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Abstract

The fusion of visible-light and infrared videos has ap-
plications in several areas, and is an active research topic.
To this end, it is common to employ complex fusion meth-
ods that take into account spatial and/or temporal informa-
tion in the videos. In this paper we propose a video fusion
method that is based on a motion-compensated, two-band
temporal sub-band decomposition. The alignment provided
by the motion vectors, besides providing a reduction in the
registration errors of the input images, allows the use of
a simple fusion rule to the temporal sub-bands. The re-
sults indicate that the use of the proposed exploration of
the temporal information alone is quite effective, and gives
objective fusion quality results that compare favorably to
more sophisticated methods based on complete spatiotem-
poral information.

1. Introduction
The analysis of the information conveyed by sensors

from different spectral bands is important to different ar-
eas, such as military, security, aerospace, remote sensing
and medical, among others. As the joint analysis of in-
formation captured by each sensor can be a difficult task,
the methods of fusing images/videos promote the combina-
tion of the information generated by multiple sensors into
a single output, with relevant information. Many image fu-
sion methods for the infrared and visible-light bands em-
ploy multiscale techniques such as the Discrete Wavelet
Transform (DWT), the Contourlet Transform and the Un-
decimated Wavelet transform (UWT) [6], to name a few. In
general, multiscale image fusion methods decompose each
spectral band input image into sub-bands using some mul-

tiscale transform. Then a fusion rule is applied to the cor-
responding input sub-bands, in order to generate each sub-
band of the fused image. The desired fused image is then
obtained by applying the inverse of the multiscale transform
originaly employed for the input spectral images over the
resulting fused sub-bands.

These techniques can be applied to videos on a frame-
by-frame basis, ignoring the temporal redundancy among
the video frames. However, temporal information is often
used in the fusion process. An example is the work in [13],
where a fusion rule is applied according to the temporal
content after the spatial multiscaling decomposition in sub-
bands. Zhang [9, 22, 29–31] proposed different methods
using 3D transforms (where time is the third dimension) in
order to produce fused videos with better subjective qual-
ity. The frame-based method introduced in [23] employs
local contrast and color consistency to combine the scene
details under different exposures. A framework based on
generalized random walks obtains a globally optimal solu-
tion subject to two quality measures. A two-scale decompo-
sition of an image into a base layer, that captures large scale
variations in intensity, and a detail layer capturing small
scale details is proposed in [14]. Then a guided filter-based
weighted average technique is proposed to explore the spa-
tial consistency for fusion of both layers, not considering
the temporal correlation. In [27] a transform, the 3D shear-
let, that incorporates the temporal dimension is proposed.
In [28] the authors use the wavelet transform to decompose
the image frames, previously processed by an optical flow
motion-compensation approach. Each fused frame is ob-
tained using a rule that takes into consideration the energy
of the wavelet coefficients and the motion compensation in-
formation. Despite using motion vectors, the filtering step
in [28] is performed only in the spatial dimension. The work
in [26] uses an algorithm that combines the distribution of



gray levels with a texture filter and inter-frame correlation.
In this paper, we propose a novel infrared and

visible-light video fusion method, the MCTSF (Motion-
Compensated Temporal Sub-band decomposition video Fu-
sion). A common drawback of frame-by-frame basis
schemes is the temporal stability of the resulting fused
frames, that may present fluctuations in appearance due to
the variation of fusion parameters across the sequence of
images. The novelty of the proposed method relies on using
motion-compensated temporal filtering to efficiently pro-
cess the relevant information. This way, the videos are ana-
lyzed and fused as a whole rather than in a frame-by-frame
basis, where the temporal filtering is performed along the
direction of motion using different filter banks.

The MCTSF is based on a two-band temporal sub-band
decomposition of the visible and infrared videos. To in-
crease the effectiveness of such a decomposition we use
Motion-Compensated Temporal Filtering (MCTF) [16, 18],
whereby neighboring frames are temporally aligned by mo-
tion compensation during filtering. This is achieved by per-
forming a block-based motion estimation scheme in order
to obtain the motion information. Using this information
one employs MCTF to decompose the video frames into
temporal high-pass and low-pass sub-bands. Finally, a sim-
ple fusion rule is applied. The workflow of the proposed
method is depicted in Figure 1.

