N
N

N

HAL

open science

Image Visual Quality: Sharpness Evaluation in the
Logarithmic Image Processing Framework

Arnaud Pauwelyn, Maxime Carré, Michel Jourlin, Dominique Ginhac, Fabrice

Meriaudeau

» To cite this version:

Arnaud Pauwelyn, Maxime Carré, Michel Jourlin, Dominique Ginhac, Fabrice Meriaudeau. Image Visual
Quality: Sharpness Evaluation in the Logarithmic Image Processing Framework. Big Data and Cognitive

Computing, 2025, 9 (6), pp.154. <10.3390/bdcc9060154). (hal-05573506)

HAL Id: hal-05573506
https://hal.science/hal-05573506v1

Submitted on 31 Mar 2026

HAL is a multi-disciplinary open access archive
for the deposit and dissemination of scientific re-
search documents, whether they are published or not.
The documents may come from teaching and research
institutions in France or abroad, or from public or pri-
vate research centers.

L’archive ouverte pluridisciplinaire HAL, est des-
tinée au dépot et a la diffusion de documents scien-
tifiques de niveau recherche, publiés ou non, émanant
des établissements d’enseignement et de recherche
francais ou étrangers, des laboratoires publics ou
privés.

Distributed under a Creative Commons CC BY 4.0 - Attribution - International License


https://hal.science/hal-05573506v1
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://hal.archives-ouvertes.fr

big data and

4

cognitive computing

Article

Image Visual Quality: Sharpness Evaluation in the Logarithmic
Image Processing Framework

Arnaud Pauwelyn 12, Maxime Carré 1, Michel Jourlin 3*©), Dominique Ginhac 2
Y ’ ’

check for
updates
Academic Editors: Domenico Ursino

and Fabrizio Messina

Received: 27 March 2025
Revised: 19 May 2025
Accepted: 27 May 2025
Published: 9 June 2025

Citation: Pauwelyn, A,; Carré, M,;
Jourlin, M.; Ginhac, D.; Meriaudeau, F.
Image Visual Quality: Sharpness
Evaluation in the Logarithmic Image
Processing Framework. Big Data Cogn.
Comput. 2025, 9, 154. https://doi.org/
10.3390/bdcc9060154

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

and Fabrice Meriaudeau *

NT2I (Nouvelles Technologies Ingénierie Innovation), 18, Rue Jean Servanton, 42000 Saint-Etienne, France;
a.pauwelyn@nt2i.fr (A.P.); m.carre@nt2i.fr (M.C.)

ICB (Laboratoire Interdisciplinaire Carnot de Bourgogne), CNRS, Université Bourgogne Europe,

21078 Dijon, France

Laboratoire Hubert Curien, CNRS, Université Jean Monnet, 18, Rue Professeur Benoit Lauras,

42000 Saint-Etienne, France

IFTIM (Imagerie Fonctionnelle et moléculaire et Traitement des Images Médicales), ICMUB (Institut de
Chimie Moléculaire), CNRS, Université de Bourgogne, 9, Avenue Alain Savary, 21078 Dijon, France

*  Correspondence: michel jourlin@univ-st-etienne.fr

Abstract: In image processing, the acquisition step plays a fundamental role because it
determines image quality. The present paper focuses on the issue of blur and suggests ways
of assessing contrast. The logic of this work consists in evaluating the sharpness of an image
by means of objective measures based on mathematical, physical, and optical justifications
in connection with the human visual system. This is why the Logarithmic Image Processing
(LIP) framework was chosen. The sharpness of an image is usually assessed near objects’
boundaries, which encourages the use of gradients, with some major drawbacks. Within
the LIP framework, it is possible to overcome such problems using a “contour detector” tool
based on the notion of Logarithmic Additive Contrast (LAC). Considering a sequence of
images increasingly blurred, we show that the use of LAC enables images to be re-classified
in accordance with their defocus level, demonstrating the relevance of the method. The
proposed algorithm has been shown to outperform five conventional methods for assessing
image sharpness. Moreover, it is the only method that is insensitive to brightness variations.
Finally, various application examples are presented, like automatic autofocus control or the
comparison of two blur removal algorithms applied to the same image, which particularly
concerns the field of Super Resolution (SR) algorithms. Such algorithms multiply (x2,
x3, x4) the resolution of an image using powerful tools (deep learning, neural networks)
while correcting the potential defects (blur, noise) that could be generated by the resolution
extension itself. We conclude with the prospects for this work, which should be part of a
broader approach to estimating image quality, including sharpness and perceived contrast.

