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Abstract

Conventional visual complexity measurement faces challenges
in efficiency, accuracy, and alignment with human perception.
To address these, this paper presents a novel Monte Carlo-
based method for visual complexity measurement, the ran-
dom line segment width sampling algorithm (RLSWSA). RL-
SWSA employs local stochastic sampling for efficient estima-
tion of symbol perimeter complexity. By discarding global
scanning in favor of local sampling, RLSWSA significantly
enhances computational efficiency while maintaining high ac-
curacy and robustness. Experimental results show rapid con-
vergence with just 24 samples, yielding high consistency with
traditional methods (correlation coefficient > 0.9). Further-
more, RLSWSA’s Spearman correlation with human subjec-
tive ratings is 0.74, demonstrating its strong correlation with
human perceptual complexity. This study offers an efficient
and reliable solution for rapid symbol visual complexity calcu-
lation, with strong potential for applications like symbol recog-
nition and design optimization.

Keywords: Visual Complexity; Monte Carlo Sampling; Sym-
bolic Measurement; Computational Efficiency; Subjective
Consistency

Introduction

Visual complexity, as a core indicator of graphic cognition,
holds dual significance in understanding human perceptual
mechanisms and optimizing visual design. In psychology,
Donderi (2006)’s systematic review reveals deep connections
between visual complexity and cognitive load, attention al-
location, and memory retention. In computer vision, visual
complexity measurement has become a key preprocessing
module for tasks such as image retrieval Rigau, Feixas, and
Sbert (2005) and target detection Nagle and Lavie (2020).
Research in art design focuses on balancing complexity and
user experience; Tuch, Bargas-Avila, Opwis, and Wilhelm
(2009) found through eye-tracking experiments that webpage
visual complexity exhibits an inverted U-shaped relationship
with user dwell time. In typography, Chang, Chen, and Per-
fetti (2018)’s multidimensional analysis of 131 writing sys-
tems indicates that perimeter complexity can account for 76%
of cross-cultural design differences.

Despite the widespread application of visual complexity
measurement methods across various fields, existing research
has paid insufficient attention to the “efficiency-accuracy-
subjective consistency” balance, and their limitations con-
tinue to restrict practical applications. Traditional geometric
methods (e.g., Watson (2011)’s perimeter expectation model )

can precisely calculate the complexity of binary images; how-
ever, their time complexity is as high as O(n?), making them
unsuitable for processing large-scale data. Machine learning
methods (e.g., the GraphCom multidimensional framework
proposed by Chang et al. (2018)) have improved perceptual
consistency, yet they rely on annotated data and lack inter-
pretability. Dai et al. (2022)’s hierarchical perceptual model,
although achieving a 92% fit to human ratings, still incurs
computational costs that limit its practical application.

To address these issues, this study proposes a Monte
Carlo sampling-based random line segment width sampling
algorithm (RLSWSA). Compared with traditional complex-
ity measurement methods, RLSWSA collects stroke width
data of symbols by randomly generating line segments to
rapidly estimate the symbol’s perimeter and overall complex-
ity, thereby effectively balancing computational efficiency
and accuracy. Experimental results demonstrate that the al-
gorithm exhibits high accuracy in computing multiple com-
plexity metrics, and its measurements are highly consistent
with human subjective perceptions of complexity.

The main contributions of this paper are as follows:

1. An efficient symbolic visual complexity measurement al-

gorithm, RLSWSA, is proposed. Based on Monte Carlo
local sampling, it replaces global contour tracing with ran-
dom line segment sampling to probabilistically estimate
the symbol’s perimeter complexity.

2. The algorithm’s ability to balance efficiency and accuracy

is demonstrated. With a limited number of samples, RL-
SWSA achieves high-precision computational results com-
parable to traditional methods, effectively overcoming the
high computational resource bottleneck of conventional
approaches.

3. A strong correlation (r = 0.74) between perimeter complex-

ity and human visual perception is validated through ex-
periments, providing a quantifiable indicator of perceptual
consistency for symbol design optimization.

