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Abstract: When reconstructing jigsaw puzzles, the state-of-the-art algorithms struggle to
distinguish between identically colored pieces that belong to different objects. This limitation
significantly impacts the accuracy of puzzle solvers, especially in complex images with repetitive
colors or textures. To address this issue, we propose a new GA-based square jigsaw puzzle solver.
A combined color and texture discriminator is incorporated into the proposed solver to prevent
pieces that have the same color but come from distinct objects from being joined together
incorrectly. Color and texture features are extracted separately using the sum of square distances
and Gabor filter. To evaluate the performance of the proposed solver, we used a dataset consisting
66 images: 20 puzzles with 432 pieces from the MIT collection, 20 puzzles with 540 pieces, and
20 puzzles with 805 pieces from the McGill collection, and 3 puzzles with 2360 pieces, and 3
puzzles with 3300 pieces from the Pomeranz collection. For the direct, neighbor, and largest
component comparisons, the proposed method’s accuracy is 92.91%, 96.66%, and 90.83%,
respectively. The proposed method demonstrates an improvement of 11.9%, and 3.65% in
accuracy based on direct and neighbor comparison criteria, on the database images when
compared to current state-of-the-art GA-based square jigsaw puzzle solver.
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Gabor filter
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1 Introduction

A square jigsaw puzzle consists of an image divided into N non-overlapping square
pieces. By disrupting the order of these pieces, a player attempts to reconstruct the
image using the shape and color information of each piece. Solving a square jigsaw
puzzle is essential for restoration of ancient pieces, recovery of shredded photos, and
repairing of fractured bones [Sholomon, 13]. Various methods have been used to solve
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a square jigsaw puzzle by computer. Among them, approaches utilizing Genetic
Algorithm (GA) are more feasible to apply in the real world scenarios [Sholomon, 13,
Sholomon, 14]. GA-based techniques outperform deep neural network-based
techniques [Chen, 23a, Chen, 23b, Chen, 24a, Chen, 24b, Chen, 24c] in terms of
accuracy for puzzles with more pieces [Sholomon, 14], and do not require a vast
number of database images. Two essential components for reconstructing a jigsaw
puzzle based on the GA are a compatibility criterion, which measures how well a pair
of pieces fit together, and the reconstruction strategy [Sholomon, 14]. Jigsaw puzzles
are generally classified into four types based on specific characteristics. In type 1
puzzles, the direction of each piece is known, but their locations are not. Therefore, a
pair of pieces can be joined in only four different ways. In type 2 puzzles, neither the
location nor the direction of any piece is known, resulting in 16 possible ways to fit a
pair of pieces together. In type 3 puzzles, each piece location is known, but its direction
is not. Finally, in type 4 puzzles, neither the location nor the direction of any piece is
known, and a piece may need to be flipped, meaning the face of the puzzle is also
unknown [Sholomon, 14]. According to the previous work, the average accuracy of
methods for solving the type 1 jigsaw puzzles, with 432 pieces to 22834 pieces, has
been reported 97.12%, and 98.36% based on direct, and neighbor comparison criteria,
respectively. Also, the average accuracy of methods solving the type 2 jigsaw puzzles,
with 432 pieces to 22755 pieces, has been reported 96.16% based on the neighbor
comparison criterion. The direct comparison criterion measures the number of pieces
in the correct position in a solved puzzle [Sholomon, 14]. The neighbor comparison
criterion counts the number of correctly positioned adjacent pairs of pieces in a solved
puzzle [Sholomon, 14]. The largest component comparison identifies the largest
contiguous area of correctly assembled pieces, regardless of their overall position in the
puzzle [Sholomon, 14]. Additionally, the complete reconstruction criterion assesses
whether every piece in a solved puzzle is in the correct position and orientation
[Sholomon, 14]. In addition, the compatibility criterion of Sum of Squared Distances
(SSD) [Sholomon, 13] [Sholomon, 14] [Sholomon, 16], Mahalanobis Gradient
Compatibility (MGC) [Sholomon, 16], SSD+MGC [Guo, 20], and LZ compatibility
(LPQ) [Bezulj, 18] have been used as the compatibility measures for adjoining a pair
of pieces in solving a square jigsaw puzzle. A three-phase procedure has also been
employed as the crossover operator in the most of the GA-based puzzles solvers
[Sholomon, 13] [Sholomon, 14].