Keywords: image quality; blur; sharpness; contrast; logarithmic image processing; autofo-
cus; super resolution

1. Introduction

Image quality strongly depends on the acquisition conditions. Indeed, the observed
scene may be blurred in the case of defocusing or in the presence of a scattering medium.
Existing tools are commonly referred to as “metrics” to assess the quality of an image,
even though they do not satisfy the required mathematical properties. We prefer to call
them “quality parameters”. For example, Peak Signal-to-Noise Ratio (PSNR) and Structural
Similarity Index Measure (SSIM) parameters are still widely used, despite their poor
correlation with visual quality.
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Many solutions exist to enhance blurred images, so we will not expose and discuss
them in the present paper. We invite the interested reader to refer to Zhu et al. [1]. The
authors present an overview of objective sharpness evaluation in which the reported
methods are divided into four groups: spatial domain-based algorithms, spectral domain-
based algorithms, learning-based algorithms, and combination algorithms. Moreover, the
advantages and disadvantages of each method group are discussed.

Let us note that the majority of the solutions proposed to overcome the presence
of blur do not sufficiently account for the human visual system, either in the proposed
enhancement algorithms or in the implementation of image quality parameters. This
recurring problem will be considered in the methods we propose.

Concerning the sharpness of an image, it is obvious that the blur level is more de-
tectable near transition areas separating bright and dark regions. For this reason, many
existing solutions refer to the notion of gradient. Historically, Helder et al. [2] were among
the first authors to observe that the thickness of contours increases with the blur level and
used this property to estimate focal and penumbral blur. This idea was taken up again
with variations by Kim et al. [3], who proposed a new image quality metric using the
gradient information of the pixels having large differences between a reference image and
its distorted version. The gradient values are calculated from the mean square distance
between the grey level of a given pixel and the grey levels of its neighbors. In the same way,
Xue et al. [4] remarked that image gradients are sensitive to image distortions and, thus,
presented a new image quality assessment model called Gradient Magnitude Similarity
Deviation, able to predict accurately perceptual image quality. In [5], Liu et al. proposed
an improved sharpness evaluation method without a reference image. The edge points
are extracted using the Canny filter. Then, the boundary direction of each edge point is
computed from the greyscale information of the eight neighboring pixels to estimate the
local edge direction and build the histogram of edge width.

Recently, most publications about sharpness have used Convolutional Neural Net-
works. For example, we can cite: Cong et al. [6] who introduced the Gradient Siamese
Network (GSN) to capture the gradient features between distorted and reference images.
The network is guided to focus on regions related to image details. The authors make use
of the usual mean square error supervision and apply the Kullback-Leibler divergence loss
to the image quality assessment task. The GSN approach won second place in the NTIRE
2022 Perceptual Image Quality Assessment Challenge track 1 Full-Reference.

Interest in the problem of sharpness evaluation and enhancement continues today, and
numerous papers have been written concerning applications in various fields. Among many
publications, we would like to mention three examples: Chen et al. [7] focused on Sharpness
Assessment of Remote Sensing Images based on a Deep Multi-Branch Network considering
scene features, Yang et al. [8] proposed a sharpness indicator dedicated to underwater
images deducted from the modulation transfer function, and Ryu et al. [9] improved the
sharpness of angiographic images with super-resolution deep learning reconstruction.
Finally, we would like to highlight the possible calibration of a defocused camera presented
by Wan et al. [10] based on defocus blur estimation.

Now, let us present the multiple drawbacks of the gradient operators, which are often
not very meaningful or reproducible. This is due to the imprecise concepts of boundary and
gradient. In fact, if we consider a digital-grey level image f defined on D, with values in
the grey scale [0, M], the domain D is a “discrete” set in the mathematical sense, implying
four crucial issues:

1.  The notion of boundary does not exist in discrete spaces. To understand this, let
us consider a binary image, in which a given pixel is either white (object) or black
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(background). In such a case, no pixel in D can belong to the image theoretical
boundary, which is supposed to separate white and black pixels (cf. Figure 1).

Figure 1. In red: Inter-pixel boundary.

This is why the concepts of internal and external boundaries are often used. An
element of the internal boundary is a pixel belonging to the object and possessing a
neighbor belonging to the background. The definition of neighbor can concern the four
nearest pixels or the eight ones, producing two different internal boundaries!

1.  The notion of gradient supposes the existence of the derivative function of the image
f at a pixel xg. Unfortunately, it is not possible to perform such an operation inside a
discrete space, given that a pixel x cannot tend toward xo.