Related Work
Visual Complexity Measurement Methods

Research on visual complexity measurement methods mainly
focuses on the following aspects:
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Geometry-based Complexity Measurement Quantitative
analysis of geometric shapes provides a foundational frame-
work for visual complexity research. Attneave and Arnoult
(1956) were the first to link topological features with cog-
nitive load. Majaj, Pelli, Kurshan, and Palomares (2002)
proposed the spatial frequency channel theory, which pre-
dicts letter recognition efficiency based on stroke frequency.
Pelli, Burns, Farell, and Moore-Page (2006) further intro-
duced Perimetric Complexity and demonstrated its significant
correlation with letter recognition response time. However,
traditional methods rely on global contour tracing, which
results in high computational complexity, limiting the effi-
ciency of processing large-sized images.

Perception-based Complexity Measurement To capture
human subjective perception, researchers have developed
various psychophysical measurement paradigms. Purchase,
Freeman, and Hamer (2012) conducted subjective rating ex-
periments with nine categories of images, confirming that fea-
tures such as symmetry and color diversity influence com-
plexity perception. Guo, Qian, Li, and Asano (2018) con-
structed a regression model with 29 global/local features,
achieving an 86.78% classification accuracy on a painting
dataset. However, existing methods generally suffer from
high experimental costs, poor cross-domain generalization,
and a lack of explicit connections between perceptual features
and geometric metrics.

Deep Learning-based Complexity Measurement In re-
cent years, deep neural networks have provided a new
paradigm for complexity modeling. Nagle and Lavie (2020)
used a pre-trained VGG16 network to predict scene com-
plexity, achieving a correlation coefficient of 0.83, outper-
forming traditional metrics such as JPEG compression ratios.
Saraee, Jalal, and Betke (2020) proposed a complexity mea-
surement method based on intermediate layer activation en-
ergy, explaining 51% of aesthetic differences in an advertise-
ment image dataset. Although deep learning methods demon-
strate powerful feature learning capabilities, their black-box
nature leads to insufficient interpretability, and their reliance
on large-scale annotated data limits their applicability in low-
resource scenarios.

Perimetric Complexity

Perimetric complexity serves as a bridge between geomet-
ric features and perceptual evaluation, aiming to measure the
complexity of a symbol’s boundary. The index is calculated
based on the foreground perimeter P and the area A of the
symbol image, defined as follows:

P2
T 4mA

Where C represents the perimetric complexity, P denotes the
symbol’s perimeter, and A is the symbol’s area. Experimental
studies have shown that the correlation coefficient between
perimetric complexity and human subjective ratings can reach

up to 0.74 , making it the strongest single-factor indicator for
predicting perceived visual complexity.

Traditional perimeter calculations rely on contour tracing
algorithms. For example, the Pelli algorithm employs thin-
ning processes to obtain a single-pixel-wide contour, with a
time complexity of O(W?) (where W is the image width). Al-
though Watson (2011)’s improved boundary scanning method
enhances accuracy, its computational complexity still in-
creases quadratically with image resolution.

The proposed RLSWSA algorithm overcomes this bottle-
neck by adopting a Monte Carlo sampling strategy, reducing
the complexity to O(S- W) (where S is the number of sam-
ples). This approach balances efficiency, accuracy, and sub-
jective consistency, thereby significantly addressing the limi-
tations of existing methods.

Approach
RLSWSA Algorithm

In this study, we propose a Monte Carlo-based random line
segment width sampling algorithm (RLSWSA) for estimat-
ing the distribution of stroke widths in symbol images to ap-
proximate the perimetric complexity of the image.

Single Random Sampling The process for approximating
stroke width is as follows:

(a) (b) (©)

Figure 1: RLSWSA steps: (a) Line generation, (b) Pixel
traversal, (c) Segment identification.

1. Random Line Generation: As shown in Figure 1(a), on the

symbol image plane Q, a parameterized line L(t) = Py+1-v
is randomly generated, where the initial point Py € Q and
the direction vector v € (0,21). This ensures uniformity
and diversity in sampling, thereby covering different re-
gions of the image.