A review of previous GA-based square jigsaw puzzle solvers reveals that these
solvers primarily used color criteria to measure the compatibility of puzzle pieces.
However, relying solely on color criteria can lead to inaccuracies, particularly when
two pieces from different objects have similar colors. This limitation reduces the
accuracy of these solvers.

In this paper, we propose a new compatibility criterion that combines color and
texture features. By using the joint color and texture compatibility criterion, the
proposed GA-based square jigsaw puzzle solver (from now on, we call it the proposed
GA-based solver) has achieved a higher accuracy on the database including 66 selected
square jigsaw puzzles. The selected square jigsaw puzzles consist of, 20 puzzles with
432 pieces of the MIT dataset [Cho, 10], 20 puzzles with 540 pieces, and 20 puzzles
with 805 pieces from the McGill dataset [Olmos, 15], three puzzles with 2360 pieces,
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and three puzzles with 3300 pieces from the Pomeranz dataset [Pomeranz, 11]. For this
paper, the main contributions are as follows:

1. The proposed GA-based solver achieves higher accuracy compared to the
other similar GA-based solvers.

2. It can easily be implemented in the real world.

3. The proposed solver introduces the first hybrid color+texture discriminator for
GA-based puzzle solving.

4. Unlike deep neural network-based solvers, the proposed solver does not
require a large number of puzzles. It offers a data-efficient, training-free
alternative to neural networks.

5. The proposed method is capable of solving any type 1, 2, and 3 square jigsaw
puzzles. It also is size-independent.

However, the proposed solver has some drawbacks:

1- It is a moderate time consuming for puzzles in the RGB color space.

2- It cannot reconstruct the type 4 square jigsaw puzzles.

3- It cannot reconstruct the non-square jigsaw puzzles.

In continue, the related work is presented in section 2. The proposed GA-based solver
is introduced in section 3. The results, comparisons, and evaluation are reported in
section 4. The paper concluded in section 5.

2 Related Work

The GA-based type 1 square jigsaw puzzles solver was introduced in [Sholomon, 13]
based on the compatibility criterion of Sum of Squared Distances (SSD) in the L*a*b
color space, and employs a three-phase procedure as the crossover operator. In the
three-phase procedure for piece selection, and assignment, first, the agreed pieces,
second, the best-buddy pieces, and finally the most compatible pieces available were
placed. The average accuracy of this solver with 10 runs on the database was reported
87.89%, and 93.46% according to the direct, and neighbor comparisons criteria,
respectively.

The GA-based type 2 square jigsaw puzzles solver introduced in [Sholomon, 14]
uses the SSD compatibility criterion in the L*a*b color space, and employs the Prim
algorithm as the crossover operator. The average accuracy of this solver with 30 runs
on the database was reported 84.23%, and 93.00% according to the direct, and neighbor
comparison criteria, respectively.

The GA-based type 2 square jigsaw puzzles solver was presented in [Sholomon,
16] to solve the square jigsaw puzzles type 2 up to 30745 pieces. This solver employs
both the SSD, and Mahalanobis Gradient Compatibility (MGC) fitness functions, and
uses the three-phase procedure as the crossover operator. The average accuracy of this
solver on 20 puzzles with 432 pieces was reported 96.16%, and 96.03 according to the
neighbor comparison using the SSD, and MGC compatibility criteria, respectively,
demonstrating the superiority of SSD over MGC.

The GA-based jigsaw puzzles solver was presented in [Guo, 20] to solve the small-
scale puzzles. The fitness function was based on the SSD+MGC compatibility criterion,
and the crossover operator was the three-phase procedure. Additionally, two new
mutation operators were introduced. The database included 25 square jigsaw puzzles
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with 256, 646, and 1196 pieces. The average accuracy of this solver was reported
94.31% based on the direct comparison.

The GA-based type 2 jigsaw puzzles solver was presented in [Bezulj, 18] giving a
weight to each GA solution to use in the roulette wheel. The fitness function was the
LPQ compatibility and the crossover operator was the three-phase procedure without
its first phase. The accuracy of this solver on 20 MIT puzzles with 432 pieces was
92.6% according to the direct comparison.

An image super-resolution reconstruction method was introduced in [Chen, 24a]
leveraging the multi-level information compensation and U-Net network. First, the U-
Net network performed multi-level feature extraction and channel compression on input
features. Next, correlation features from different channels were extracted and
integrated. A multi-level information compensation model was then devised to address
information loss during the compression process.

