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Abstract

Image fusion technology combines information from different source images of the same target and performs
extremely effective information complementation, which is widely used for the transportation field, medicine field,
and surveillance field. Specifically, due to the limitation of depth of field in imaging device, images cannot focus on all
objects and miss partial details. To deal with this problem, an effective multi-focus image fusion method is proposed
in this paper. We interpret the production of the focus map as a two-class classification task and solve this problem by
using a method based on the cascade-forest model. Firstly, we extract the specific features from overlapping patches
to represent the clarity level of source images. To obtain the focus map, feature vectors are fed into the pre-trained
cascade-forest model. Then, we utilize consistency check to acquire the initial decision map. Afterward, guided image
filtering is used for edge-reservation to refine the decision map. Finally, the result is obtained through pixel-wise
weighted average strategy. Extensive experiments demonstrate that the proposed method achieves outstanding
visual performance and excellent objective indicators.
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1 Introduction
Image fusion technology combines information from dif-
ferent source images of the same target, which is more
conducive to comprehensive access to the target and the
scene information. It can significantly improve the defi-
ciencies of a single sensor and improve the clarity of the
resulting image. As shown in Fig. 1, image fusion is widely
employed in different imaging systems, including multi-
focus medical image fusion [1, 2]. Due to the limitation of
depth-of-field (DOF) of optical lenses in imaging devices
[3, 4], it is difficult to obtain images directly in which
all targets are accurately focused. However, lacking image
information may seriously affect the understanding of
image details. Numerous multi-focus image fusion meth-
ods were proposed during the past few decades, which can
be roughly divided into transform domain-based methods
and spatial domain-based methods [5].
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For the transform domain-based methods, the multi-
scale transform (MST) methods [6] are continuously clas-
sic. Early typical the MST-based method is the Lapla-
cian pyramid (LP) transform [7, 8]. Afterward, some
representative methods contain the gradient pyramid
(GP)-based methods [9] and the morphological pyramid
(MP)-based methods [10]. The wavelet transform (WT)-
based methods [11] can counteract the defect of LP-
based methods. Moreover, the typical MST-based meth-
ods were proposed, such as the discrete wavelet transform
(DWT) [12, 13], the dual-tree complex wavelet trans-
form (DTCWT) [14], and the non-subsampled contourlet
transform (NSCT) [15]. To achieve the better fusion
results, sparse representation (SR) was employed in [16,
17], which achieved quite attractive performance.
For the spatial domain-based methods, the weighted

average (WA)-based [18] was the most uncomplicated
method and utilized directly weighted average of the
gray value of pixels about source images. Hereafter, the
guided filter (GF)-based methods [19] and the rolling
guidance filter (RGF)-based methods [20] were pro-
posed. Since spatial domain-based methods mainly adopt
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Fig. 1 Image fusion in imaging systems. Image fusion technology is widely used in transportation, medicine, and surveillance

patches as the fuse target [21], patches with different
sizes will get different results. Therefore, [22, 23] adap-
tively selected the size of patches according to the image
property. Recently, machine learning (ML) was intro-
duced for image fusion technology, especially the artificial
neural network (ANN) which significantly improved the
fusion effect as in [24]. Hereafter, [25] pioneered the con-
volution neural network (CNN) for multi-focus image
fusion, it fed two complete source images instead of image
patches into the model. CNN’s inherent feature learning
characteristics were exploited for feature extraction and
classification.
However, the transform domain-based methods often

introduce redundant information. To contrast, the MST-
based methods are overly susceptible to mis-registration
[26]. Furthermore, the loss of source images’ detail is an
inevitable problem. For the spatial domain-based meth-
ods, although they can achieve an outstanding perfor-
mance, there are still shortcoming. Owing to the limita-
tion of fusion rule, it is impossible to obtain an excellent
classification result [25]. Meanwhile, block artifacts and
contrast reduction are long-standing problems for most of
the spatial domain methods.
Taking the aforementioned drawbacks into account, we

present a novel cascade-forest-based fusion method. The
Cascade-forest as a decision tree ensemble method is a
part of deep-forest [27], which was proposed by [27] as
a classification model. The main innovation of this paper
is an efficient improvement of the cascade-forest-based
ensemblemethod formulti-focus image fusion. Our paper
mainly affords three contributions, which can be outlined
as follows:

• This paper proposes a novel multi-focus image fusion
method based on the cascade-forest model.