2. Pixel Traversal Analysis: As shown in Figure 1(b), the

Bresenham algorithm is used along the line L(¢) to extract
pixel data, resulting in the pixel sequence (pi,p2,...,Pn)
covered by L(z). This algorithm efficiently determines all
the pixels on the line using integer steps, avoiding the per-
formance overhead associated with floating-point opera-
tions while ensuring precise sampling.

3. Effective Line Segment Identification: Define a pixel crite-

rion f(p;) = 1 (foreground) or 0 (background). A sliding
window is used to detect consecutive foreground pixel seg-
ments, which are regarded as the symbol’s stroke segments,
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denoted as s = [pi,...,pj]. As shown in Figure 1(c), as-
sume that m effective segments {sy,...,s,} are obtained in
a single experiment. Then, the local width of each segment
can be expressed as:

Wi = |sg| X As

where |s¢| is the number of consecutive foreground pixels,

and As = /1 + % is the geometric correction factor for
the unit step.

Monte Carlo Algorithm for Calculating the Average
Stroke Width By conducting S independent experiments,
we obtain the sampling distribution {W;}, which reflects the
overall characteristics of stroke widths in the symbol image.
The average stroke width of the symbol is obtained by calcu-
lating the mean of {W;}, effectively overcoming the issue of
non-uniformity in edge complexity. The average stroke width
can converge to:

Visual Complexity Metrics To comprehensively assess the
visual complexity of symbol images, this study employs two
complexity metrics: line length and perimetric complexity,
defined as follows:

1. Line Length: The overall line length of the symbol is mea-
sured by calculating the total number of foreground pixels
in the image and dividing it by the average stroke width:

L=—
Hw

where A = |{p | f(p) = 1}| represents the total number of
foreground pixels.

2. Perimetric Complexity: In this algorithm, the equivalent
foreground perimeter model is defined as

PZZ(L+A'yw).

Substituting this into the classical perimetric complexity
formula,

P2

4nA’

we obtain the optimized expression:

C =

2(L+A-pw)]

_ (LAA-py)
4TA A '

This definition significantly reduces the computational
overhead of boundary tracing while retaining the tradi-
tional geometric meaning of the metric.

Comparison of Time Complexity with the Pelli
Algorithm

The Pelli algorithm, originally proposed by Pelli et al., is a
widely used method for estimating perimetric complexity in
binary images. This algorithm operates by first converting the
original image into a one-pixel-wide contour line. It then pro-
cesses this contour to approximate the perimeter of the sym-
bol. The Pelli algorithm is known for its ability to quickly
estimate the symbol’s boundary length without the need for
complex curve tracing, thus providing a foundation for cal-
culating perimetric complexity. Its implementation is rela-
tively straightforward, offers good accuracy, and is suitable
for processing medium to small-scale binary symbol images.
However, its core operation involves a global traversal of the
image pixels, leading to a time complexity of O(W?) for an
image with width W.

In contrast, the proposed Monte Carlo sampling-based RL-
SWSA algorithm estimates stroke widths through a random
line sampling approach. The fundamental difference in pro-
cessing methodology results in a significant difference in time
complexity, as shown in Table 1:

Table 1: Comparison of Time Complexity Between Algo-
rithms.

Algorithm Time Complexity Description

Pelli o(W?)
RLSWSA o(S-W)

Global pixel traversal
Random line sampling

« Efficiency Advantage: When the number of samples S
is considerably smaller than the image width W, the time
complexity of RLSWSA, O(S- W), is substantially lower
than that of the Pelli algorithm, O(WZ). For example, with
an image width of W = 1000 pixels and § = 100 sam-
ples, the time complexity of Pelli would be 10°, while RL-
SWSA’s would be 103, roughly one-tenth of Pelli’s com-
plexity.

e Accuracy and Efficiency Trade-off: RLSWSA offers a
balance between computational efficiency and estimation
accuracy by controlling the number of samples S. Appro-
priately selecting S allows for achieving sufficient com-
plexity estimation accuracy while maintaining high effi-
ciency.