The image inpainting network using multi-scale feature module was introduced in
[Chen, 24b] and enhanced attention module. First, a multi-scale fusion module was
presented based on dilated convolution to reduce information loss. To ensure
consistency in image inpainting details and style, style loss and perceptual loss
functions were incorporated.

A lightweight method presented in [Chen, 23a] integrates group convolution and
attention mechanism to enhance and replace the traditional convolution module.

The image inpainting method was introduced in [Chen, 24c] according to partial
multi-scale channel attention mechanism and deep neural networks to process on
images with large missing sections. The method employed a Res-U-Net module as its
generator, where the U-Net backbone handled the encoding and decoding steps for
damaged images. The residual network enhanced the network’s capability to extract the
features from the damaged images.

The image restoration method was introduced in [Chen, 23b] consisting of the
semantic priors, deep attention residual group, and full-scale skip connection. The
semantic priors network learned comprehensive semantic information about visual
elements in missing regions to facilitate completion. The deep attention residual group
enabled the generator to focus on both missing regions and adaptively learn channel
features. The full-scale skip connection combined the low-level feature maps
containing image boundaries with the high-level feature maps containing image
textures and details to repair the missing regions.

In [Markaki, 23], the problem of jigsaw puzzle solvers has been thoroughly
discussed, including their evaluation and applications.

The jigsaw puzzles solver introduced in [Li, 22] based on the Generative
Adversarial Network (GAN). The multi-task pipeline was designed including a
classification, and the GAN branches that were connected by the flow-based warp
module. The average accuracy of this solver was reported 79.0% on the database
including 7639 puzzles.

The type 2 large square jigsaw puzzles solver introduced in [Huroyan, 20] utilizes
the MGC to match puzzle pieces. Additionally, a graph connection Laplacian is
employed to recover the puzzle pieces rotation. The average accuracy of this solver was
reported 89.1%, 91.4%, and 90.62% respectively based on the direct, neighbor, and
largest component comparisons on the database.

The pairwise compatibility measure was presented in [Guerroui, 18] using the Gist
and color distance to solve the jigsaw puzzles. The rotation-based strategy was
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presented to work on the multiple parts, and solve puzzles from the local matching
candidates. The average accuracy of this solver on 20 MIT type 2 square jigsaw puzzles
with 432 pieces was reported 93%, and 96% respectively based on the direct, and
neighbor comparisons. For 20 MIT type 1 square jigsaw puzzles, the reported average
accuracy was 94.16%, and 96.44% based on direct and neighbor comparisons
respectively.

The deep learning model was introduced in [Ahmad, 22] to determine the different
states of jigsaw puzzle. The task was represented as a classification problem, where
each state of puzzle was considered as a class. The model can also serve as a fitness
function for other GA-based jigsaw puzzles solvers.

The design was introduced in [Chen, 22] to enhance the search throughput by
evaluating newly generated inputs with the JIT-compiled path constraints. The model
achieved three orders of magnitude higher search throughput than the existing fuzzers
and could scale to the multiple cores.

The computational puzzles solver presented in [Son, 18] aims to maximize
geometric consensus among hierarchical piece loops for square jigsaw puzzles without
prior information. Initially, loops of four pieces are searched, and then aggregated into
higher-level piece loops. The average accuracy of this solver was reported as follows:
for type 1 square jigsaw puzzles, 94.9%, 95.7%, and 93.42% based on direct, neighbor,
and largest component comparisons respectively, and for four type 2 square jigsaw
puzzles, 93.46%, and 95.3% based on direct, neighbor comparisons respectively.

The square jigsaw puzzles solver presented in [McGill-Smith, 19] utilizes the ORB
feature detector in conjunction the FLANN-based matcher. Initially, an image of the
square jigsaw puzzle is segmented into regions of interest using contour detection.
These regions undergo a feature matching process, followed by filtering using Lowe's
ratio test to refine matches. Outliers are subsequently identified and removed using the
homography transformation matrix. The accuracy of the solver was reported 81.2% on
a jigsaw puzzle with 24 pieces.

The square jigsaw puzzles solver introduced in [Paikin, 15] employs a greedy
approach for comparing the compatibility of puzzle pieces. However, the greedy
solvers depended on the initial placement of puzzle pieces. This solver is capable of
reconstructing puzzles with missing pieces and handling puzzles contained multiple
puzzles pieces.