This is why, although only one notion of derivative has been defined by mathemati-
cians, we observe in image processing a proliferation of gradients, such as Sobel, Prewitt,
Roberts, Canny, and many others, which evaluate local variations of f without theoretical
justification.

2. Almost all existing gradients take values that are not limited to the digitization scale
and require truncations or rescaling that disrupt the information, making it impossible
to compare algorithms based on different gradients.

3. Moreover, none of the standard gradients takes account of the human visual system.

Aware of the shortcomings of the gradient operator, Gvozden et al. [11] proposed
working on pairs of pixels using the notion of a contrast map to assess the sharpness of
an image.

Replacing the concept of “boundary point” with that of “pair of high-contrast pixels”
is an elegant and practical way of overcoming disadvantages 1 and 2 above. In addition,
there are several ways of defining the contrast of a pair of pixels, and most of them take
their values inside the interval [0, M], which solves point 3. This is the case, for example,
if the contrast of the pair (x, y) is simply defined as the absolute value |f(x) — f(y)!| of
the difference between their grey levels, but such a definition does not correlate with
human vision.

We will now describe our strategy. After several visual experiments within our team,
we found that the human eye does not have the ability to reliably and repeatedly reorder
progressively defocused images, even on small sequences, such as those constituting our
Initial Image Database (Section 2.2). Under these conditions, we felt that it would be risky to
adopt learning methods based on human expertise. However, by defocusing a camera lens
in regular steps, we can obtain sequences of images with an objective level of sharpness.

Our approach will, therefore, be as follows:

- Create objectively defocused image sequences.

- Associate contrast maps with these images.

- Choose the LIP (Logarithmic Image Processing) framework for both its consistency
with human vision and its ability to define a contrast that naturally takes its values in
the grey scale.

- Extract very simple parameters from these contrast maps.
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- Check that these parameters reorder the defocused images in the right order.

2. Materials and Methods
2.1. Recall on the LIP Framework

The LIP model has been introduced by Jourlin et al. [12]. For an extended presentation
of the model, interested readers can refer to [13]. Let us note that Brailean [14] established
the consistency of the LIP model with human vision.

Let I(D, [0, M]) represent the set of grey level images defined on the same spatial
domain D with values in the grey scale [0, M].

In a first step, images belonging to I(D, [0, M]) are considered acquired in trans-
mission, so that we can associate them with a pair (f € I(D, [0, M],x € D) the concept
of transmittance Ty (x) defined as the ratio of the outcoming flux at x by the incoming
flux corresponding to the intensity of the source. Mathematically, T¢(x) represents the
probability for a particle of the source incident at x, to go through the obstacle, i.e., to be
seen by the sensor.

To simplify notations, we will confuse a letter f in the grey level image and the
semi-transparent object having generated f.

In such conditions, when two objects f and g are stacked between the source and the
sensor, resulting in an image noted fAyg, the Transmittance Law holds:

Tng =Tr.Tg (1)
Knowing that the transmittance Ty is expressed according to Ty = 1 — %, we can
deduct from Formula (1) the LIP-addition law of two images f and g :

fﬁg=f+g*fﬁg @)

and the LIP-scalar multiplication of an image f by a real number A:

A&f:M—M(l—&)A 3)

When A = —1, the LIP-negative function Af = (—1)Af can be defined, as well as
the LIP-difference fAg between two images f and g. They are expressed as follows:

Af = = (4)

I=8 (5)
M

It can be noticed that fAg is an image (i.e., fAg > 0) if and only if f > g. If not, fAg
is an element of the set F(D,] — co, M]) of real functions defined on D whose values are
less than M.

Let us recall that the LIP model possesses a strong mathematical structure: Equipped
with laws A and A, F(D,] — o0, M]) is an overspace of I(D, [0, M]) which satisfies all the
properties required to become a real Vector Space. This means that the numerous concepts
and properties associated with such spaces are available, like interpolation, scalar product,
norm, and correlation coefficient.

It is important to note that the LIP grey scale is inverted with respect to the usual grey
scale. In fact, 0 corresponds to the white extremity, when all the light passes through the
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observed object, while M is the black extremity, when no light passes. In such a way, 0
plays the role of a neutral element for the addition law A. For images digitized on 8 bits,
M is always equal to 28 = 256.

Fundamental property: Thanks to its consistency with Human Vision, the LIP model
effectively applies to images acquired in reflection that we wish to interpret as a human
eye would.

