑n

i=1 wi
(3)

Where:

– wi is the weight assigned to expert i,

– xi is the score provided by expert i,

– n is the total number of experts.

This approach ensures that outlier-like scores have reduced influence on the
final consensus value, promoting a consensus-based, statistically grounded fusion.
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Fig. 2. Kernel Density Estimate plot showing the distribution of blur scores given by
individual experts and the human expert consensus (in black).

Figure 2 is a KDE plot of the labels from five expert and their consensus. The
KDE plot shows the variations of each expert’s labels and the result of human
expert consensus based on these five experts. The KDE plot also shows Expert
04 curve is different from the rest of the experts, suggesting a greater tolerance
for blur or a differing interpretation of motion blur.

5 Evaluating Motion Blur FIQA Algorithms

The KL divergence analysis quantifies the alignment between each algorithm’s
score distribution and the consensus value, with values ranging from 0.059 to
2.443. Lower values indicate a stronger alignment, where a KL divergence below
0.1 suggests high similarity, while values above 1.0 reflect substantial distribution
differences.

Comparison KL Divergence ↓
CNN-R 1.535
Laplace 0.586
Densenet161 0.093
Densenet169 0.059
Fourier Transform 2.443

Table 1. KL Divergence results for various models compared to the consensus value.
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As shown in Table 1, Densenet169 achieved the most substantial alignment
with consensus value (0.0588), followed closely by Densenet161 (0.0927). Laplace
showed moderate divergence (0.5862), while CNN-R and Fourier Transform
demonstrated the highest deviation with values above 1.5.

Figure 3 illustrates the EDC curves for the FIQA algorithms, which assess
the quality of face recognition images based on motion blur. This figure effec-
tively illustrates the variation in FNMR as the proportion of discarded images
increases, specifically focusing on the discard range of 0% to 20%.

Fig. 3. The EDC curve represents data from the five algorithms, the consensus value
for comparison. The x-axis is limited to 0.2, as values beyond 20% are discarded

The performance of these algorithms is quantified using the pAUC values
noted beside each curve label, where lower values signify more accurate recogni-
tion of face images.

The CNN-R curve shows a lower FNMR across the discard spectrum, demon-
strating higher consistency and reliability in retaining high-quality images. The
other algorithms, such as Laplace and Densenet169, show a steeper rise in FNMR
as more images are discarded, suggesting they may mistakenly discard images
that, despite perceived lower quality, are crucial for accurate biometric verifica-
tion.

The fusion methodology combined the outputs of multiple algorithms using
a Z-score weighted averaging approach. This method assigned higher weights
to algorithms whose outputs aligned more closely with the overall distribution,
ensuring that outlier predictions had less influence on the final score. A total
of 26 possible algorithm combinations were evaluated to determine the most
effective fusion. The fused results were evaluated using the same performance
metrics as those used for the individual algorithms. The analysis demonstrated
that the Z-score weighted fusion consistently outperformed the single-algorithm
approaches across all evaluation metrics.
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Combination pAUC [0, 0.20] ↓
CNN-R + Densenet161 0.00615
CNN-R + Densenet169 0.00618
CNN-R + Densenet161 + Densenet169 0.00629

Table 2. Top 3 performing methods based on lowest pAUC scores within the [0, 0.20]
discard fraction range. Lower values indicate better error reduction.

Among the tested combinations, the fusion of CNN-R and Densenet161
yielded the most effective results. Specifically, the Z-score-weighted fusion of
these two models achieved the lowest pAUC value of 0.00615, representing an
improvement of approximately 1.3% compared to the best individual algorithm.

6 Fairness Evaluation of FIQA algorithm

We group the results by skin tone to assess fairness, using the MST-E dataset’s
skin tone labels (based on the Monk Skin Tone scale). We define an algorithm to
be fair if its performance remains consistent across all skin tone categories (e.g.,
error rates, discard behavior) is consistent across these groups. No additional
training or adaptation was done for different demographics; We applied each
algorithm to the entire MST-E dataset and then analyzed the results for each
subgroup. We use the traditional Gini Coefficient (GC) as a fairness metric to
evaluate potential demographic biases in motion blur quality assessment, follow-
ing the framework introduced by Dörsch et al. [4]. The GC quantifies inequality
in quality score distributions across demographic groups and produces a normal-
ized score between 0 and 1, where 1 indicates perfect fairness. As recommended
by the authors, mean quality scores are used to capture subtle demographic
differences better. This measure assesses whether the NBL algorithms perform
consistently across demographic groups in the MST-E dataset.

In table 3, the FourierTransform algorithm demonstrated superior fairness
with a score of 0.94, significantly outperforming other approaches. In contrast,
the Laplace algorithm showed the lowest fairness score of 0.12, showing signif-
icant differences in quality assessments across groups. The CNN-R algorithm
achieved the second-best performance with a score of 0.82, while Densenet161
and Densenet169 showed moderate fairness levels of 0.71 and 0.64, respectively.
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Algorithm Fairness Score (GC) ↑
Densenet161 0.71
Densenet169 0.64
CNN-R 0.82
Fourier Transform 0.94
Laplace 0.12

Table 3. Fairness scores calculated using the Gini coefficient, where higher scores
indicate greater fairness. Fourier Transform is the fairest algorithm, while Laplace is
the least fair.

7 Conclusion and Future Work

The evaluation revealed that the CNN-R model consistently delivered the most
reliable performance on the EDAMB dataset for motion blur detection. It showed
strong agreement with the human expert consensus and achieved the best re-
sults when evaluated using the EDC curves. Although the CNN-R model did
not achieve the lowest KL divergence, indicating some divergence from the hu-
man expert consensus, this difference was minor and did not negatively impact
its overall performance. CNN-R demonstrated stable and accurate performance
across varying levels of motion blur, suggesting that it may better distinguish
between usable and unusable images than human experts. This implies that the
five experts may tend to label certain moderately blurred images as too de-
graded for recognition, whereas CNN-R assigns more appropriate quality scores
that preserve biometric utility. Additionally, fairness evaluation showed good
fairness scores across skin tone groups, suggesting that the CNN-R is not biased
toward specific demographic groups. Algorithm fusion was also explored as a
potential performance enhancement technique. For the EDAMB dataset, fusing
CNN-R with Densenet161 resulted in a slight increase in performance, with its
lower pAUC value. Despite these findings, the dataset we used is limited. The
MST-E dataset relied on synthetically blurred images and lacked genuine motion
blur, which may not fully capture real-world blur characteristics; additionally,
the EDAMB dataset’s limited demographic variety constrained the scope of the
fairness analysis. Future work will benefit by addressing these limitations by
expanding the evaluation to more diverse, real-world blur datasets and by devel-
oping fairness-aware FIQA training strategies to improve algorithmic consistency
across demographic groups.
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