Datasets and Experimental Design
Symbol Dataset Composition

To comprehensively validate the effectiveness of the RL-
SWSA algorithm in measuring symbol visual complexity, we
constructed a multilingual symbol dataset. This dataset com-
prises 940 characters covering 12 languages and writing sys-
tems, aiming to reflect the visual diversity of global symbols.
All symbols were uniformly rendered as 1024 x 1024 pixel bi-
nary images for algorithm input. The specific composition is
presented in the Table 2 below:
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Table 2: Composition of the 940C Multilingual Symbol
Dataset.

Character Type Quantity Symbol Examples

Latin Alphabet 51 A,B,C,D,..ab,c,d,..

Greek Alphabet 48 A,B, LA, ..,0,B,7,9, ..

Cyrillic Alphabet 66 E,AB,B,..a,6,B,T,..

Armenian Alphabet 72 U, B, Y . uLp, g1,

Hebrew Alphabet 23 N,2,1, T, ..

Arabic Alphabet 117 [T

Indic Writing Systems 280 S, 3T, e, O, A, e M,
S, S, L, 8, B, B,

Thai Script 44 n,U,0,A,A,..

Georgian Alphabet 33 9,0,3, 0,

Japanese Characters 45 »H, W, 5, %, 8, ..

Korean Hangul 31 a,m, L, eI,

Chinese Characters 130 T,k L RE, ..

Subjective Complexity Evaluation Experiment

To obtain human subjective complexity ratings for compar-
ison with algorithmically computed results, we conducted a
subjective evaluation experiment using the aforementioned
dataset. The experiment was conducted in a controlled lab-
oratory environment.
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Figure 2: Experimental interface for subjective complexity
rating.

Experimental Design and Procedure

1. Participants: A total of 202 participants (aged 18-26) with
normal or corrected-to-normal vision were recruited. All
participants passed a visual acuity test. The experiment
adhered to ethical guidelines and obtained informed con-
sent.

2. Stimulus Presentation: As illustrated in Figure 2, sym-
bols were presented uniformly at the center of a pure white
background.

3. Rating Task: Participants used a continuous 0-100 slider,
labeled “simple” and “complex” at the ends, to directly

evaluate the visual complexity of each character. Each par-
ticipant completed 5 trials, with each trial containing 21
randomly presented characters. To monitor attention, the
first character in each trial had significantly lower complex-
ity than the last character.

Data Quality Control and Processing A total of 1010 trial
data points were initially collected. To ensure data quality, the
following control measures were applied:

1. Attention Check: Trials with abnormal ratings for the at-

tention check characters (first and last) were excluded.

2. Response Time Filtering: Trials completed in less than 30

seconds were excluded to filter out inattentive responses.
This threshold was empirically determined to ensure suffi-
cient time was spent on each character rating.

After quality control, 1005 trials were deemed valid. The
raw ratings within valid trials were normalized using min-
max scaling to the range [0, 1]. The final subjective rating
for each character was computed as the weighted average of
its normalized ratings across all valid trials. We performed
Spearman correlation analysis between the RLSWSA com-
puted results and the final subjective ratings, and reported the
significance test results.

Experiments and Results

This chapter presents experimental results evaluating the
proposed RLSWSA method for symbolic visual complexity
measurement, focusing on rapid convergence and subjective
consistency

Rapid Convergence and Accuracy Validation

This study evaluated RLSWSA for rapid convergence and
computational accuracy, with a focus on analyzing the im-
pact of different numbers of random samples on the error,
runtime, and the accuracy difference compared to traditional
complexity calculation methods.

Error Analysis and Convergence Analysis The conver-
gence of RLSWSA at different number of samples S was
quantified using Percentage Error, defined against the tradi-
tional Pelli algorithm’s results (Cpeyj;). For each symbol, RL-
SWSA'’s calculated perimetric complexity at S is CRLSWSA,s-
The Percentage Error is calculated as:

|CrLswsA.s X 0 — Cpeyii
Errorg =
Cpelii

where oo = 1.618 is an empirically determined adjustment
coefficient used to calibrate the original calculation results of
RLSWSA, bringing its numerical range closer to that of the
Pelli algorithm for a fairer assessment of relative error.

