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Abstract—The intriguing nature of jigsaw puzzle has 

captured the attention of researchers for many years. In this 
paper, we propose a deep learning model to determine different 
states of jigsaw puzzle from an image. We represent the task as 
a classification problem where each state of the puzzle is 
considered as a class. For this purpose, we have proposed a 
method to generate a dataset that can efficiently represent the 
jigsaw puzzle states space. The proposed model has 93% 
accuracy on the test dataset. In addition, we have shown that 
when the tiles size changes the model is still able to recognize 
83% of the states. Though, genetic algorithms (GA) have been 
successful in solving larger puzzles, they require hand-crafted 
sophisticated compatibility scores. The computation and 
memory requirement to store the piecewise compatibility 
measure increases with the size of the puzzle. As an application, 
we have shown that the proposed method can be used as a fitness 
function of GA based jigsaw puzzle solver without using any 
compatibility measure. 
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I. INTRODUCTION 

A jigsaw puzzle consists of multiple non-overlapping 
blocks of an image and the goal is to reassemble all the blocks 
to reconstruct the original image. Computational jigsaw 
puzzle assembly has applications in the field of image editing, 
recovery of shredded documents or photographs, art-piece 
recovery from shards in archaeology etc. [1]. In the recent 
years, automatic jigsaw solvers have been vastly improved in 
terms of number of tiles the puzzle has, tiles size, solution 
accuracy and amount of manual labor. For the size of the 
puzzle: [2] proposed a probabilistic approach to solve a puzzle 
of 432 pieces, [3]’s solver could handle up to 3000 pieces, [4], 
[5] genetic algorithm based solver to solve larger puzzle of 
size 22,834 pieces. On the other hand, for the variant of the 
puzzle: [6] proposed a method to handle puzzle with unknown 
piece orientation and location, and [7] handled puzzles with 
missing pieces. [8] proposed a neural network to predict the 
adjacent pieces and applied shortest path optimization to 
assemble the puzzle. [9] proposed to use graph connection 
Laplacian to determine the edge relationships for solving 
jigsaw puzzles. [1] proposed a deep learning based 
compatibility measure between two pieces. The metric 
improves the existing jigsaw puzzle solver accuracy. A 
somewhat similar approach has been adopted in [10] for 
solving a real world problem i.e., Portuguese tile panels 
reconstruction. [11] proposed a GAN-based architecture to 
solve jigsaw puzzles with eroded boundaries. [12] proposed a 
GAN-based architecture that utilizes both edge and semantic 
information to solve jigsaw puzzles efficiently. 

In general an automatic jigsaw puzzle solver consists of 
two steps: a compatibility measure of adjacent tiles and a 

strategy to reassemble the compatible tiles. The compatibility 
measure has been widely studied, e.g., [2] compares five 
different compatibility measures, among which the 
dissimilarity function is the most reliable one. For reassembly 
strategy, greedy algorithms become problematic in case of 
local optima [1]. To overcome the problem, genetic algorithm 
(GA) based jigsaw puzzle solver has been proposed in [4]. The 
GAs have been able to solve larger and harder puzzles; 
however, they require hand-crafted sophisticated 
compatibility measures [1]. The compatibility measure for a 
puzzle of size ܰ ൈܯ with unknown location requires ܴሺܰ ൈ
 ሻଶ size matrix to store all of the pairwise compatibilities forܯ
all pieces. ܴ ൌ 4 is the possible position of a tile to be placed 
in relation to another tile e.g., top, right, bottom or left. 

In this paper, we propose a deep learning model to identify 
a jigsaw puzzle state from a given image. We have posed the 
problem as a classification problem where each state is a 
separate class. For this purpose, we propose a method to 
generate a dataset that can efficiently represent different states 
of the jigsaw puzzle. Each state is recognized by a score based 
on the number of tiles being swapped and their original 
locations. The trained model is able to recognize majority of 
the jigsaw puzzle states. The misclassified states are the ones 
where two or more than two tiles have the same texture and 
are visually imperceptible. Further, we evaluated the 
efficiency of the model to recognize states when the size of 
the tiles changes. As an application  of the proposed method, 
we have used the trained model as a fitness function of GA 
based jigsaw puzzle solver. We assumed a puzzle with 
unknown tiles position but known dimensions. 

II. PROPOSED METHOD 

A. Jigsaw Puzzle 

We define jigsaw puzzle state as two or more than two tiles 
have swapped their positions as opposed to their appearance 
in the original image. Numerically, the state can be 
represented as a sum of differences between each tile in the 
puzzle and their neighbors (i.e.,  for two tiles to be neighbors, 
their Euclidean distance should be 1). The state representation 
of a jigsaw puzzle with ݎ ൈ ܿ tiles ݐ, where each tile is indexed 
by ݐ௜,௝ ൌ ܿ ൈ ݅ ൅ ݆, is given as 