2.2. Initial Image Database

To test our method, we refer to two sequences of six images progressively defocused:
SEQI1 (cf. Figure 2) was initially used to validate our approach. To produce the six
images of SEQI, a 2D object was selected, which permitted it to be placed first in the
camera’s focal plane (image Chart 1) and then in planes further and further away from the

focal one (images Chart 2 to Chart 6). Blur occurs due to defocusing.

Figure 2. SEQ 1: Chart images, Chart 1, ..., Chart 6. On the left, the chart is located in the focal plane.
From left to right: images progressively defocused.

SEQ2 (cf. Figure 3) concerns images of a 3D object “Tools”. In the initial scene, tools are
hanging from the same vertical board. Therefore, the main source of blur is still defocusing.

Figure 3. SEQ 2: Tools images, Tools 1, . . ., Tools 6. On the left, the tools are located in the focal plane.
From left to right: images progressively defocused.

2.3. Method

As proposed in [11], we choose to associate contrast maps with the studied sequence of
images, but the contrast concepts we use are defined in the LIP framework to be consistent
with human vision, instead of “computing the root mean square values in local pixel
neighborhood”.

Based on the LIP addition A, it is possible to define the additive contrast C(%y) (f)

associated with a pair of pixels (x,y) inside a grey level image f according to:

Min(f(x), f(y) ACE (F) = Max(f(x), f(v))

This means that C(A
XYy

to the brightest grey level to reach the grey level of the darkest one. Using Formula (5),

)( f) represents the grey level we must add, in the LIP sense,

we obtain:

Clay) () = Max(f(x), f () AMin(f(x), f(y)) = - E(W ©

Considering a pixel x of an image f, it is then possible to calculate the contrast of x with
each of its eight neighbors n;(x) for i = 1...8, deducing therefrom two contrast concepts:
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- The Average Logarithmic Additive Contrast ALACxA (f):
A 1 A A
ALAC (f) = gA (Zi_l,,,g Clom(x) (f)) (7)
- The Maximal Logarithmic Additive Contrast MLACXA (f):
A
MLAC()(f) = Maxi—1..8 C(y . (x))(f) ®)

To highlight the variation of f around a pixel x lying in a transition area, we prefer
applying MLAC because it detects which of the eight possible directions of the square grid
provides maximum contrast, corresponding to the maximal slope of f among the eight
possible directions.

Figure 4 illustrates how Formula (8) is easy to calculate and can, therefore, be used by

any interested reader.

MLAC =
254.84

(b) (0)

Figure 4. Calculation of MLAC% (f) = Maxizl___gc(%n‘(x)) (f)- 4-(a)-Pixel x and its eight neighbors

n;(x), 4-(b)-Calculation of C (o (x)) (f) fori =1...8,4~(c)-LAC values observed around x.

Concerning the run-time of the MLAC method, tests were performed on standard
hardware, without any specific optimization. We obtained:

43 ms per frame in Python for a 640 x 480 image (23 fps).

10 ms per frame in C++ for a 640 x 480 image (100 fps).

2.4. Results

To images of SEQ1 and SEQ?2, we applied the Maximal Logarithmic Additive Contrast
to get the associated contrast maps. As expected, these maps present transition areas
(boundaries) whose width increases with defocusing while their intensity decreases. Such
observations are confirmed by the evolution of the associated greyscale histograms, whose
shape moves toward the black value 0 of the greyscale as defocusing increases.

In Figure 5, we display the images of SEQ1, the associated contrast maps, and the
corresponding histograms.
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Figure 5. First line: Images of SEQ1. Second line: MLAC maps. Third line: histograms associated
with MLAC maps.

To associate measures with such observations, we calculate the average and standard
deviation of previous histograms (Table 1).

Table 1. Average and Standard Deviation of MLAC maps (SEQ1).

45
40

30
25
20

15 \\.

10
target 1 target2 target3 target4 target5 target6
-—@== A\verage Std
Image Average Std Dev
Chart 1 38.95 37.19
Chart 2 34.66 34.06
Chart 3 28.21 29.01
Chart 4 20.29 20.60
Chart 5 16.02 15.24
Chart 6 13.89 12.48

We observe that average and standard deviation are strongly correlated and that just
one of these two basic parameters is enough to reorder the six images from SEQ1
Moreover, the same results hold for images of SEQ2 (cf. Figure 6 and Table 2).
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Figure 6. First line: Images of SEQ2. Second line: MLAC maps. Line 3: histograms associated with
MLAC maps.