Figure 3 illustrates the Percentage Error distribution across
940 symbols for RLSWSA compared to the Pelli algorithm
at varying S (1-256). Thin lines show individual symbol er-
ror trajectories, while the thick red line represents the aver-
age error. The figure clearly shows that as S increases, errors

x 100%
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Figure 3: Percentage error distribution of RLSWSA com-
pared to the Pelli algorithm for perimetric complexity calcu-
lation at different sampling counts. Individual symbol error
trajectories are shown by thin lines, and the average error by
the thick red line. The convergence point is indicated at S=24.

generally decrease, error dispersion narrows, and the results
stabilize, approaching the Pelli algorithm’s benchmark. The
average error also declines rapidly and stabilizes.

To more precisely determine the convergence point of the
algorithm, we analyzed the rate of change of the average Per-
centage Error. The algorithm is considered to have reached
robust convergence when the absolute change in the average
error within 5 consecutive sampling increment windows (e.g.,
fromS=1t0S=5,5=2toS=6, ... is less than a preset
threshold of 0.005. The analysis results show that when the
number of samples S = 24, the change in the average error
of the RLSWSA algorithm is already very small, reaching a
state of robust convergence. This indicates that the algorithm
can obtain stable calculation results with a relatively small
number of samples.

Computational Efficiency RLSWSA algorithm not only
demonstrates good convergence but also has significant ad-
vantages in computational efficiency. We conducted run-
time tests under the following Experimental Hardware En-
vironment: processor 13th Gen Intel(R) Core(TM) i5-13400,
memory 32GB DDR4 2666MHz.

Table 3 shows the total runtime required by the RLSWSA
algorithm and the Pelli algorithm to process all 940 symbols
at different number of samples S.

Table 3: Runtime Comparison Between Algorithms.

Algorithm Number of Samples Time (s)
16 6.269
24 6.289
32 6.322
64 6.556

RLSWSA 128 7.078
256 7.764

Pelli - 93.006

From the data in the table, it can be seen that the runtime
of the RLSWSA algorithm shows an approximately linear re-
lationship with the number of samples S. For example, when
S = 24 reaches robust convergence, the total time to process
all 940 symbols is approximately 6.289 seconds. This means
that the average computation time per symbol is less than 0.01
seconds (6.289 / 940 =~ 0.0066 seconds). Considering that the
symbol image size is 1024x1024 pixels, the Time Complexity
of the traditional Pelli algorithm is O(W?), where W is the im-
age width (1024). Its computation volume is far greater than
RLSWSA’s O(SW) (for S = 24). Therefore, the RLSWSA al-
gorithm has an overwhelming efficiency advantage compared
to the quadratic complexity of traditional methods, especially
when processing large-scale datasets.

Accuracy Performance To comprehensively evaluate the
Accuracy of RLSWSA, we analyzed its consistency with tra-
ditional methods and human subjective perception. First, we
compared the calculation results of RLSWSA with traditional
methods. As shown in Figure 4, at S = 24, the two already
show a high degree of correlation. As the number of sam-
ples increases, the Spearman correlation coefficient between
RLSWSA and traditional methods can reach above 0.9, indi-
cating a significant linear relationship between the two.

-+~ RLSWSA & Subject
-~ Pelli & Subjective Correlation
—— Pelli & RLSWSA Co

Spearman Correlation Coefficient

60 80 100 120 140 160 180 200 220 240
Number of Samples (S)

Figure 4: Correlation between RLSWSA and Traditional
Algorithm Complexity Measurements at Different Sampling
Counts.

Through Accuracy validation, RLSWSA demonstrates its
ability to yield precise outcomes close to traditional methods
under high sampling conditions, while maintaining high effi-
ciency computation under low sampling conditions. Its rapid
convergence characteristics and high degree of consistency
with traditional methods make RLSWSA a practical and ef-
fective Tool for symbolic complexity measurement in real-
world scenarios.

Subjective Consistency

In addition to evaluating the objective performance of the al-
gorithm, this study further validated the subjective consis-
tency between the visual complexity calculated by RLSWSA
and human subjective Perception. We analyzed the correla-
tion coefficient between the perimetric complexity calculated
by RLSWSA and the traditional Pelli algorithm with the sub-
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jective complexity ratings dataset of 940 symbols.

