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The canonical description of structures comprises two aspects: (1) basic structural elements and (2) arrangement pat-
tern between those elements. This tidy description has been very successful and facilitates the development of structural
physics tremendously, enabling the classification, comparison and analysis of an extremely wide range of structures, includ-
ing crystals, quasi-crystals, liquid crystals, semi-crystalline materials and so on. However, it has been gradually realized
that many novel materials and devices exhibit random structures in which either basic elements or arrangement patterns
may not exist. With the rapid development of modern advanced materials, this type of apparently random structure pops
up frequently, leaving researchers struggling with how to describe, classify and quantitatively compare them. This paper
proposes the utilization of statistical characteristics as the major indicators for the description of apparently random struc-
tures. Specifically, we have explored many statistical properties, including power spectral density, histograms, structural
complexity, entropic complexity, autocorrelation, etc., and found that autocorrelation may serve as a promising statistical
proxy to distinguish similar-looking random structures. We discuss eight atomic force microscope images of random struc-
tures, demonstrating that autocorrelation can be used to distinguish them. In addition, 14 more diverse datasets are used to
support this conclusion, including atomic force microscopy images of polymers and non-polymers, transmission electron
microscopy images of nanocomposite layers and scanning electron microscopy images of non-polymers.

Keywords: complexity, complex structure, autocorrelation
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1. Introduction

Structure, as a basic concept in physics, exists every-
where in our daily lives and scientific research. Photos taken
by a camera, movies seen on TV, electron microscopy im-
ages recorded in the laboratory and x-ray diffraction curves
measured by a diffractometer are all embodiments of struc-
tures. The advance of all these subjects relies on an un-
derstanding of structure. For instance, the efficiency of im-
age compression depends on the simplicity of the structural
model adopted;[1–7] the accuracy of automatic recognition of
human faces from a security camera depends on the robust-
ness of the feature extraction method;[8–10] and the applica-
bility of the description of crystallization behavior depends
on the physical model applied.[11–17] Pioneering researchers
have established a classical paradigm for the description of
structure, that is, any structure can be decoupled into (1) basic
structural elements and (2) the arrangement pattern adopted
by the elements.[18] The former has characteristics such as
shape, size, interface and so on, while the latter can be de-
scribed mathematically as the summation of repeating pattern
and random spatial perturbation.[19] Although this classical
paradigm has helped us make tremendous advances in fields
such as solid physics,[20] semiconductor physics.[21] and even
soft matter physics,[22] it must be recognized that it does not

satisfactorily cover many novel phenomena. For instance, the
atomic arrangement in ordered materials can be mathemati-
cally described as ∆𝑟i, j = 𝑟 j − 𝑟i = ∆𝑟i, j|ideal + δ𝑟(𝑟 j − ri),
where δ𝑟 = 0 indicates a perfect crystal and δ𝑟 6= 0 corre-
sponds to disorder.[23] This type of canonical expression grad-
ually encounters more difficulties as disorder is increased (see
Fig. S1 for an illustrative example). Therefore, more practi-
cal mathematical/physical models for structures with random
features are urgently needed.

Apparently random (AR) structures can be seen as
the most predominant examples challenging the classi-
cal paradigm for structure description. More specifically,
atomic force microscopy (AFM) images of high-precision
x-ray mirrors,[24] electron microscopy images of amor-
phous polymers,[25,26] Markov random images generated by
simulation,[27] and so on, are all AR structures in which nei-
ther apparent structural elements nor dominant arrangement
patterns are observed. These examples can be further appre-
ciated in Fig. S2. Ironically, although we can immediately
realize that two AR structures are different from each other,
we can hardly differentiate the two structures in a concrete
manner. Taking the images in Figs. S2(e) and S2(f) as exam-
ples, we can easily tell that these two images are different but
are hardly capable of describing the difference using quantita-
tive parameters numerically. This difficulty prevents us from
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further analyzing the structure and discovering the underlying
physics. To conquer this dilemma, we devote this paper to ex-
ploring the statistical approaches that capture essential struc-
tural variability. Herein, both mathematical and physical ideas
are adopted as statistical descriptors for structure, including
histograms, power spectral density (PSD), structural complex-
ity, entropic complexity, autocorrelation and so on. We hope
that this work will serve as an effort to build a new paradigm
toward scrutinizing AR structures in a quantitative manner.