S ൌ෍෍݀൫ݐ௜,௝, ௜,௝ାଵ൯ݐ ൅ ݀൫ݐ௝,௜, ௝ାଵ,௜൯ݐ

௖ିଶ

௝ୀ଴

௥

௜ୀ଴

																														ሺ1ሻ 

where, 

݀ሺݔ, ሻݕ ൌ ቄ
1,
0,									

ݔ| െ |ݕ ∈ ሼ1, ܿሽ
݁ݏ݅ݓݎ݄݁ݐܱ

 

It is an adjacency function that measures if two tiles are 
adjacent in the original image based on their absolute 
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difference. The difference value should be equal to 1 or c for 
two tiles to be horizontally or vertically adjacent, respectively. 
The score S in (1) not only depends on the number of tiles 
being shuffled but also on their positions they have been 
swapped from. Let’s suppose, only two tiles have swapped 
their positions. Then, the score obtained is as: for a corner 
piece being swapped with another corner piece or with its 
neighbor, then S ൌ 4. However, if a corner piece is swapped 
with a piece that is in the same row or column then S ൌ 5. 
Similarly, S ൌ 6  for a corner piece being swapped with a 
piece that is neither in the same row nor in the same column 
and so on. The score can have a minimum value of 4 and 
maximum value of 	ݎଶ ൅ ܿଶ െ ሺݎ ൅ ܿሻ. 

B. Automatic Jigsaw Puzzle Solver 

An automatic jigsaw puzzle solver consists of two parts: a 
measure of piecewise compatibility of adjacent blocks and a 
strategy to reassemble the blocks in correct order as they 
would have appeared in the original image. For reassembly 
strategy, greedy algorithms becomes problematic in case of 
local optima. To overcome the problem, [4] has proposed 
genetic algorithm (GA) based jigsaw puzzle solver. The 
pseudocode for GA is given in Algorithm 1.  

The first step of the algorithm is to generate an initial 
population ܲ  with ݊  random candidates solutions called 
chromosomes. In line 2, the criteria is the number of 
generations or how many times the algorithm will repeat the 
subsequent steps. Next, the entire population is evaluated 
based on the fitness function, which decides the selection of a 
particular chromosome to reproduce and pass onto next 
generation. The new population is generated by the crossover 
and mutation process operations. The whole process is 
repeated for a given number of times or when the desired 
fitness function value has been achieved.  

C. Model 

We use ConvNet of the VGG16 [13] model as a feature 
extractor. Our model consists of a sequence of convolutions 
followed by batch-normalizations, and max pooling layers. 
On top of the feature extractor is two dense layers with 512 
nodes in the first layer and 22 in the second with softmax 
activation. The full architecture is shown in Table I. The pixel 
values are processed to have value between 0 and 1.  

III. RESULTS AND DISCUSSION 

In this section, we first present our experimental setup. 
Then, we show the performance of the proposed model to 
determine a jigsaw puzzle state. Finally, we present an 
application of the method to be used as a fitness function of 
genetic algorithm to solve a jigsaw puzzle.  

A. Determining Jigsaw Puzzle State 

For this purpose, we have collected 10k color images of 
size	224 ൈ 224. Next, we have performed the following steps 
to generate our dataset: 

 Divide the images into 4x4 tiles each of size 56x56. 
 Generate 10k random indices corresponding to each score 

value (1), e.g., in our case S ∈ ሼ4, 5,⋯ , 24ሽ , as I ൌ
ሼܫଵ, ⋯,ଶܫ , ଶଵሽܫ . Each element of I  has 10k  entries and 
corresponds to a score, i.e., each entry of ܫଵ has score 4, ܫଶ 
has score 5, and so on. 

 To generate labelled data, shuffle a copy of the original 
images using the indices matrix from the previous step. 

The dataset consists of 22 classes each with 10k images. 
The classes labels are J ൌ ሼ݆଴, ݆ଵ,⋯ , ݆ଶଵሽ , where ݆଴  is the 
solved state of the puzzle and the subsequent classes 
represents states with score equal to the subscript of the label 
plus 3, e.g., ݆ଵ is the puzzle state where S ൌ 4. The examples 
from the dataset are shown in Fig. 1. The dataset split is: 95% 
as training, 2.5% as validation and 2.5% as test datasets. We 
trained the model in a supervised manner using stochastic 
gradient descend (SGD) with momentum 0.9 for 100 epochs. 
The initial learning rate was set to 0.1 and then reduced by a 
factor of 10 after 30 epochs.  