RLSWSA Score
30 Pelli Score

Calculated Complexity

0 c Q = 3 =] & -
Subjective Complexity

Figure 5: Scatter plots of algorithm complexity measure-
ments (RLSWSA: red, Traditional: blue) versus human sub-
jective ratings. Red point transparency indicates the number
of RLSWSA samples.

Figure 5 presents scatter plots comparing RLSWSA and
traditional Pelli algorithm complexity measurements with hu-
man subjective ratings. The vertical axis represents the sub-
jective complexity ratings. As depicted, the distribution of
RLSWSA results (red points) shows a clear dependency on
the number of samples, indicated by transparency. With in-
creasing sample counts (red points become less transparent),
the RLSWSA scatter distribution progressively stabilizes and
aligns more closely with the distribution of traditional method
results (blue points). Both algorithms exhibit a discernible
linear relationship with the human subjective ratings. This
visual analysis suggests that as the number of samples for
RLSWSA increases, its complexity estimations not only con-
verge towards traditional methods but also demonstrate a
more stable and consistent relationship with perceived human
complexity.

Through Spearman correlation coefficient analysis, we
found a highly significant correlation between the perimet-
ric complexity calculated by RLSWSA and human subjec-
tive ratings (Spearman r = 0.74, p < 0.001). The traditional
Pelli algorithm yielded a comparable correlation (Spearman
r = 0.73, p < 0.001). While these strong correlations vali-
date that perimetric complexity is a key factor, the imperfect
correlation suggests that human perception is also influenced
by other factors like symmetry, regularity, and feature den-
sity, not fully captured by this single metric. Future work
will explore integrating these dimensions. The consistency
between RLSWSA'’s results and subjective ratings, compara-
ble to traditional methods, validates RLSWSA as an efficient
and accurate objective measurement tool that reflects human
perception.

Conclusion

This study proposes the random line segment width sampling
algorithm(RLSWSA), an efficient and interpretable Monte

Carlo-based method for symbolic visual complexity measure-
ment. By employing local stochastic sampling, RLSWSA
overcomes the computational limitations of traditional geo-
metric methods while maintaining high accuracy and strong
consistency with human subjective perception. This approach
offers a valuable and rapidly computable metric, perimetric
complexity, which can serve as an effective solution for rapid
symbol complexity analysis and potentially as a useful fea-
ture for data-driven tasks like machine learning, particularly
in data-constrained or real-time scenarios.

Specifically, the main contributions and findings include:

* Innovative Algorithm Design: Introduced a Monte Carlo
sampling-based RLSWSA, which estimates stroke width
and perimetric complexity by randomly generating line
segments. This method replaces the high computational
cost of global scanning in traditional approaches with
Efficient Approximation through local sampling, signifi-
cantly enhancing computational efficiency while maintain-
ing high accuracy and Robustness for complex symbol
structures.

« Efficient and Accurate Complexity Measurement: Ex-
periments confirm the algorithm’s rapid convergence: the
Error stabilizes by 24 samples, and the correlation coef-
ficient with traditional methods exceeds 0.9. Under Low
Sampling Conditions, single-symbol computation time is
less than 0.01 seconds, making it suitable for real-time pro-
cessing of Large-scale Symbol Datasets.

* Consistency with Human Subjective Perception: On a
dataset of 940 symbols with subjective complexity ratings,
RLSWSA'’s perimetric complexity has a Spearman corre-
lation coefficient of 0.74 with human subjective ratings.
This shows the algorithm effectively simulates human vi-
sual complexity perception, providing a reliable tool for
applications like symbol recognition and design optimiza-
tion.

However, there is still room for improvement. Future
work will focus on improving RLSWSA by exploring adap-
tive sampling strategies to optimize S, researching theoretical
bases for the adjustment coefficient o, and evaluating robust-
ness under varying image qualities. To better capture subjec-
tive complexity, integrating other perceptual dimensions will
also be considered. These advancements aim to enhance RL-
SWSA’s applicability and provide a more flexible and precise
tool for font design, visual recognition, UI optimization, and
other symbol processing fields.
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