2. Results
We use published AFM images of polymers as the model

system.[28] As displayed in Fig. 1, all eight images appear
quite similar. Although we can easily tell they are different
from each other, it is hard for us to describe the differences in
a numerical or analytical manner. The very first statistical de-

scription we attempted to use is based on a mathematical idea
— a histogram of pixel intensity in an image representing the
structure of interest. From this perspective, an image is treated
as a realization of a spatial stochastic process defined on the
R2 domain. A histogram is the simplest probability model,
expressing the frequency of appearance of the various levels
of individual pixel intensity without much account for the spa-
tial correlation between pixels. Histograms of individual pixel
intensity are calculated and shown in Fig. 2. Roughly speak-
ing, all histograms exhibit non-uniform distribution, with the
heaviest weight located at low-level intensity and extending
the full intensity level toward the higher level. Further anal-
ysis based on multi-peak fitting can be implemented; this
finds that all histograms can be decoupled into a multitude
of lognormal distributions as exemplified by the peak-fitting
results found in Fig. S3, with an additional summary denoted

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 1. AFM images of polymers (256 nm×256 nm), represented by 8-bit grayscale. Figures reproduced with permission from Ref. [28].
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Fig. 2. Normalized histograms of the investigated sample images.
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in Table S1. The table provides very detailed information re-
garding the distribution of histograms and allows us to differ-
entiate all images based on the shape position, shape width
of each distribution and relative ratio among them. However,
we have to recognize that these achievements are only suitable
for accounting for the intensity distribution of each individual
pixel, without any ability to interrogate the spatial correlation
between each pixel.

The above notion leads us to consider another question:
although a histogram is a statistical characteristic feature for
images, does it determine the appearance of an image in a suf-
ficient and necessary relation? To answer this, we further in-

vestigate in greater detail the dependence of histograms on the
appearance of an image. We take the first image in the model
system as an example and re-create several copies of it by var-
ious means. Figure 3 denotes each type of conversion. It can
be judged by eye that all versions of the first image appear
the same with no discernible difference while their histograms
vastly differ. To give this observation more generality, we also
treat another image of a human portrait (structure depicting
a human face) and the same trend holds. More details can
be seen in Fig. S4. This suggests that the histogram itself is
not sufficient as a statistical descriptor for apparently random
structures.

(i)

(ii)

(i) (i) (i)

(ii) (ii) (ii)

(a) Histogram equalization (b) Laplacian (c) Photograph (d) Scan
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Fig. 3. Four copies of the first image in Fig. 1, including (a) histogram equalization and (b) a Laplacian, which is usually used to detect edges
and textures in images and can be used as part of image enhancement. For two-dimensional images, the Laplacian is usually expressed as the
following convolution kernel: [0, 1, 0; 1, −4, 1; 0, 1, 0]. (c) Photograph is obtained by printing out the image and taking pictures with a mobile
phone. (d) Scanning is obtained by printing out the image and scanning it into an electronic version.

In order to overcome the drawbacks of the above his-
togram method, we further analyze jump histograms between
adjacent pixels. Let us define an intensity jump as the differ-
ence between gray levels of two adjacent pixels along a line
s j(i) = s(i) = f j(i+1)− f j(i), where f j(i) denotes the inten-
sity level of pixel located at row j and column i. The variable
s(i) generally varies between –255 and +255. The intensity
jump histograms are shown in Fig. 4. All distributions have
a well-marked maximum for s = 0, which expresses that the
zero jump is the most probable and pixel intensity changes
gradually. Their shapes obey the pseudo-Voigt function with
well-defined symmetry and fast decrease toward two sides of
the distribution. These profiles are modeled by the pseudo-
Voigt function and the standard deviations σ are parameter-
ized in Table S2. The small value of σ corresponds to an
image with a smooth transition, while the opposite holds for
large values. In our case, σ varies between 1.635 and 14.55.
The intensity jump histogram is basically the same for all
structures, which renders this method incapable of discrimi-
nating the spatial distribution, although this method intrinsi-

cally takes the spatial correlation between adjacent pixels into
account. This seemingly awkward observation is actually rea-
sonable: AR structures are formed by near-neighbor interac-
tions, which only generate a Markov process. It should be
mentioned that a Markov process is a typical random process
where the structure loses its spatial correlation immediately
at a distance of more than one pixel and thereafter renders
the jump histogram pseudo-Voigt-like.[27] Note that the above
jump histogram only accounts for a horizontal jump, while a
vertical jump histogram is delineated in Fig. S5. The above
experiments confirm that the role of a histogram may be super-
ficial and the shape of the distribution is only distantly linked
to the significant elements of the AR structure.