Experiments show that our method achieves
excellent performance.

• Spatial domain-based methods often suffer from the
limitation of fusion rule. To address this problem, we
interpret the production of the focus map as a
two-class classification task and utilize the
cascaded-forest model as an effective fusion rule.

• For most spatial domain-based methods, they often
produce undesirable artifacts around the boundaries
between the focused and non-focused regions. To
address this problem, we employ the guided image
filter to refine the initial decision map for better edge-
reservation. In this way, the boundary of fused images
achieves a smooth edge transition and fewer artifacts.

The remainder of the paper is organized in the follow-
ing manner. Related work is discussed in Section 2. We
elaborate the proposed method in Section 3. The com-
parison results are discussed in Section 4. At last, some
conclusions are drawn in Section 5.

2 Related work
2.1 The cascade-forest model
The cascade-forest as ensemble learning approach con-
sists of basic learners. To obtain an ensemble model with
excellent performance, an individual learner (also called a
basic learner) should be “good and different.” According to
error-ambiguity decomposition:

Err = Err − I, (1)

where Err denotes the ensemble error, Err denotes the
mean error of individuals, and I denotes mean diversity of
individuals. Zhou and Feng [27] open a door towards an
alternative to deep neural networks (DNN). The cascade-
forest is one of the major parts of [27], which gives a
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powerful ability that can be comparable to DNN. Layer-
by-layer processing, feature transformation and sufficient
model complexity are the most critical three ideas for the
cascade-forest model, as shown in Fig. 2. Suppose we have
two classes that need to be predicted. Consider there are
four different ensemble algorithms. Black and blue are
random forest and completely random forest, respectively.
Let FINεRm×1 as the input feature vector and m repre-
sent the dimensions of the input features. Features after
the first cascade layer concatenates with FIN as features
F1 ∈ R

(d+m)×1.

F1 = HCASF1(FIN ) ⊕ FIN , (2)

where HCASF1(·) denotes the first cascade operation, and
⊕ means concatenation operation. F1 ∈ R

(d+m)×1 is used
as the input features to the second cascade layer, where d
represents the dimension of the output features. Then, we
can obtain the following operation:

F2 = HCASF2(F1) ⊕ FIN , (3)

where HCASF2(·) denotes the second cascade operation.
Supposing we have N layers, the output features FN can
be acquired by:

FN =HCASFN (FN−1)

=HCASFN (HCASFN−1(...HCASF1(FIN ) ⊕ FIN ...) ⊕ FIN ),
(4)

whereHCASFN (·) denotes theN cascade operation. At last,
the prediction value can be obtained by

Prediction = Max(Ave(FN )), (5)

where Ave(·) indicates the average operation and Max(·)
denotes the maximum operation. The last prediction will
be one or zero.

With a cascade structure, the cascade-forest can pro-
cess data layer-by-layer. Therefore, it allows the cascade-
forest to perform the representation learning. Secondly,
the cascade-forest can autonomously control the number
of cascade layers so that the model can adjust complexi-
ties based on the amount of data. Even with small data, the
cascade-forest model performs well. More importantly, by
concatenating features, the cascade-forest model makes
a feature transformation and retains the original features
to continue processing. In a nutshell, the model can be
concerned as “ensemble of ensembles.”
The model, presented in Fig. 2, is noticed in detail that