A jigsaw puzzle-solving task as a self-supervised pre-training mechanism was
presented in [Peng, 20] for fine-grained sketch-based image retrieval (FG-SBIR).
However, it primarily focused on small-grid puzzles (e.g., 2x2 or 3x3 pieces) rather
than large-scale puzzles.

Table 1 showed the summary results of the state-of-the-art GA-based square jigsaw
solver so far.

Time | Crossove Standard Average piece Data Typ | Fitnes Ref.
r Deviation Accuracy s Sets e s
48.73 Three 0.3 2.62 95.7 82.9 432 MIT & 1 SSD [Sholomon
sec. phase 4 0 4 Pomeran , 13]
64.04 0.4 0.65 95.3 91.6 540 z&
sec. 0 8 5 McGill
116.1 0.3 0.62 95.8 93.6 805
8 sec. 1 5 3
17.60 0.3 0.86 88.0 84.6 2360
min. 8 0 2
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30.24 0.2 7.19 923 86.6 | 3300
min. 7 7 2
61.06 0.1 1.74 95.0 92.0 | 5015
min. 1 6 4
3.21 0.0 0.45 98.3 97.1 10375
hours 8 6 2
13.19 0.0 0.28 96.2 91.7 22834
hours 5 2 4
8 sec. Prim 0.3 10.4 94.4 81.5 432 MIT & SSD [Sholomon
9 7 4 1 Pomeran , 14]
11.90 0.4 12.4 91.3 74.5 540 z
sec. 9 9 3 5
22.10 0.4 10.5 91.4 79.2 805
sec. 8 6 5 0
3.67 0.1 0.90 97.3 92.7 2360
min. 8 3 5
4.82 0.7 1.14 94.9 93.1 3300
min 9 3 4
Three- 96.1 432 MIT SSD [Sholomon
phase 6 , 16]
96.0 MGC
3
Three 0.61 99.3 256 SSD+ [Guo, 20]
phase 7 MGC
0.68 98.4 646
2
2.72 84.9 1196
4
Three- 92.6 432 MIT LPQ [Bezulj,
phase 0 18]
without its
first phase

Table 1: The summary results of all the state-of-art GA-based square jigsaw solver

3  The Proposed GA-based Solver

The block diagram of the proposed method is shown in Fig. 1, and the pseudocode of

the proposed GA-based solver is shown in Table 2.
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Figure 1: The block diagram of the proposed GA-based square jigsaw puzzles solver

First, the puzzle pieces are randomly assembled to form an initial population of
chromosomes. Second, the fitness score for each chromosomes is calculated using a
combination of the SSD compatibility criterion and the Gabor texture, referred to as the
SSD+Gabor compatibility criterion. Third, some of the best chromosomes are selected
as parents to generate a new population. Fourth, the crossover operation is performed
on two selected parents to create a new child chromosome. Fifth, the children
chromosomes, along with the parent chromosomes, form a new generation, which
replaces the old generation. If the number of runs has not yet been completed, the
proposed GA-based solver returns to step 2 and continues the process. Otherwise, if the
number of runs is completed, the best chromosome at this stage represents the solved
puzzle. It is mentioned, the fitness function for the proposed method combines the SSD
compatibility criterion between each pair of puzzle pieces with the extracted Gabor
features from the same two pieces. The color dissimilarity between two puzzle pieces
of x;, and x; is computed by (1) [Sholomon, 14].

Algorithm

1: population < generate 1000 random chromosomes

2: for generation number =1 — 20 do
: evaluate all chromosomes using the SSD+Gabor fitness function
: new population «— NULL
: copy 4 best chromosomes to new population
: while size (new population) < 1000 do
7: parent] «—select chromosome
8: parent2 «select chromosome
9: child < Three phase procedure (parentl, parent2)
10: add child to new population
11: end while
12: population < new population

AN D AW
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13: end for
14: solution « best population

Table 2: The pseudocode of the proposed GA-based solver

DG 1) = [Ehey Boa itk K,B) = 0 1, ) 1)
where, K is a piece dimension, b is a piece component,  means right and (x;, x;,7)
indicates piece of x;is in the right side of piece of x; in the puzzle. D means the
dissimilarity and D (x;, x;, 1) indicates the dissimilarity between two pieces of x;, and
x;j, that x; is in the right side of piece of x;. In the proposed solver, the RGB color
space is used, so the number of color components (b) is 3, and each piece dimension is
considered 28x28, so K=28x28.