We further explore the PSD of structures, which
can be quantified by Fourier transformation. Defined as
P(w) =

∫
R2 C(x)e−iwx dx, where x denotes the difference be-

tween any two pixel locations, PSD is a tool capable of de-
scribing spatial relationships across the whole image globally.
A PSD spectrum measures the relative contribution of differ-
ent Fourier components to the image as a whole. Colloquially,
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it describes the proportion of large-scale structure and its rate
of propagation into fine details in an image. From Fig. 5(a), all
PSD curves exhibit similar trends, with the amplitude mono-
tonically declining with spatial frequency. On top of this, two
barely seen curvatures exist at spatial frequencies of around
1 and 10 pixel−1, suggesting the existence of aggregated do-

mains in these AR structures. Also, the amplitudes of the
PSDs of all samples fall at similar rates as a function of spatial
frequency. To determine the precise slopes of each spectrum,
we fit them with functions of the form

amplitude of PSD ∝ spatial frequency −α .
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Fig. 4. Horizontal intensity jump histograms of the investigated sample images.

This should be represented as a straight line with a slope
of −α . The best-fitting regression was used and the fitted
slope values are delineated in the legend of Fig. 5(a). The
values range from −2.47 to −2.94. Compared with the typi-
cal value of −2 demonstrated by fractal-like structures,[29,30]

the PSD slopes exhibited here indicate that the AR structures
possess a greater proportion of large-scale structure and faster
rate of propagation into fine details than fractal structures. It
should be mentioned that a similar study on natural scenes, in-
cluding both landscapes and human portraits, also gave PSD
slopes lower than −2.[8] This statistical regularity obtained in
PSD curves may not serve as a sensitive identifier for distin-
guishing AR structures considering the non-discernible fea-
tures among all structures investigated here.

Judging from the appearance of all the images shown
in Fig. 1, the local features are all distributed randomly and
irregularly. Historically, the meaning of “order”, “regular”,
“interest” and “random” are intertwined without universally
quantitative criteria and clear distinction between them took
much effort before consistency was reached.[31–34] This makes
us curious to explore entropic complexity, Kolmogorov com-
plexity and structural complexity in the hope of differentiat-
ing these images using these parameters. Although all these
parameters are used to quantify the degree of irregularity of
structures, they possess distinct physical meanings. We start
with the investigation of entropic complexity, quantified by
Shannon entropy.[35,36] This parameter is suitable for distin-
guishing states between regular and disordered. The mathe-
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matical definition is as follows:

H =−∑
x

pxlogpx, (1)

where px is the probability distribution of pixel intensity x.
The resultant entropic complexities of all structures in this
study are tabulated in Table 1. It should be mentioned that
the maximum entropic complexity occurs for a system with
an equal number distribution of each pixel intensity, namely,
white noise, for which the value reaches 8.[37] Table 1 tells
us that all structures display an entropic complexity ranging
from 7.6 to 7.8, very close to the maximum value. This ob-
servation brings up two important implications: (1) due to the
entropic complexities being close to 8, all structures of inter-
est give the impression that they are random; (2) again due to
their entropic complexities all being less than 8, these struc-
tures are apparently random, but not actually random. The
second point corresponds to the above observation regarding
the PSD curves, namely that slight curvature exists for each
AR structure, indicating the existence of aggregation.
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Fig. 5. (a) The power spectral density of the model system. (b) The
structural complexity of the investigated sample images based on
coarse-graining steps k.

The second parameter to be explored is Kolmogorov
complexity, which is defined as the length of the shortest
computer program that outputs the information depicting the
given structure.[38] This concept is usually difficult to quantify,
but the calculation becomes practical in the case of images.
Herein, we utilize the compression ratio, defined as the file
size of the compressed image divided by the size of the origi-
nal file. The compression ratio is obtained and is also tabulated

in Table 1. It should be mentioned that white noise is charac-
terized by a value of 1 in terms of Kolmogorov complexity
due to the fact that no spatial correlation can be established
and thereafter no meaningful compression algorithm can take
effect. In comparison, the values of AR structures span from
0.73 to 0.78, all of which are less than 1. This clearly indi-
cates that the AR structures are not actually random since cer-
tain regularity exists and enables the compression algorithm to
take effect. The non-unity results of Kolmogorov complexity,
together with a value of entropic complexity of less than 8,
indicate that there definitely exist perceptual structures in AR
structures.