each level is an ensemble of distinctive classification algo-
rithms. In this paper, we apply four different classification
algorithms. Each algorithm will generate a prediction of
the distribution of classes. For instance, by calculating
the proportion of different classes of training samples
that was predicted by each base classifier, then the class
vector is obtained through averaging all base classifiers
in the same classification algorithm. Extreme gradient
boosting (XGBoost) [28] is integrated by classification
and regression trees(CART), which is based on boosting
ensemble learning and joint decision-making by multiple
associated decision trees. Boosting training of the base
learner adopting re-weighting and re-sampling. The goal
of XGBoost does not directly optimize the entire model. It
optimizes the model in steps. The first tree is optimized,
and then the second tree is optimized until the last tree is
optimized.
Besides, we utilize a completely random forest and a

random forest [27]. As we all know, random forest ran-
domly selects n numbers of features from input features as
a candidate and then selects the best one through calculat-
ing GINI value for splitting. Instead, completely random
forest only randomly selects one feature for spite from
input features.

Fig. 2 The cascade-forest structure. Suppose we have two classes that need to be predicted. Consider there are four different ensemble algorithms.
Black and blue are random forest and completely random forest, respectively. Each level of the cascade forest is an ensemble of distinctive
classification algorithms. Each algorithm will generate a prediction of the distribution of classes. The final prediction is obtained by layer-by-layer
processing
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Furthermore, in the classification task, there are nega-
tive class (zero) and positive class (one). Logistic regres-
sion is a typical two-class classification model. We employ
logistic regression to increase the diversity of ensemble
learning. The objective function of logistic regression is
described as:

Loss(�) = −
⎧
⎨

⎩

1
k

k∑

i=1
((1 − q(i)) × log(1 − h�(x(i)))

+ q(i) × log(h�(x(i))))

⎫
⎬

⎭

+ λ

2k

m∑

j=1
�2

j .

(6)

Among Eq. (6)

h�(x(i)) = 1/(1 + e−�Tx), (7)

where k indicates the number of input samples, q(i)ε(0, 1)
denotes the label of samples, m represents the dimen-
sion of input feature, h�(x(i)) is called sigmoid function,
λ
2k

∑m
j=1 �2

j is the regularization of loss function, λ is
hyper-parameter, x is the input feature vector, and � ∈
R
m×1 as a vector represents the optimization parameters

of the model.
In summary, the cascade-forest includes four differ-

ent types of algorithms to enhance the diversity dis-
cussed before. Combining four distinctive algorithms
achieves excellent performance. The outstanding classi-
fication effect of the cascade-forest has been confirmed
in [27].

2.2 Guided filter
Due to the neighborhood processing in spatial focusing
measurements, the boundaries between the focused and
non-focused regions are usually inaccurate. Especially in
the spatial domain, this problem will result in undesirable
artifacts around the transition boundary. Similar to [25]
and [17], we make use of the GF [29, 30] to refine the ini-
tial decision map. The GF has excellent characteristics of
edge-reservation, which can be expressed as follows:

Qi = akIi + bk ,∀iεwk , (8)

whereQ indicates the output image, I indicates the guided
image, ak and bk are the invariant coefficients of the lin-
ear function when the window center is located at k, and
wk is a local window with size of (2w + 1) × (2w + 1).
Supposing that P is the result before Q filtering, then
Qi = Pi − Ni, where Ni represents the noise. The filtering
result is equivalent to the minimization of the following

equation:

E(ak , bk) =
∑

iεwk

((akIi + bk − Pi)2 + εa2k). (9)

Then, results can be expressed as:

ak =
1

|w|
∑

iεwk
IiPi − μkP̄k

σ 2
k + ε

(10)

and

bk = P̄k − akμk . (11)

In this expression,μk and σ 2
k represent the mean and vari-

ance of image I in the local box wk , respectively. P̄k is the
mean of P in the local box, and |w| indicates the amount of
pixels in wk . The initial decision map I is used as the guid-
ance image for filtering, and then obtain the final decision
map.