The sum of dissimilarity on all a puzzle pieces by considering all the neighbor
pieces in the right and down directions in the puzzle is computed by (2) [Sholomon,
14].

AT (D (o xi a1, 7)) + 20 2T (D (X jy X > ) (2)
where, rand d denote the right and down directions, respectively. M X Nis the
chromosome size. x; ;is a single puzzle piece at coordinates(x, y). Dis the dissimilarity
between two pieces.

To extract the Gabor texture from each puzzle piece, the Gabor filter is applied as
descriptor in equations (3) to (6) [Otomo, 21].

G(x,y) = exp (—%[i—g+i—§] cos (zn%+l,b)) 3)
Xg = x cos(0) + y sin(6) 4)
Yo = —xsin(0) + y cos(0) (%)
Oy = 0,0, = % (6)

where, the output of Gabor filter is G(x,y).(x,y) is the spatial coordinates.o is the
standard deviation of the Gaussian distribution. 8 is the rotation angle. 1 is the
sinusoidal operator wavelength.Y"is the spatial dimension ratio. y is the phase offset.
In the proposed solver, values y=0.2, ©6=0.67, 6=0.65, 2=0.57, and Y=0.35 were chosen
based on extensive experiments conducted on the puzzles database.

In the proposed solver, after computing the SSD and Gabor values for each puzzle
pieces individually, these two values are added and listed for each puzzle piece. Then,
for each chromosome, a fitness score is computed using equation (2) based on the
combined SSD and Gabor (SSD+Gabor) values. Following this, two chromosomes are
selected using the Roulette wheel selection method to participate in the crossover
operator, which generates a child chromosome. The new generation, comprising the
children and selected parent chrOmosomes, replaces the old generation. This procedure
iterates until the predetermined number of iterations is completed.

The three-phase crossover operator [Sholomon, 13] begins by selecting the first
puzzle randomly. It then checks if there is an edge where both parents agree, meaning
both contain the piece in the same orientation. If such a piece exists, it is placed in the
correct position. If the parents agree on two or more edges, one of these edges is
randomly selected, and the corresponding piece is assigned. If no common edge is
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found, the operator enters the second phase and searches for the best matching piece
according to equations (7) and (8).
Vxy € Pieces.C(x;,xj,Ry) = C(x;, x, Ry) @)
Vx, € Pieces.C(xj,x;, R;) = C(xj,x,, Ry) ®)
where Pieces. is a set of all the pieces of a puzzle and R, and R, are “complementary”
spatial relationships (for example, if R;=right, R,=left and vice versa) and C(x;, x;, R)
is the adjacency probability of two pieces in the R direction.

In the second phase, the operator checks whether one of the parents has a piece in
the spatial relation RR to PP, which is also the best match for PP in that relation. If
such a piece is found, it is selected and assigned. If there are several best matches, one
is randomly selected. If a best match is found but has already been assigned to PP, it is
ignored, and the search for other best matches continues. If no best match is found, the
operator proceeds to the third phase.

In the third phase, the operator follows Prim’s algorithm to find a Minimum
Spanning Tree (MST). The algorithm starts with an empty MST and maintains two sets
of vertices (puzzle pieces). The first set contains the vertices already included in the
MST, while the other set contains the vertices not yet included. At each step, the
algorithm considers all edges connecting the two sets and picks the minimum weight
edge. After selecting the edges, it moves the other endpoint of the edge to the set
containing the MST. Thus, at every step of Prim’s algorithm, a cut is selected, and the
corresponding vertex is included in the MST.

To select the Gabor compatibility, we investigated alternative methods such as the
ORB descriptor [Chen, 22], SIFT descriptor [Rublee, 11], Co-occurrence matrix
[Humeau-Heurtier, 19], Tamura texture [Humeau-Heurtier, 19], and Variogram texture
[Humeau-Heurtier, 19]. However, results indicated that descriptors invariant to the
rotation and scaling are unsuitable for the compatibility criterion. This is because areas
of the same color in two adjacent pieces should not be considered adjacent if they differ
in direction and size. The Co-occurrence matrix, Tamura, and Varigram texture
extraction algorithms, which are well-known texture extractors, have also failed to
improve the accuracy of the proposed solver either alone or when combined with the
SSD criterion.