The above-discussed entropic complexity and Kol-
mogorov complexity only quantify the states of order, disorder
and randomness. To further investigate the states of regularity
and interestingness, we move forward to structural complex-
ity. Structural complexity is a relatively novel concept com-
pared with the other two types of complexity: it quantifies the
dissimilarity of a given structure under different length scales.
The development of structural complexity by researchers took
several detours. Before the 1980s, structural complexity was
regarded as a similar concept to entropy to quantify the degree
of order/randomness. Later on, people realized that structural
complexity behaves differently from entropic complexity, and
should be seen as a separate concept to describe a structure’s
intrinsic properties.[39,40] After intensive studies, the consis-
tency was reached that structural complexity describes the sta-
tus of how far away from regularity a pattern is or its “in-
terestingness”, rather than the degree of ordering/randomness.
An illustrative notion is the prototypical experiment of making
coffee, where the structural complexity rises and falls during
the whole process of mixing, substantially different from the
behavior of monotonically increasing entropy.[41]

Structural complexity is defined as an inverse function of
the degree of overlap between neighboring renormalized lay-
ers. In intuitive perception, the higher degree of overlapping
mentioned above correlates with less complexity and suggests
a “simple” structure. To quantify structural complexity gener-
ically, a structure is seen as a function f (x) defined on a given
domain D. A coarse-graining step at scale λ is applied to the
original f (x) and the resulting structure is denoted by fλ (x).
The next level coarse-graining step at scale λ + dλ is further
applied and denoted by fλ+dλ (x). If there exists a difference
between fλ (x) and fλ+dλ (x), it is considered that scale λ con-
tributes to complexity. Thus, the contribution from level λ is
written as

Cλ =

⌈〈
fλ (x)| fλ+dλ (x)

〉
− 1

2
(〈 fλ (x)| fλ (x)〉

+
〈

fλ+dλ (x)| fλ+dλ (x)
〉
)

⌉
, (2)
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where 〈 f (x)|g(x)〉=
∫

D dx f (x)g(x) is a non-normalized over-
lap of two patterns.

The total complexity can be calculated by summing up
Cλ over all scales as

C = ΣλCλ . (3)

Figure 5(b) plots the partial structural complexity of all
AR structures as a function of the coarse-graining step. It
increases monotonically in a similar manner for all samples,
suggesting that structural complexity may not serve as a sensi-
tive prober for differentiating AR structures. The values of the
total structural complexity are also summarized in Table 1.

Table 1. The entropic, Kolmogorov and structural complexities of the investigated sample images.

Complexity (a) (b) (c) (d) (e) (f) (g) (h)
Entropic 7.73 7.79 7.68 7.69 7.62 7.77 7.68 7.77

Kolmogorov 0.7763 0.7746 0.7491 0.7433 0.7489 0.7772 0.7360 0.7531
Structural 0.2368 0.2288 0.2054 0.1832 0.2298 0.2213 0.1991 0.2159

We further resort to the autocorrelation function as an-
other statistical characteristic to check its sensitivity as a
meaningful descriptor of AR structures. Historically, image
correlation analysis has been a powerful technique for detect-

ing the arrangement pattern for weakly ordered materials, such
as fluorophores in bioscience,[42,43] and we aim to explore its
generality toward AR structures in a wider range of applica-
tions.

(a)

100 300 500
Pixel

100

200

300

400

500

P
ix

e
l

(b)

100 300 500
Pixel

100

200

300

400

500

P
ix

e
l

(c)

100 300 500
Pixel

100

200

300

400

500

P
ix

e
l

(d)

100 300 500
Pixel

100

200

300

400

500

P
ix

e
l

(e)

100 300 500

Pixel

100

200

300

400

500

P
ix

e
l

(f)

100 300 500

Pixel

100

200

300

400

500

P
ix

e
l

(g) (h)

100 300 500

Pixel

100

200

300

400

500

P
ix

e
l

100 300 500

Pixel

100

200

300

400

500

P
ix

e
l

Fig. 6. Two-dimensional autocorrelation functions of the investigated sample images.