2.3 Cascade-forest for image fusion
Multi-focus image fusion synthesizes source images about
the same target with distinctive focal settings. Thence,
we regard the source images as consisting of many differ-
ent image patches. To obtain high-quality fused results,
we must carefully determine each patch of source images.
Then, by determining the source image, patches are clear
or blurred to acquire a focus map.We can regard determi-
nation as a classification issue. As [25] elaborated, feature
extraction corresponds to the activity level measurement
while classification can be regarded as the role of fusion
rule. The classification task means to obtain a focus map,
which is crucial for the following image fusion [21]. It is
known that clear and blurred patches are relative. There-
after, the source images are decomposed into patches of
a specific size, and four features that can represent clar-
ity are extracted from image patches. More information
about these features is discussed in the next section. These
features can effectively distinguish between clear and
blurred images, which helps train the model. We obtain
the final prediction through layer-by-layer processing of
the cascade-forest to enhance representation learning. For
the final prediction which as a class label vector, accuracy
is extremely critical. More importantly, cascaded-forest
can acquire more accurate label vectors, which makes it
more competitive than other traditional methods, and the
cascade-forest-based method can generate higher-quality
fusion images.

3 Proposedmethod
Figure 3 shows the diagrammatic sketch of the suggested
method. Image fusion is completed mainly through the
following steps:

1. Designing and training the Cascade-forest model
2. Utilizing the predict results to obtain the focus map
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Fig. 3 The schematic drawing of the cascade-forest-based method. a Utilize the predict results to generate the focus map. b Remove noise area less
than a certain threshold. c Guide image filtering

3. Consistency check
4. Guided filtering to acquire the final decision map
5. Generating the fused image through pixel-wise

weighted average strategy

3.1 Cascade-forest model design and train
In this paper, image fusion with two source images is con-
sidered [31]. Image fusion with more than two images can
be discussed separately. As mentioned before, we regard



He et al. EURASIP Journal on Image and Video Processing          (2020) 2020:5 Page 6 of 14

Fig. 4 Diagrammatic sketch of image fusion process. First, we utilize consistency check to remove noise area of focus map D. Then, guide image
filtering is used refine the initial decision map N. Finally, the fused image C is obtained through the pixel-wise processing

the production of the focus map as a two-class classifica-
tion topic. As shown in Fig. 3, for each training image, we
convert it into gray-scale space. Then, we perform Gaus-
sian filtering on it to obtain its blurred version. Therefore,
we acquire the first level of blurred images from the orig-
inal images. To obtain a variety of relative blurred images,
we need to perform multiple levels of Gaussian filter-
ing on the images. In this paper, five different levels of
Gaussian filtering are employed to obtain images with dis-
tinct blurring levels. We set the standard deviation of the
Gaussian filter to 2, and the size of the window is set to
7× 7. The current level blurred images are obtained from
the previous level blurred images. Hereafter, both origi-
nal and blurred images are divided into patches following
a certain step. Some image patches with less information
are discarded (e.g., the variance is less than zero). Then,
suitable features are extracted from image patches. The
clarity of images is a vital indicator of image quality, and
it corresponds to the subjective experience of the peo-
ple. The extracted four features are Visibility (VIS), Spatial
Frequency (SF), Energy of Gradient (EOG), and Variance
(VAR). The result of VIS is the difference between inten-
sity of patch pixels and average intensity of an image patch,

and intensity represents the pixel value, which can be
expressed as

Fvis =
J∑

j=1

L∑

i=1

∣
∣
∣
∣
IM(j, i) − μIM

μIM

∣
∣
∣
∣ , (12)

where IM ∈ R
J×L is an image patch, μIM is the aver-

age intensity of IM, IM(j, i) indicates the pixel value of the
corresponding position, J and L represent the rows and
columns of the image patch, respectively, and SF describes
the changing characteristics on the image value in space.
The higher of the spatial frequency, the clearer of the
image patch. It can be defined as