In the first experiment, the model was trained and 
evaluated on the same size of tiles, i.e., 56 ൈ 56. In the second 
experiment, the trained model was evaluated on smaller tiles 
size of 28 ൈ 28. We show the accuracy of the model on the 
train, validation and test dataset in Table II. The model has 
correctly determine the jigsaw puzzle state 93% of the times 
in the test dataset. Fig. 2. shows the confusion matrices to 
represent counts from actual and predicted classes. It can be 
seen that the model has misclassified the classes 
corresponding to higher scores with the classes closed by, e.g., 
class 16 with 17. The reason for this is that the images have 
regions where the texture is uniform. Two or more tiles from 
such regions are visually indifferentiable. As for the second 

Algorithm 1 Pseudocode for Genetic Algorithm 

1. Generate initial population ܲ of ݊ random chromosomes 
2. while(stopping GA criteria is false) Repeat 
3.     Evaluate ܲ using the fitness function 
	݊݋݅ݐ݈ܽݑ݌݋݌_ݓ݁݊     .4 ൌ  ܮܮܷܰ	
5.     copy ܾ best chromosomes to ݊݁݊݋݅ݐ݈ܽݑ݌݋݌_ݓ 
6.     copy ݉ mutated chromosome to ݊݁݊݋݅ݐ݈ܽݑ݌݋݌_ݓ 
7.     while sizeሺ݊݁݊݋݅ݐ݈ܽݑ݌݋݌_ݓሻ ൑ 	݊ do 
	1ݐ݊݁ݎܽ݌         .8 ൌ  ݁݉݋ݏ݋݉݋ݎ݄ܿ	ݐ݈ܿ݁݁ݏ	
	2ݐ݊݁ݎܽ݌         .9 ൌ  ݁݉݋ݏ݋݉݋ݎ݄ܿ	ݐ݈ܿ݁݁ݏ	
10.         ݄݈ܿ݅݀	 ൌ ,1ݐ݊݁ݎܽ݌ሺݎ݁ݒ݋ݏݏ݋ݎܿ	  2ሻݐ݊݁ݎܽ݌
11.         add child to ݊݁݊݋݅ݐ݈ܽݑ݌݋݌_ݓ 
13.     ܲ	 ൌ  ݊݋݅ݐ݈ܽݑ݌݋݌_ݓ݁݊	

TABLE I. Architecture of the proposed model. Conv3: 33 convolution, 
BN: Batch normalization. 

Layer Shape Parameters # 
Input 2242243 0 

Conv3+Conv3+BN 22422464 39k 
Max Pooling2D 11211264 - 

Conv3+Conv3+BN 112112128 221k 
Max Pooling2D 5656128 - 

Conv3+Conv3+Conv3+BN 5656256 1.4M 
Max Pooling2D 2828256 - 

Conv3+Conv3+Conv3+BN 2828512 5.9M 
Max Pooling2D 1414512 - 

Conv3+Conv3+Conv3+BN 1414512 7M 
Max Pooling2D 77512 - 
Fully Connected 512 12M 
Fully Connected 22 11k 

TABLE II. Accuracy of the model on different size of tiles. 

Training 
Test 

56x56 28x28 
0.95 0.93 0.83 

                         
(a)                                      (b)                                    (c)             

Fig. 1. Examples from the dataset to represent jigsaw puzzle states. (a) label

is ݆ଶ, Score = 5. (b) label is ݆ଵଵ, Score = 14. (c) label is ݆ଶଵ, Score = 24. 
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experiment, when the block size is reduced to 28 ൈ 28, the 
model is still able to determine 83% of the jigsaw puzzle 
states. Note that it is necessary to resize the images to meet the 
input image size requirement of the trained model. We 
conjecture that the accuracy may improve in this case with the 
model being trained on mixed sized tiles.  

B. Application Jigsaw Puzzle Solver based on GA 

As an application, we have replaced the fitness function of 
GA with the proposed jigsaw state recognizer in Algorithm 1. 
We have generated 40 chromosomes as the initial population 
and set the number of generations to 30. We have chosen 30% 
of the top population to be in the successor generation and set 
the mutation rate to 5%. We show an evolution of the solver 
how it approaches to the solution state in Fig. 3.  The figure 
shows the average fitness score of the entire population of 
each generation and score of the best solution in the 
population. It can be seen that with each generation the solver 
gets closer to the solution. For visual analysis, we show an 
example in Fig. 4.  The starting state of the puzzle has score 
S ൌ 	24 . The initial number of generation was 30 but the 
algorithm converges to the solution in 11 generations. For this 
experiment, we took 30 images randomly from the test 
dataset. The GA based solver was able to solve the puzzle 85% 
of the times. The performance may improve by tuning the 
algorithm parameters, e.g. increasing population size and/or 
number of generations.  

IV. CONCLUSION AND FUTURE WORK 

We proposed a deep learning model to determine jigsaw 
puzzle states from an image. The model  was able to identify 
93% of the states in the test dataset. In addition, the model was 
able to recognize the puzzle states from different size tiled 
images. As an application, we replaced the fitness function of 
genetic algorithm based jigsaw puzzle solver with the trained 
model, and we were able to solve 16 tiles puzzle.  

In future, we are interested in extending our method to 
recognize and solve puzzles with larger number of tiles. For 
example, the proposed model can be used in the crossover 
operator to identify good parts in a solution and pass them into 
next generation.  
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Fig. 2. Confusion matrices to count actual and predicted classes. 

      
 

Fig. 4. As genetic algorithm converges to the solution. The original puzzle 
and the best solution in the generation 1, 4, 7, 9, 10, and 11 (left to right). 

 
Fig. 3. The evolution of the genetic algorithm to find a solution. 
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