From Fig. 6, the two-dimensional autocorrelation func-
tions are distinct from each other with easy-to-describe fea-
tures. For instance, sample (a) displays four-fold symme-
try azimuthally, while sample (b) shows eight-fold symme-
try; sample (a) displays a single maximum radially at approx-
imately 240 pixels, while sample (b) shows multiple maxima
oscillating radially. Unlike the original structures, which are
difficult to describe analytically, all these autocorrelation char-
acteristics are easy to depict quantitatively. This implies that
it may encode detailed and easy-to-describe information about
structures. It should be noted that although autocorrelation is
mathematically related to PSD by Fourier transformation, its
sensitivity and applicability for the detection of statistical char-
acteristics of random structures may be quite different. An au-
tocorrelation function is logically equivalent to comparing all
possible pixel pairs and reporting the likelihood of a spatial
correlation as a function of the distance and direction of sep-
aration. This is a statistical method accounting for the given

structure globally in real space, rather than reciprocal space

like PSD. To make the comparison of autocorrelation more

convenient and quantitative, we rebuilt the original autocorre-

lation functions into a two-dimensional pattern, where the x-

axis depicts the angular distribution and the y-axis depicts the

radial distribution. As shown in Fig. 7, comparison and analy-

sis become even easier with the aid of the rebuilt patterns. For

instance, the autocorrelation at a radius between 50 and 100

pixels behaves differently for each sample, where samples (a),

(b) and (e) exhibit four periods of oscillation, and sample (f)

barely shows any features around this range. Again, the au-

tocorrelation behavior differs at the radius range from 150 to

200 pixels, where sample (f) exhibits the strongest fluctuation

and sample (e) the least fluctuation. Furthermore, we have

invented novel criteria to quantify the goodness of these sta-

tistical descriptors. The value of goodness is calculated by the
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following equation:

G =
|(I1− I2)|
|Ī1|

, (4)

where G is the value of goodness and I1 and I2 are the intensity
values of various statistical descriptors for different samples,
respectively. From Table S4, we have calculated the good-

ness values of various statistical descriptors for samples (a)
and (c). In addition, we also calculated the goodness values of
scanning electron microscope and transmission electron mi-
croscope images, as shown in Tables S7 and S11. From the
above, it is seen that autocorrelation may be the rational candi-
date for a statistical proxy to distinguish random images. More
diverse datasets can be found in the supporting information.
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Fig. 7. Two-dimensional pattern diagrams of the autocorrelation function.

3. Discussion
Histograms are the most commonly used spatial domain

characteristic for structural image analysis; they quantify the
intensity distribution of image pixels. From the above ob-
servation regarding histograms of individual pixel intensity,
the occurrence of intensity spans the whole scale from 0 to
255, although with a non-uniform distribution. This behav-
ior is similar to natural scenes taken with other low-resolution
equipment (such as cameras), including both landscape and
human portraits. This type of continuous distribution of pixel
intensity is quite different from that of certain human-made
objects (e.g., a chessboard with only two discrete pixel inten-
sities), and suggests that the origin of features for AR struc-
tures may be connected with those from natural scenes. A step
further from the histogram, the intensity jump histogram over-
comes the disadvantages of the former but is not capable of
exploring spatial correlation. A jump histogram considers the
intensity variation of adjacent pixels (depending on specific
requirements, nearest-neighbor or further-neighbor are possi-
ble). The trend seen from a jump histogram is quite different
from that of a histogram. Herein, all AR structures display
mostly the same jump histogram, namely a pseudo-Voigt dis-
tribution. This finding is interesting in the sense that the AR
structures captured by AFM possess similar jump histogram

behaviors to natural scenes. This may imply certain connec-
tions between microscopic structures and macroscopic struc-
tures, although the underlying physics is unknown. Anyway,
the lack of sensitivity means that jump histograms are not suit-
able for differentiated AR structures.