4 Simulation Results, Comparisons, and Evaluation

The proposed GA-based solver simulation has been performed on a system with GPU
Quadro P400 with 8GB memory, and CPU Core 17-8700 3.2GHz 12 processors. The
initial generation comprised 1000 randomly selected chromosomes.

To obtain results, the proposed solver was executed 10 times on the database
puzzles, then the average, best, and worst accuracies, along with their standard
deviation, were reported based on criteria comparisons of the direct, neighbor, largest
component, and complete reconstruction. Furthermore, to ensure a fair comparison of
the proposed solver’s performance with similar solvers [Sholomon, 13], [Sholomon,
14], [Sholomon, 16], [Guo, 20], and [Bezulj, 18], we implemented all solvers with an
initial random selection of 1000 chromosomes, and each solver was executed 10 times
on the system. The accuracy comparisons of the proposed solver with the solver in
[Sholomon, 14] are shown in Table 3, and Table 4.
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Pieces number .
3300 | 2360 | 805 540 432 Neighbor Solver
9564 | 9788 | 9501 | 9396 | 97.06 | , o . Proposed
9493 | 9733 | 9145 | 9133 | 94.44 8¢ L) 17 i [Sholomon, 14]
96.11 | 98.05 | 95.76 | 94.83 | 98.8 Best (% Proposed
9543 | 9751 | 9207 | 9198 | 94.86 e in [Sholomon, 14]
9520 | 9747 | 94.40 | 9331 | 96.85 ) Proposed
9402 | 9714 | 9072 | 90/60 | 9379 | VOO T TSholomon, 14]
045 | 0.15 | 045 0.49 0.38 Standard Proposed
079 | 018 | 048 0.49 0.39 De("slla)t)“’n in [Sholomon, 14]
Pieces number .
3300 2360 205 540 13 Direct GA-based solver
9475 | 93.61 | 89.32 4 12 P
3 86.45 93 Average (%) . roposed
93.14 | 9275 | 7920 | 7455 | 8151 in [Sholomon, 14]
9327 [ 0415 | 9205 [ o277 | o745 [ 0 Proposed
9445 | 9343 | 87.76 | 89.57 | 94.58 5 in [Sholomon, 14]
9433 | 92.84 | 80.64 | 84.00 | 89.00 ] Proposed
9239 | 9174 | 7615 | 7426 | 7777 | VO T TSholomon, 14]
049 | 0.69 | 3.59 3.82 3.03 O Proposed
114 | 090 | 1056 | 1249 | 1047 in [Sholomon, 14]
Pieces number Largest Solver
3300 | 2360 | 805 540 432 | component
9475 | 9361 | 8627 | 8650 | 93.02 [ '~ - Proposed
93.14 | 92.63 | 7491 | 7128 | 8149 | V) T [Sholomon, 14]
9527 | o419 o192 [ 978 [ 0745 | 0 Proposed
94.45 | 9320 | 87.00 | 86.06 | 94.44 5 in [Sholomon, 14]
9430 | 92.84 | 80.50 | 8296 | 87.73 ] Proposed
9239 | o174 | 73.13 | 6782 | 7521 | "o Y T TSholomon,14]
049 | 0.69 | 3.60 | 3.63 3.36 O Proposed
0.60 | 085 | 1430 | 13.43 13.1 in [Sholomon, 14]

Table 3: The accuracy comparison of the proposed solver with solver in
[Sholomon, 14]

According to Table 3, the average accuracy of the proposed method with 10
independent runs, increased by 11.90%, 3.56%, and 15.22% compared to the solver in
[Sholomon, 14] based on direct, neighbor, and largest component comparison criteria.

Picces number Criterion Solver
805 540 432
7 8 11 Completed Proposed
6 8 10 reconstruction | in [Sholomon, 14]

Table 4: The average accuracy comparison of the proposed solver with solver in
[Sholomon, 14] on puzzles with 432, 540, and 805 pieces by using the completed
reconstruction criterion.
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According to Table 4, in the reconstruction of 20 puzzles with 432 pieces, 20 puzzles
with 540 pieces, and 20 puzzles with 805 pieces with 10 runs, respectively, the
proposed method completely solved 11, 8, and 7 puzzles. In all these cases, the
proposed solver outperformed the solver in [Sholomon, 14].