Table 2. Average and Standard Deviation of MLAC maps (SEQ?2).

50
40
30
20
10
0
Tools1 Tools2 Tools3 Tools4 Tools5 Tools6
-—=@== Average Std
Image Average Std Dev
Tools 1 40.66 32.75
Tools 2 36.83 28.67
Tools 3 32.35 24.01
Tools 4 2551 17.26
Tools 5 21.41 13.44
Tools 6 18.99 11.49

To summarize the processing pipeline of our sharpness evaluation method, we refer
to following Figure 7.

— MLAC
average 2 MLAC 1 <MLAC 2 =>
‘ Sharpness(image 1) <
MLAC Sharpness(image2)
- average 1

image1 MLAC map 1

Figure 7. Main steps of the proposed approach.
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Let us note that the presented methods can be applied to a color image after the
calculation of its brightness-associated image. This remark will be used in Section 3 below.

2.5. Comparison with Existing Methods

Most sharpness evaluation methods calculate parameters based on gradients or Lapla-
cians whose values have extremely variable dynamic ranges, making them difficult to
compare. Moreover, we know from experience that most of these parameters are affected
by brightness variations, unlike logarithmic contrast.

We, therefore, decided to create a third image database, SEQ3, using the SEQ2 scene
with ten defocus steps numbered from 0 (focal plane) to 9 (maximum defocus) and 5
different exposure times, from 20 ms to 60 ms. Considering that the SEQ3 database contains
50 images, we have chosen to display only the 4 most representative cases in Figure 8:

(0, 20) (0, 60)

(9, 20) 9, 60)

Figure 8. Images belonging to SEQ3 are the most representative examples. (0, 20): The sharpest
image acquired at 20 ms; (0, 60): The sharpest image acquired at 60 ms; (9, 20): The most defocused
one acquired at 20 ms; (9, 60): The most defocused one acquired at 60 ms.

The MLAC maps were computed for the 50 images of SEQ3. In Figure 9, we display
the MLAC maps corresponding to the 4 images of Figure 8.

(9, 20)

Figure 9. Images of Figure 8: MLAC maps.
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Please note that images of SEQ3 and their MLAC Maps are accessible at https://
github.com/arnaud-nt2i/SharpnessEvaluationDataset/tree/main (accessed on 19 May
2025).

To compare them with the MLAC, we selected five classic methods for assessing
sharpness: Local variation, Tenengrad, Brenner, Sobel variation, and Laplacian variation.
These various algorithms are described in detail in the well-known paper authored by
Pertuz et al. [15], and the corresponding computer codes are available at Autofocus using
OpenCV: A Comparative Study of Focus Measures.

The first thing we noticed when applying these algorithms to SEQ3 is that their
dynamic ranges are extremely different, making comparisons difficult to perform. Table 3
displays the values associated with each of the six methods applied to Image 0. We note that:

- For all six algorithms, values range from 33.24 to 2593.19.
- The MLAC method is the only one whose values vary little as a function of expo-
sure time.

Table 3. Image 0. Associated sharpness values.

Image Focus Exposition Local _Var Tenengrad Brenner Sobel_Var Laplacian MLAC
0_20, bmp 0 20 98.12 33.24 48.68 531.18 660.35 73.28
0_30, bmp 0 30 118.34 45.78 63.23 954.54 875.49 73.27
0_40, bmp 0 40 126.78 56.83 73.90 1452.53 1043.38 72.55
0_50, bmp 0 50 131.80 66.83 82.57 2016.37 1176.15 71.96
0_60, bmp 0 60 130.09 75.32 89.93 2593.19 1287.39 71.31

For this reason, we decided to rescale each dynamic range from 0 to 100. The upper
values correspond to the best sharpness. Results are displayed in Table 4.

Even with normalized values associated with the 50 SEQ3 images, Table 4 is not easy
to interpret. We propose to associate with each method a set of curves showing both its
ability to reclassify focusing steps and its sensitivity to illumination variations (Figure 10).

Remarks:

- The first quality we expect from a sharpness evaluation method is its ability to re-
order the nine focus levels in the right order for the same exposure time. On the
previous curves, this means that the curves never intersect. This property is obviously
unsatisfied with the first four methods, for which we observe curve crossings. We
now need to compare the Laplacian and MLAC algorithms.

- The curves for the blurriest images (numbers 5, 6, 7, and 8) are less well separated for
Laplacian than for MLAC.