Complexity is an interesting concept and deserves more
scrutiny. This work is intended to find a sensitive and quantita-
tive descriptor, helping differentiate, compare and analyze AR
structures that were hard to implement formerly. Intuitively,
AR structures usually give the impression of being “complex”
due to the fact that they are difficult to describe and the in-
cluded features are difficult to recognize. We therefore resort
to complexity for our answer in the hope that it may provide
some promising inspiration. However, as its name suggests,
the concept of complexity itself is “complex”. The definition
of complexity varies, depending on the context in which it is
applied and the researchers’ subjective choice. There is noth-
ing wrong with complexity being context-dependent and a bit
subjective. Yet, we decided to explore three types of objec-
tive complexity in the hope of obtaining a more “observer-
independent” descriptor.

The three definitions of complexity — entropic complex-
ity, Kolmogorov complexity and structural complexity — have
intrinsic connections, but with clear differences. Entropic
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complexity derives from Shannon’s information theory and
treats the pixel values as the state possessing useful informa-
tion. This definition was utilized to understand the complex-
ity of natural scenes and establish the relationship that most
natural scenes with discernible features (such as landscapes
and portraits) display a value less than that of white noise,
which possesses the highest entropic complexity and highest
potential for holding information. Although it is useful for
understanding natural scenes it lacks the consideration of spa-
tial correlation, thus making it less suitable for human-made
structures. A convincing instance is a chessboard with equally
distributed black-and-white blocks. Imaging two chessboards
with black and white blocks of identical total areas but with
different block sizes clearly shows that these two are differ-
ent in terms of how “complex” they are, although the entropic
complexity is identical.

Kolmogorov complexity is similar to entropic complex-
ity, but with a comprehensive consideration of both inten-
sity and spatial correlation. In this paper, we calculate
Kolmogorov complexity based on a compression algorithm,
which looks for redundant intensity modes and repeating spa-
tial patterns and achieves compression based on the redun-
dancy and repeatability of the original files. This enables Kol-
mogorov complexity not only to quantify the state of “order”
or “randomness” of natural scenes but also of human-made
structures. A typical example is crystals and glass. The well-
arranged behavior of crystals is quite ordered and delivers a
lower compression ratio. In contrast, the randomly arranged
behavior of glass does not leave much opportunity for the al-
gorithm to carry on effective compression. Very interestingly,
we calculated both entropic complexity and Kolmogorov com-
plexity of all AR structures in this study and found mostly the
same trend for both. As indicated in Fig. S6, higher entropic
complexity corresponds to a higher compression ratio, in other
words, higher Kolmogorov complexity.

Structural complexity is a bit different from the other
two. The former focus on characterizing randomness, while
structural complexity focuses on irregularity and structural
non-triviality. Despite the relevance between structural ran-
domness and non-triviality, they are totally different ideas.
Again, taking the coffee-making experiment as an example,
after pouring milk into the coffee, the whole cup starts in a
state where the milk and coffee are completely delaminated
with two well-separated layers. At this moment, no random-
ness develops. With time, milk molecules move into the cof-
fee and intermixing happens. After a long enough time, the
milk and coffee are completely mixed. Now the randomness
reaches a maximum. From the perspective of entropic com-
plexity and Kolmogorov complexity, the complexity starts at
a very low level and develops monotonically into a high-level

state at the end of mixing. However, if seen from the perspec-
tive of structural complexity, the development of complexity is
not monotonic. Specifically, its value starts low and also ends
low, due to both cases only displaying trivial features (actually
no discernible features can be seen), while it reaches a maxi-
mum in the middle of the mixing procedure. Coming back to
the original aim of this paper: do any of these three types of
complexity serve as a suitable proxy for AR structures? Unfor-
tunately, none of them brings perceptive trends corresponding
to the appearance of structures.

The trend observed from the PSD curves is a bit of a sur-
prise for us. Historically, researchers have found the structural
investigation of disordered polymers to be very difficult due to
the fact that these materials possess neither structural elements
nor arrangement patterns, namely, AR structure. To conquer
this, people have resorted to the scattering method, which is
the physical counterpart to the mathematical tool of Fourier
transform.[22] It has to be pointed out that utilization of the
scattering method has been tremendously successful in terms
of exploring polymer structures. This big success leads us to
believe that PSD analysis could be a sensitive proxy to differ-
entiate AR structures. However, the difference in PSD curves
in this work is neither strong enough nor clear enough to serve
this purpose. To minimize the ambiguity, we reaffirm that we
by no means imply that PSD analysis cannot serve as a mean-
ingful statistical method for AR structure investigation. The
PSD curves of all eight samples in this paper are of course dif-
ferent from each other and can deliver important distinctions
using in-depth analysis, such as Porod analysis, Guinier anal-
ysis and other higher-moment analyses. However, we must
note that the appearance of PSD curves is indeed similar and
does not illustrate distinct differences, as can be easily noted
by an untrained person. This means that this method is not a
proper proxy to differentiate AR structures due to its lack of
sensitivity and processing difficulties.