Average accuracy Type 2
by neighbor Fitness Crossover operator pieces Solver
comparison (%) number
Three-phase
92.60 LPQ procedure without in [Bezulj, 18]
phase 1 432
97.06 SSD+Gabor |  Lhree-phase Proposed
procedure

Table 5: The average accuracy comparison of the proposed solver with solver in
[Bezulj, 18].

The average accuracy comparison of the proposed method with the solver in
[Bezulj, 18] on 20 puzzles with 432 pieces, with 10 runs, is shown in Table 5. It can be
observed that the average accuracy of the proposed solver increased by 4.46% based
on the neighbor comparison compared to the solver in [Bezulj, 18].

Average accuracy by Fitness Crossover Type 2 Solver
neighbor comparison operator pieces
(%) number
96.03 MGC Three-phase in
96.60 SSD procedure 432 [Sholomon,
without first 16]
phase
97.06 SSD+Gabor Three-phase Proposed
procedure

Table 6: The average accuracy comparison of the proposed solver with solver in
[Sholomon, 16].

The average accuracy comparison of the proposed GA-based solver with the solver
in [Sholomon, 16] on 20 puzzles with 432 pieces, with 10 independent runs, is shown
in Table 6. According to Table 6, the average accuracy of the proposed method
compared to the solver in [Sholomon, 16] increased by 0.46%, and 1.03% based on the
neighbor comparison using the MGC, and SSD criteria, respectively.

Type 2 pieces number Direct
. Solver
1197 646 256 comparison
87.32 98.76 99.61 P d
Average (%) —opose
84.70 98.42 99.37 in [Guo, 20]
91.13 9969 100 P d
Best (%) . ropose
86.79 99.07 100 in [Guo, 20]
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85.12 98.14 99.21 P

Worst (%) : roposed
79.43 97.21 98.44 in [Guo, 20]
2.44 0.60 0.42 SD Proposed
2.72 0.68 0.61 in [Guo, 20]

Table 7: The accuracy comparison of the proposed solver with solver in [Guo,
20].

The comparison of the average, best, and worst accuracy of the proposed solver
with the solver in [Guo, 20] on 25 puzzles with 256, 646, and 1196 pieces based on the
direct comparison is shown in Table 7. It can be observed that the average accuracy of
the proposed method increased by 2.62% based on direct comparisons compared to the
solver in [Guo, 20].

Type 1 pieces number Neighbor Solver
3300 | 2360 | 805 | 540 | 432 comparison
9657 | 9791 | 97.73 | 96.66 | 9821 Proposed
, .
9237 | 88.00 | 95.85 | 9538 | 95.70 Average (%) in [Shlc’;j’mon’
97.14 | 98.77 | 98.19 | 97.48 | 99.06 Proposed
, :
92.76 | 88.86 | 96.26 | 95.96 | 96.16 Best (%) in [Shlc’;j’mon’
9638 | 9740 | 9697 | 9593 | 97.67 Proposed
. .
9191 | 87.52 | 9535 | 94.65 | 9521 Worst (%) in [Shlc’;j’mon’
041 | 0.74 | 035 | 044 | 041 Proposed
027 | 038 | 031 | 040 | 034 SD m [Shlc’;j’mon’
Type 1 pieces number Dlregt Solver
3300 | 2360 | 805 | 540 | 432 comparison
94.81 | 93.48 | 9535 | 93.10 | 95.18 Proposed
A % -
86.62 | 84.62 | 93.63 | 91.65 | 82.94 verage (%) mn [Shlc’;j’mon’
95.44 | 9429 | 96.15 | 9437 | 97.20 Best (%) Proposed
89.92 | 85.73 | 9467 | 92.75 | 86.19 ° in [Sholomon, 13]
93.65 | 93.06 | 94.04 | 91.85 | 91.92 Proposed
. :
6542 | 8273 | 9279 | 90.57 | 80.56 Worst (%) n [Shlc’;j’mon’
101 | 069 | 065 | 064 | 127 Proposed
719 | 086 | 062 | 065 | 2.62 SD m [Shlc’;j’mon’

Table 8: The accuracy comparison of the proposed solver with solver in
[Sholomon, 13].