Fsf =
√
RF2 + CF2. (13)

where

RF =
√
√
√
√ 1

JL

J∑

j=1

L∑

i=2
[ IM(j, i) − IM(j, i − 1)]2 (14)

CF =
√
√
√
√ 1

JL

J∑

j=1

L∑

i=2
[ IM(j, i) − IM(j − 1, i)]2. (15)

Fig. 5 A part of test images of the proposed method. We show some test images that are taken from different dataset
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Fig. 6 Intermediate fusion results of portion test images in our method. For each test image, we convert it into gray-scale space. Then, intermediate
results of image fusion process are present. The effect of focus map and decision map are significant

Here, SF includes the row frequency and column fre-
quency of image patches. Thence, RF indicates row fre-
quency while CF indicates column frequency. EOG is
applied to detect the focal settings of images. The formula
is described as

Feog =
J∑

j=1

L∑

i=1
((IM(j + 1, i) −IM(j, i))2 + (IM(j, i + 1) − IM(j, i))2). (16)

The smaller the gradient energy is, the more blurred the
patch is. VAR as an evaluation function to measure the
gray level contrast of image patches

Fvar = 1
JL

J∑

j=1

L∑

i=1
(IM(j, i) − μIM)2, (17)



He et al. EURASIP Journal on Image and Video Processing          (2020) 2020:5 Page 8 of 14

Fig. 7 Fusion results of “Disk” source images. Fusion results of different methods of “Disk” source images are presented. The border area of each
fused image between focused and non-focused is displayed in the lower left corner to clearly distinguish the difference. Intermediate fusion results
of our methods are shown as focus map and decision map

where μIM denotes the average gray value of image
patches. The clearer the image is, the smaller the function
value is.
Patches from source images after feature extraction

are assembled, what the cascade-forest does is deter-
mining whether patches are relatively clear or relatively
blurred. More specifically, for each image patch, Pa and
Pb represent the feature vector that after feature extrac-
tion. Pa belongs to source image A while Pb belongs to
source image B. For example, Pa =(fa1, fa2, fa3, fa4) and Pb
=(fb1, fb2, fb3, fb4). When Pa is clearer than Pb, the training
sample {Pa,Pb} is set to 1 as a positive sample. In contrast,
the training sample {Pa,Pb} is set to 0 as a negative sample
when Pb is clearer than Pa. In the training model phase,
we select 56 high-quality original images, including all-in-
focus and non-all-in-focus. Similar task like [25], it applies
50,000 images from the ImageNet dataset (http://www.
image-net.org/). The augment of training data increases
the time cost of model training and complicate the train-

ing skills of the model. We take the above factor into
account and the Cascade-forest can tackle with this issue
well. In the end, the training set consists of 250,000 sam-
ples that including positive and negative samples. For
excellent machine learning models, the validation set is
indispensable, and it is the most effective data set to adjust
the model. In this paper, we use 15 high-quality images
as a validation set, which are fed into the model after
the same processing of the training images. There are
about 50,000 positive samples and negative samples of the
validation set. We have set up four different classifiers
as mentioned above. Especially, three classifiers are
employed as an ensemble learningmethod. XGBoost, ran-
dom forest, and completely random forest are all set to 10
trees, then each tree is grown completely [27]. For reduc-
ing the risk of over-fitting, we use fivefold cross-validation
to generate the class vector. As for the accuracy of clas-
sification, the number of cascaded layers is automatically
determined resulting in a completed model.