Regarding autocorrelation functions, several observations
deserve further scrutiny. The first is that the applicability of
PSD and autocorrelation functions is quite different for appar-
ently random structures. It is well-known that Fourier transfor-
mation and autocorrelation calculations can be inter-translated
and connected by the following equation:

gii(a,b) =
F−1{F [i(x,y)]2}

NMi2
−1, (5)

where F(x,y) is the Fourier transform of structure image
i(x,y), N and M are the dimensions of image i(x,y) and
gii(a,b) is the autocorrelation function. Even with the above-
mentioned mathematical connection their sensitivity to differ-
entiating structural distribution is quite different, suggesting
that they cannot replace each other. This is actually consistent
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with the historical development of structural analysis: scat-
tering methods have been utilized for structural analysis for
nearly 100 years, while the first work utilizing autocorrela-
tion analysis only dates back to 2004.[44] As indicated by the
above sections, the autocorrelation function is capable of pro-
viding guidelines regarding structural arrangement in terms of
both radial and azimuthal directions. With the rebuilt version
of the autocorrelation function, the analysis can be easily im-
plemented in a quantitative manner. For an even deeper un-
derstanding of the spatial arrangement of AR structures, we
can further reduce the two-dimensional rebuilt autocorrelation
functions into one-dimensional curves, either along a radial
or azimuthal direction, at any given spatial coordinate. Fig-
ures S7 and S8 delineate the detailed one-dimensional curves.
From Fig. S7, the autocorrelation variation at a radius of 60
pixels as a function of angular change displays distinguishable
trends between different samples. For instance, samples (a)
and (b) can be easily identified by the observation that (a) ex-
hibits two-cycle fluctuation while (b) exhibits four-cycle fluc-
tuation. Figure S8 shows another autocorrelation variation at a
radius of 190 pixels. More autocorrelation variation curves at
different radii facilitate the applicability of this method. Take
the comparison between samples (b) and (e) as an example.
The autocorrelation variations at a single radius of 60 pixels
do not deliver enough distinguishable features. An extra com-
parison at another radius of 190 pixels clearly differentiates
these two samples.

4. Conclusion

In this work we note that structural physics is a unique
and important subfield of modern physics. Although it does
not directly investigate the mechanism of how functionality
occurs, it helps deepen our understanding of what structure is
and how its description can be improved, eventually promot-
ing the optimization of functionality by improved structure–
functionality relationships. We start with the historical consid-
eration of structural physics, where the dominant paradigm is
based on “structural elements + their arrangement patterns”.
Despite its tremendous success, we humbly believe that this
paradigm may not be general enough to cover all phenom-
ena. Herein, the typical counter-example is an AR structure
that lacks either a dominant structural element or a clear ar-
rangement pattern. It is worth noting that more AR structures
pop up in modern society including, but not limited to, disor-
dered polymers, biomaterials and ultra-precision surfaces. We
propose that on top of the canonical paradigm, novel method-
ology based on statistics should be utilized to better describe
AR structures. With our limited effort, some of the commonly
known statistical characteristics have been explored and we

point out that the autocorrelation function may be a promising
proxy for descriptors of AR structures.

Supplementary material
See the supplementary material for: (1) summary of

structures with varying degrees of ordering, (2) three types of
apparently random structures, (3) the fitting results of the nor-
malized histogram of the investigated sample images, (4) four
copies of a human portrait, (5) the fitting results of the vertical
intensity jump histogram of the investigated sample images,
(6) the entropic, Kolmogorov and structural complexities of
the investigated sample images, (7) one-dimensional curves of
the autocorrelation function at a radius of 60 pixels, (8) one-
dimensional curves of the autocorrelation function at a radius
of 190 pixels. And there are more diverse datasets. The data
that support the findings of this study are available from the
corresponding author upon reasonable request.
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