The average accuracy comparison of the proposed solver with the solver in
[Sholomon, 13] on the database with 10 independent runs based on the neighbor, and
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direct comparisons is shown in Table 8. It can be observed that the average accuracy of
the proposed method increased by 9.91%, and 12.24%, respectively, based on neighbor,
and direct comparisons compared to the solver in [Sholomon, 13].

solver in proposed solver proposed solver based on | Number of
[Sholomon, 14] based on the SSD the SSD+Gabor Pieces
7.71 sec. 7.71 sec. 16.10 sec. 432
10.94 sec. 10.94 sec. 22.40 sec. 540
17.60 sec. 17.60 sec. 38.23 sec. 805
2.27 min. 2.27 min. 5.04 min. 2360
3.30 min. 3.30 min. 8.10 min. 3300

Table 9: The execution time comparison between the proposed solver and solver in
[Sholomon, 14]

Based on our investigation of state-of-the-art GA-based square jigsaw solvers
mentioned in section 2, it was found that the solver in [Sholomon,14] has a shorter
execution time compared to others. Therefore, for a fair comparison of execution times,
the proposed solver and the solver in [Sholomon,14] were implemented on the system
under identical conditions, and their execution times were recorded. The execution time
comparison between the proposed solver and solver in [Sholomon,14] is shown in
Table 9.

It is evident that the execution time of the proposed method based on SSD is less
than that based on SSD+Gabor. The SSD computation time includes calculating the
SSD values between all pairs of pieces of a puzzle and storing these values in a list. On
the other hand, the SSD+Gabor computation time includes calculating the SSD values
between all pairs of puzzle pieces, calculating the Gabor values for each pair, adding
these two values together, and then sorting these sums in a list. As expected and as seen
in Table 9, the execution time of the proposed method is comparable to that of the solver
in [Sholomon, 14]. Both solvers solve square jigsaw puzzles the same as the execution
time of solver in [Sholomon, 14], because both are solving the square jigsaw puzzles
using GA with SSD fitness and a three-phase crossover operator. However, when using
SSD+Gabor fitness in the proposed solver, the execution time increases, which reflects
the trade-off for improving puzzle-solving accuracy.

The average accuracy comparison of the proposed method with state-of-the-art
GA-based square jigsaw solvers mentioned in section 2, conducted on the same
database and under identical conditions, is shown in Fig, 2. The horizontal axis shows
the direct, neighbor, and largest component comparison criteria. As it is seen, the
proposed method has a higher average accuracy in comparison with all these solvers.
The minimum accuracy increase achieved by the proposed method is 3.56%. However,
the maximum increase in execution time is 4.8 minutes. The computational workload
and complexity of a puzzle solver are determined by the number of system clock cycles
used during the solving process. Therefore, higher execution times indicate greater
complexity and computational volume for a puzzle solver. Two examples of the solved
jigsaw puzzles by the proposed solver are shown in Fig. 3.
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Figure 2: The average accuracy comparison of the proposed solver with state-of-
the-art GA-based solvers




Figure 3: a) a puzzle with 432 pieces, solved in (b), c) a puzzle with 540 pieces,
solved in (d)

5 Conclusions

The GA-based square jigsaw puzzle solver was developed with a fitness function that
integrates the Gabor texture extraction and RGB color dissimilarity from puzzle pieces,
along with a three-phase crossover operator for puzzle piece selection and assignment.
The proposed solver was tested on the database with 66 images including puzzle images
from the MIT, Pomeranz, and McGill databases with different number of pieces. The
validation of simulation results included, the criteria of direct, neighbor, and largest
component comparisons, and the complete reconstruction.

The SSD+Gabor fitness was chosen for the proposed method over alternatives such
as ORB, SIFT, Co-occurrence, Tamura, and Variogram textures due to its significant
improvement in accuracy observed across a large number of experiments.

The simulation results showed the accuracy of proposed GA-based solver has
increased by 11.9%, 3.56%, and 15.22% according to the direct, neighbor, and largest
component comparison criteria, respectively, compared to the state-of-art GA-based
square jigsaw solvers. Additionally, the proposed solver successfully completed 11, 8,
and 7 puzzles out of 20 puzzles with 432 pieces, 20 puzzles with 540 pieces, and 20
puzzles with 805 pieces, respectively, in 10 runs. These results suggest that the
proposed solver can be easily implemented in real-world scenarios to solve square
jigsaw puzzles of types 1, 2, and 3 with varying numbers of pieces.

As future work, we recommend investigating the performance of the proposed
solver on the database puzzles using the HSV color space. If we restrict the color
dissimilarity calculation to only the H component of puzzle pieces for the SSD+Gabor
method, it could potentially lead to a significant decrease in execution time for the
proposed solver.
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