As we claimed earlier, logarithmic contrast is theoretically insensitive to exposure
time, unlike algorithms using a gradient approach. Note that insensitivity to exposure
time is easily observable: the associated curve should appear horizontal for each focus
level. This is not the case for Laplacian, which is therefore extremely sensitive to brightness,
particularly for the sharpest images: the highest curves show the steepest slope. On the
other hand, the MLAC offers almost horizontal curves.

In conclusion, the MLAC approach outperforms standard sharpness assessment meth-
ods for its ability to reclassify a sequence of progressively defocused images and its insensi-
tivity to exposure time variations.
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Table 4. Normalized values of SEQ3 images according to variable focus and exposure time.

Local_Var Focus

exposition 0 1 2 3 4 5 6 7 8 9
20 744 70.0 72.3 73.0 752 76.7 77.2 774 77.2 779
30 89.8 84.6 83.1 83.9 87.8 88.4 88.6 88.0 87.6 87.3
40 96.2 93.0 89.5 89.9 91.6 92.8 93.4 93.7 93.1 92.0
50 100.0 99.2 93.9 94.0 94.3 95.7 96.9 96.6 96.1 95.4
60 98.7 99.0 96.4 95.7 97.3 96.1 97.4 97.6 97.8 97.1
Tenengrad focus

exposition 0 1 2 3 4 5 6 7 8 9
20 441 36.7 28.5 25.9 25.7 23.8 21.8 20.0 18.2 16.9
30 60.8 53.1 40.4 37.1 38.8 34.9 32.2 29.5 26.8 24.9
40 75.5 65.2 50.9 46.9 46.5 44.5 41.6 38.4 35.1 32.6
50 88.7 82.8 59.8 55.6 52.4 49.8 50.0 46.5 42.7 39.9
60 100.0 93.6 67.8 63.1 65.5 55.5 57.6 53.7 49.3 46.2
Brenner focus

exposition 0 1 2 3 4 5 6 7 8 9
20 54.1 44.6 38.0 36.1 38.5 37.1 34.9 32.6 29.2 25.9
30 70.3 62.8 529 50.9 55.9 53.1 50.9 48.9 454 42.4
40 82.2 75.1 64.7 62.4 64.8 65.0 63.0 60.5 57.5 55.5
50 91.8 89.8 75.1 72.6 70.9 70.5 74.4 71.1 67.7 65.1
60 100.0 97.7 83.5 81.0 86.6 77.2 82.1 80.2 76.9 73.6
Sobel_Var focus

exposition 0 1 2 3 4 5 6 7 8 9
20 18.6 16.4 15.6 14.8 16.0 16.0 15.4 14.7 14.2 13.6
30 33.4 30.6 29.3 28.9 34.3 33.2 32.2 31.0 29.9 29.1
40 50.9 447 444 44.2 48.8 52.8 53.1 51.8 50.5 49.2
50 70.6 719 60.0 60.5 61.6 66.2 75.7 74.9 74.0 73.0
60 90.8 93.4 76.3 77.3 94.0 81.7 100.0 99.6 98.4 97.7
Laplacian_Var focus

exposition 0 1 2 3 4 5 6 7 8 9
20 51.3 36.0 7.4 5.3 3.9 2.6 1.8 1.4 1.0 0.8
30 68.0 41.6 12.0 8.9 6.7 4.6 3.3 2.5 1.8 14
40 81.0 43.5 15.5 12.1 9.3 6.7 5.0 3.8 2.8 2.1
50 91.4 49.4 17.8 14.4 114 8.4 6.6 5.2 3.8 3.0
60 100.0 53.2 19.2 15.9 13.0 9.9 7.8 6.2 4.8 3.8
MLAC focus

exposition 0 1 2 3 4 5 6 7 8 9
20 100.0 90.4 71.8 67.2 61.2 56.1 52.8 49.5 45.9 43.6
30 100.0 86.3 69.3 64.9 59.9 55.2 51.5 48.0 44.2 41.5
40 99.0 85.6 68.0 63.5 58.8 53.8 50.2 46.6 42.8 40.1
50 98.2 83.8 67.0 62.5 58.7 53.3 49.2 45.8 42.0 39.3
60 97.3 82.9 66.1 61.7 56.9 52.9 48.5 45.0 41.2 38.6
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Local_Var Tenengrad
100 100
90 90
80 80
—e—focus 0 =—e—focus0
70 70
—o—focus 1 =e—focus 1
60 =—e—focus2 60 =—e—focus 2
) )
§ =e—focus 3 § =e—focus 3
5 50 8 50
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Figure 10. For each of the six studied methods, curves are associated with each of the nine focus steps.
They represent the sharpness value (vertical axis) according to the exposure time (horizontal axis).
2.6. Possible Extensions

Based on very simple parameters, we have established the effectiveness of the notion
of logarithmic contrast in reordering a sequence of images acquired with increasing defocus.
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Such a situation addresses the comparison between images. In the future, we plan to extend
our work in at least four ways:

- Define a sharpness criterion without reference.