Table 1 Objective contrast of “Disk”

Fusion methods SR CVT NSCT NSCT-SR GFF CNN Ours

MI 7.0153 5.9215 6.2118 6.2617 6.7617 8.0437 8.0903

QAB/F 0.7024 0.6855 0.7024 0.7020 0.7113 0.7341 0.7342

FMI 0.5785 0.5326 0.5753 0.5744 0.5918 0.6741 0.6745

SD 46.5887 46.7656 46.8689 46.5759 46.8597 46.8170 46.8598

http://www.image-net.org/
http://www.image-net.org/
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Fig. 8 Fused results of “Toy” source images. Fusion results of different methods of “Toy” source images are presented. The border area of each fused
image between focused and non-focused is displayed in the lower left corner to clearly distinguish the difference. Intermediate fusion results of our
methods are shown as focus map and decision map

3.2 Image fusion scheme
3.2.1 Generate focusmap
As described in the previous sections, Ia and Ib are respec-
tively considered as two source images with different focus
settings. In our method, source images are transformed
into gray images when source images are color images.
Refining Îa and Îb as the gray images of Ia and Ib, respec-
tively. Afterwards, Îa and Îb are segmented into 16 × 16
image patches. At this stage, overlapped image patches
follow the step size of 1. Patches from Îa and Îb after fea-
ture extraction are grouped, and then, they are fed into the
pre-trained the cascade-forest model to obtain the classi-
fication results of focused and non-focused. The labels of
the classification results are 0 or 1. To acquire the focus
map, we assign the classification results which represent

the focused or non-focused information to all the pixels
in the corresponding patches. Figure 4 a shows the focus
map that we obtained. As can be seen, when the patches
that from image Îa is clearer than the patches from image
Îb, pixels of the focus map is set to 1 (white). In contrast,
pixels of the focus map are set to 0 (black). As we can see
from Fig. 4 a, the focused and non-focused information is
accurately distinguished.

3.2.2 Consistency check
Figure 4 a shows the focus map before de-noising. The
focus map D is generated with some misclassified pixels,
which can be considered as noise. We need to restore and
correct these misclassified pixels. In our paper, we reverse
these misclassified pixels through removing small areas.

Table 2 Objective contrast of “Toy”

Fusion methods SR CVT NSCT NSCT-SR GFF CNN Ours

MI 8.5349 7.0449 7.5884 7.8459 8.4206 9.1256 9.1823

QAB/F 0.7087 0.6834 0.7047 0.7063 0.7221 0.7281 0.7287

FMI 0.5940 0.5365 0.5701 0.5755 0.6278 0.6503 0.6505

SD 64.6923 64.4014 64.4814 64.5503 64.8535 64.8935 64.9842
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Fig. 9 Fusion results of “Profile” source images. Fusion results of different methods of “Profile” source images are presented. The border area of each
fused image between focused and non-focused is displayed in the upper left corner to clearly distinguish the difference. Intermediate fusion results
of our methods are shown as focus map and decision map

In detail, when the noise area is less than the area thresh-
old (0.01 × h × w) that we set, we should reverse it (0
changed to 1, 1 changed to 0). In source images, h and
w indicate the height and width, respectively. The initial
decision map N is shown in Fig. 4 b after removing small
areas. As one can see, the decision map becomes more
accurate because of the reduced noise area.

3.2.3 Refine the decisionmap
To reduce undesirable artifacts around the boundaries
between the focused and non-focused regions, we use the
GF to refine the initial decision map N. The GF has excel-
lent characteristics of edge-reservation. As shown in the
following equations.

N(i, j) = N(i, j)A(i, j) + (1 − N(i, j))B(i, j) (18)

F = GuidedFilter
(
N , F ,w, ε

)
, (19)

where GuidedFilter (·) represents the guided filtering. The
local box radius w and regularization parameter ε as the
two parameters for guided image filter are set to 8 and
0.1, respectively. Figure 4 c illustrates the final decision
map F.

3.2.4 Fusion
The final fused image is presented in Fig. 4 d. At last, when
we acquire the final decision map F, the fused result C is
obtained through the pixel-wise processing principle

C(i, j) = F(i, j)A(i, j) + (1 − F(i, j))B(i, j), (20)

whereA and B represent source imageA and source image
B, respectively.