Our first aim will be to adapt the method to obtain an absolute sharpness criterion.
The results of Figure 9 concerning MLAC encourage us in this direction. They show that
the MLAC value is stable for different exposure times, depends only on the quality of the
focus, and increases with it.

- Test other parameters than the mean and standard deviation.

Let us point out that many other metrics or parameters could be used to exploit our
image sequences, for example, to compare two contrast maps or their histograms: Kullback-
Leibler divergence entropy [16,17], Hellinger distance (cf. application example [18]), and
Wasserstein distance [19]. Readers interested in these techniques will find additional
material in Appendix A.

- Introduce local processing.

As it currently stands, the MLAC method appears very effective for comparing the
sharpness of two images. For images containing regions with different degrees of blur,
local processing would then be necessary.

Moreover, after a calibration phase, such local processing could be used to roughly
assess the distance of objects in the scene from the sensor.

It can also be used to compare two blur removal methods applied to the same image.
This will be particularly interesting for thermal images, which are naturally blurred.

- Undertake subjective user validation.

For the interested reader, MLAC’s insensitivity to brightness is a direct consequence
of [20] in which variations in exposure time are modelled by the logarithmic addition or
the subtraction of a constant, and it is obvious that such an addition/subtraction does not
modify the logarithmic additive contrast. The method can, therefore, be applied to very
low-light images that have been enhanced by logarithmic subtraction of a constant.

In the following Section 3, we present two applications of the MLAC method:

- Comparison of two Super-Resolution algorithms.
- Control of an autofocus during the automatic screening of a cell preparation using
a microscope.

3. Applications
3.1. Comparison of Two Super-Resolution Algorithms

In image processing, there is often a need to improve spatial resolution to get a
better level of detail. This is classically achieved by means of Super Resolution algorithms
(SR algorithms). Numerous methods exist, including classic approaches [21] such as
bilinear interpolation, which takes only 4 pixels into account, or Bicubic Interpolation (BI),
which considers a neighborhood of 16 pixels. Recently, Zhang et al. [22] proposed a deep
super-resolver called BSRGAN using a complex image degradation model consisting of
downsampling, random blur, and various noise degradations.

In the following Figure 11, we associate two SRx2 images with the initial image Lincoln
using the BI and BSRGAN algorithms, respectively, and we apply them to the Maximal
Logarithmic Additive Contrast MLAC.
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Figure 11. Comparison of two SR algorithms. (a) Initial image “Lincoln”, (b) Lincoln BIx2, (c) Lincoln
BSRGANX2, (d) Details on (b), (e) Details on (c), (f) MLAC applied to (b), (g) MLAC applied to (c).

In the detailed images, we can clearly observe that the shirt collar, the bow tie, and the
beard hairs are much sharper on Figure 11e than on Figure 11d. The boundaries (images
Figure 11f,g) are clearly thicker and less contrasted with the bicubic interpolation algorithm,
but this comparison is not really fair, given that BSRGAN includes image enhancements,
particularly regarding blur. We will, therefore, add to the BIx2 algorithm a blur removal
step based on the well-known Unsharp Masking (UM) technique, producing the algorithm
denoted UM(BIx2).
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Displayed in the following Figure 12, we consider the initial color image, “Tiger”, to
which we associate its grey-level luminance image, then proceed as for the Lincoln image.

d) (o)

(a) (b)
Figure 12. Comparison of BSRGANXx2 and UM(BIx2) methods by means of the associated MLAC
maps (a) Initial image “Tiger”, (b) BSRGANx2, (c) MLAC (b), (d) UM(BIx2) (b), (e) MLAC (d).

Asin Figure 11, we can see that the black stripes on the tiger’s head are more accurately
detected by BSRGANX2 than UM(Bix2).

The results presented in Table 5 confirm the superiority of BSRGANX2 compared to
UM(BIx2).

Table 5. Comparison between BSRGANX2 and UM(BIx2).