Table 3 Objective contrast of “Profile”

Fusion methods SR CVT NSCT NSCT-SR GFF CNN Ours

MI 8.8895 7.5579 7.8902 8.1653 8.9431 9.3322 9.3475

QAB/F 0.7319 0.7140 0.7283 0.7293 0.7419 0.7451 0.7452

FMI 0.6262 0.5789 0.6091 0.6124 0.6515 0.6592 0.6592

SD 59.4959 59.3676 59.4553 59.2802 59.5281 59.5500 59.5606
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Fig. 10 Influence of distinct steps on fused images. Number represents the step sizes. Different steps of overlapping extract blocks will be affecting
the results of the proposed method

4 Results and discussion
To test the performance of the proposed fusion method,
we apply 21 pairs of multi-focus images as test images.
As Fig. 5 exhibited, these are a portion of test images. To
ensure that test results are fair and comprehensive, test
images include some traditional multi-focus images and
some images from dataset “Lytro (http://mansournejati.
ece.iut.ac.ir/content/lytro-multi-focus-dataset).” Figure 6
shows the intermediate results of six pairs test images in
our method.
We enumerate six representative fusion methods,

including spatial domain methods and transform domain
methods. They are the CNN [25], GFF [19], SR [16], NSCT
[15], NSCT-SR [32], and CVT-based method [33]. All
methods involved in the above comparison are applying
default parameters associated with corresponding papers.
Results of image fusion are mainly evaluated accord-

ing to subjective visual and objective metrics. Due to
the details about images are difficult to be captured by
personal visual, objective evaluation is particularly signif-
icant in image fusion. In our paper, we have adopted four
objective evaluation metrics, which are MI [34], QAB/F

[35], FMI [36], and SD. MI represents the normalized
mutual information. QAB/F represents the reserved value
of edge information. FMI represents the feature mutual
information. SD represents standard deviation. As regards
to the above four evaluation metrics, higher value indi-
cates the better performance.

4.1 Comparison studies
To verify the validity of the proposed method, we demon-
strate visual comparisons and quantitative comparisons
of different multi-focus fusion methods. Therefore, three
pairs of test images were randomly selected from test

images as examples to show the difference between our
method and others.
As shown in Fig. 7, different fusion results of “Disk”

source images are presented. The border area of each
fused image between focused and non-focused is dis-
played in the upper left corner to clearly distinguish the
difference. Figure 7 c–f generates some improper artifacts
at the boundary of the clock, especially the CVT-based
method. As we can see from the magnification area that
the boundary region of the clock has an unnatural effect.
These artifacts cause a negative impact on the quality of
the fused images. Figure 7 g obtained from the GF-based
method is blurred on the boundary region as well. After-
ward, the CNN-based method obtained Fig. 7 h with the
favorable overall effect. However, there is no denying that
the details were not handled well. Figure 7 i shows the
result obtained from our method. It can be observed that
the result of our method provides better performance in
terms of visual effects. Table 1 shows quantitative compar-
isons of distinct methods of image “Disk.” It can be further
verified from the four evaluation metrics that our method
has a relatively outstanding performance.
Figure 8 shows subjective comparisons of the fused

results obtained from distinct image fusion methods.
Then, Table 2 presents the corresponding quantitative
comparisons. Magnified regions show distinctive details.
The fused images of Fig. 8 d–f are more ambiguous on the
fusion boundary of the magnified region. Figure 8 c as the
result of the SR-based method, the image quality is much
better, it still has some artifacts in the fusion boundary
region. Figure 8 g and h are visually well enough. However,
the lack of details of source images results in insuffi-
cient image quality. Figure 8 i represents our method,
which achieves the fusion result with high reliability and

Table 4 Quantitative comparisons with regard to different steps

Step sizes 1 2 3

MI 8.6465 8.6394 8.6421

QAB/F 0.7611 0.7609 0.7609

FMI 0.6561 0.6557 0.6558

SD 57.0244 57.0230 57.0215

http://mansournejati.ece.iut.ac.ir/content/lytro-multi-focus-dataset
http://mansournejati.ece.iut.ac.ir/content/lytro-multi-focus-dataset
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Fig. 11 The influence of patch size on four metrics. The size of the image block corresponds to the amount of information contained. Too-large
patch sizes are usually resulting in inaccurate classification. Too-small patch sizes increase the time cost of the experiments. We obtained the
optimal parameters by verifying different patch sizes

superior performance. Table 2 shows that our method
has the highest objective evaluation as compared to other
methods.
Besides, Fig. 9 displays the subjective results of the “Pro-

file,” the magnification area is extracted from each image.
It can be seen that Fig. 9 d with inferior quality. Figure 9 f
reduces the artifacts generated with Fig. 9 e and obtained
better image quality. Figure 9 c puts up a more excel-
lent performance. Figure 9 g and h present the fused
images obtained from the GFF-based method and the
CNN-based method, respectively. Although Fig. 9 g and h
show more outstanding performance than those of previ-
ous fusion methods, the fusion area of the “nos” still failed
to achieve the desired effect. However, Fig. 9 g obtained
by our method shows a prominent performance. The
edge in the image is better preserved, and the details of
source images are transmitted to the fused result. Accord-
ing to the data of Table 3, the proposed method has
better objective evaluation. The CVT-based methods as
a traditional method requires more improvements. The
NSCT-SR-based methods overcomes the shortcoming of
the NSCT-based methods and obtains a better objec-
tive evaluation. The objective evaluation of the SR-based
methods and the GFF-based methods is better than that
mentioned above. Afterwards, CNN-based methods with
an innovative thought achieves excellent performance. In
contrast, the objective evaluation of our method is the
highest in terms of four metrics.

4.2 Parameters comparison of the proposedmethod
Fusion methods which adopt different parameters setting
will inevitably result in fused images with distinctive per-
formance. First of all, different steps of overlapping extract
blocks can affect the results of the proposed method. It is
known that too-large step will have a block effect on image
fusion. As it is shown in Fig. 10 a–c, we can perceive that
when the step is 2 or step is 3, the focus map has a mani-
fest block effect. The blocking effect has a negative impact
on the performance of the image. Figure 10 d–f shows the
results, acquired by utilizing different steps, that the area
within the fusion boundary is enlarged and placed in the
lower-left corner. Table 4 shows the average of the eval-
uation indicators for 21 test images with different steps.
When the step size is 1, the fused image without block
effect has the best performance.
As [25] elaborated, the size of the image block corre-

sponds to the amount of information contained. However,
if we assign the image patches size too large, image patches
are usually not accurate enough. The larger size tends
to comprise both focused and non-focused regions. On
the contrary, when the size of the patch is set too small,
patches may not guarantee the accuracy of the classifica-
tion. Besides, it also greatly increases the time cost of the
experiments. Based on the above discussions, we verify
with 21 test images. As shown in Fig. 11, the performance
of the proposed method follows the changes of image
patch size. Nevertheless, there is no significant increase



He et al. EURASIP Journal on Image and Video Processing          (2020) 2020:5 Page 13 of 14

or decrease in each evaluation metric. It indicates our
method is insensitive to the size of the image patch.

5 Conclusions
In this paper, we propose an efficient multi-focus image
fusion method for improving imaging systems. Consid-
ering the influence of fusion rules, we introduce the
cascade-forest into multi-focus image fusion. And we
adopt effective activity level measurement. Activity level
measurement and fusion rule represent feature extrac-
tion and classification algorithm, respectively. To improve
the model, not only are four effective features extracted,
but also four excellent algorithms are integrated. Artifacts
are eliminated by considering the boundaries between
the focused and non-focused regions. Through analyzing
and comparing, the validity of the suggested method is
verified.
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