Image Name Grey Level Average Standard Deviation
Image c- of Figure 12 63.7 47.8
Image e- of Figure 12 45.5 39.1

3.2. Automated Autofocus Control

This section concerns images of cells acquired by microscopy during the screening of
a vaginal smear with the aim of detecting cervical cancer.

The cell preparation is presented on a slide moved by a programmable stage. All along
the stage motion, it is necessary to perform autofocusing because hundreds of microscope
fields have to be explored, and the slide is not perfectly flat.

To simulate this situation, we chose a cell field that we placed in the focal plane of the
camera, producing the sharpest possible image “0”.

We, then, proceeded to progressive defocusing with a constant step, thus obtaining 9
images on either side of the “0” location, numbered from —9 to —1 for those closer to the
camera and from 1 to 9 for those further than the focal plane. In Figure 13 considering that
it is not appropriate to show all nineteen images, we decided to display only the sharpest
images: “—1”,“0”, “1”, and the blurriest ones: “—9”, “—8”, “8”, and “9”.

Figure 13. First line: Images “—1”, “0”, and “1”. Second line: Images “—9”, “—8", “8”, and “9”.
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For each of the 19 images, the MLAC map was calculated. The maps associated with
images of Figure 13 are presented in Figure 14. Due to their low-light level, their brightness
has been slightly increased to make them visually interpretable.

Figure 14. First line: MLAC maps of Images “—1", “0”, and “1”. Second line: MLAC maps of Images
11_911’ 11_8//, 1/8/!, and 11911.

As expected, the boundaries appear thicker and less contrasted on defocused images,
resulting in lower values for the associated mean and standard deviation (see Figure 15).

10

-9 -8-7-6-5-4-3-2-101 2 3 45 6 7 8 9

—@— Average Std

Figure 15. Grey level average (in blue) and standard deviation (in red) calculated on the 19
MLAC maps.

Each of the parameters “Average” or “Standard deviation” permits to precisely select
the sharpest image and is then able to perform autofocusing.

4. General Conclusions

In this paper, we set ourselves the main objective of finding a convincing alternative
to the use of gradients for assessing image blur. This was achieved by choosing the
LIP framework, due to its strong mathematical and optical properties combined with its
consistency with human vision. It has been shown that the notion of Maximal Logarithmic
Additive Contrast (MLAC) is perfectly suited to the evaluation of blur and can be exploited
with very simple parameters such as the mean or standard deviation. The corresponding
algorithm is executable in real-time (100 fps for 640 x 480 images).

Compared to five standard methods, MLAC has proved to be the best performer
for evaluating sharpness and was the only one to show insensitivity to variations in
exposure time.
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We suggested several potential applications for the proposed approach, like com-
paring two Super Resolution methods or driving a self-focusing action. However, the
study initiated here opens a wide range of perspectives, some of which are outlined in
Appendix A. Our ambition is now to carry out similar work on other image quality criteria,
such as contrast assessment. As this latter notion is very closely linked to human vision, it
seems appropriate to us to retain the LIP context. After studying the boundaries, considered
as transition zones, we plan to study more precisely the relatively homogeneous areas
delimited by these boundaries and to associate them with an average logarithmic internal
contrast [13], somewhat comparable to entropy. In parallel, the contrast between adjacent
homogeneous regions will be estimated, and both information should be combined to
propose the notion of global perceived contrast.
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Appendix A

In the present paper, we deliberately limited our presentation to very simple parame-
ters calculated from MLAC maps, such as average or standard deviation. We plan to extract
other parameters based on distances in the mathematical sense, either between the MLAC
maps themselves or between their histograms.

a. Kullback-Leibler divergence

The Kullback-Leibler divergence (or K-L divergence or relative entropy) is a measure
of dissimilarity between two probability distributions. The respective histograms H; and
H, of two images f and f, are considered as two discrete probability distributions defined
on the numerical grey scale [0,..., M — 1]. The Kullback-Leibler divergence of H, with
respect to Hj is then expressed as follows:

~, Ho(i
dx-L(Hp, Hr) = } o o) Ha (i)l HZ-E&

b.  Hellinger metric

The Hellinger distance is defined according to:

du(HyH) = 2| T ]<\/H1<i>—@)2

i€[0,.,M—1

It is easy to check that dy; satisfies the mathematical properties required to be a metric,
which include the triangular inequality.

c.  Wasserstein distance
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The Wasserstein distance dy (Hj, Hy) between histograms H; and H, is calculated
as follows:

(i H) = Infpy_ gy B 6) — Ha(0) )

where E represents the mathematical expectation.
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