The remaining sections of this paper are organized as fol-
lows: Section 2 presents the motion-compensated temporal
sub-band decomposition technique employed, while in Sec-
tion 3 the proposed video fusion framework is introduced in
detail. Section 4 presents and discusses the experimental re-
sults, and the conclusions are presented in Section 5.

2. Motion-compensated temporal sub-band de-
compositions

Considering that a video fusion algorithm should be able
to fuse moving objects, motion information is an important
issue as it distinguishes a static area from a moving area in
a sequence of images.

Motion estimation is the process that estimates the dis-
placement of the objects on the scene over time. A widely
used approach is to divide each frame that composes the
video into blocks (as small as necessary to represent possi-
ble objects in the scene) to estimate the position of the same
block in another frame. This process is accomplished by
minimizing the sum of the absolute differences between the
blocks. The displacement from the original position of the
block to the position where it was estimated in the frame of
interest is called the motion vector. Motion estimation can
be disrupted by many factors, such as occlusion, perspec-
tive distortion, and illumination variations. In addition, in a
block-based scheme it is assumed that all pixels belonging
to the same block have the same displacement, which is not
always true. Another alternative would be to use superpixel-
based motion compensation, where the size of the approxi-
mated regions is adapted to the geometry and the character-

istics of the objects. However, block matching using fixed-
size 4×4 blocks provides motion vectors that are accurate
enough when associated with motion-compensation using
fractional pixel accuracy. Therefore, in this application, it
is not necessary to pay the price of the increase in compu-
tational burden associated with the use of superpixels, and
we decided to just use block matching with 4×4 blocks.

The main idea of this proposal is to use the motion vec-
tors as a representation of temporal information, associated
with temporal filtering using motion compensation to better
process the relevant information.

While abrupt transitions of the pixel intensity values in
the spatial domain may indicate the presence of disconti-
nuities (e.g. edges) or fine details, in the temporal domain
abrupt transitions may indicate movement within the scene.
Therefore, an efficient video fusion method has to use the
motion information in order to adequately treat these transi-
tions. A motion compensation algorithm is able to identify
the transitions due to motion. In order to use this motion
information, the two-band sub-band decomposition is com-
puted along the temporal axis using motion-compensated
temporal filtering (MCTF) [3, 18]. MCTF became popular
in the context of video coding using 3D discrete wavelet
transforms [15]. In such methods, in order to exploit inter-
frame redundancy the temporal part of the transform must
compensate for motion between frames, and this is done us-
ing MCTF.

Note that, in the proposed video fusion framework
videos are analyzed and fused as a whole rather than in a
frame-by-frame basis. As video alignment is fundamen-
tal in pixel-level video fusion methods (as is the case of
the proposed MCTSF), a synchronized and registered video
database should be used. Then, synchronization is a nec-
essary pre-processing step, as the sequences are usually ac-
quired by two different capture systems: visible-light (VIS)
and infrared (IR). This implies that the temporal sub-bands
are computed by applying the MCFT scheme to each indi-
vidual sequence (VIS and IR), that belongs to a synchro-
nized pair.

2.1. Motion Compensated Temporal Filtering

In motion-compensated temporal filtering (MCTF), the
frames are temporally filtered in the direction of motion. In
a nutshell, it is as if the pixels in each frame are aligned
by motion compensation prior to filtering. Note that MCTF
does not employ a temporal recursive structure, that is, the
pixels from a filtered past frame are not employed to com-
pute the current filtered frame.

Since usually the visible-light videos are sharper than the
infrared ones, we perform the motion estimation only on
the visible-light sequences. A 4×4 block size with half-
pixel precision motion estimation [2] is employed. For
all 4×4 blocks from the current frame, the correspond-
ing 4×4 blocks are searched in the reference frame, gen-
erating the motion vectors. For a pixel at spatial coordi-
nates (m,n) in frame k, the motion vector, dk(m,n) =
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Figure 1: Algorithm workflow, where the first step is the temporal decomposition using MCTF.
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Figure 2: Decomposition/Reconstruction of frames 2k and 2k + 1 using one lifting step. The variables Lk and Hk are the low-pass and
high-pass sub-bands, respectively. The blocks labeled d and −d indicate that one is performing motion-compensated temporal filtering
(Eq. (2)) using sets of symmetric motion vectors for P (z) and U(z).

(dxk(m,n), dyk(m,n)), is computed to minimize

DB,k =
∑

(m,n)∈B

|Ik(m,n)−Ik−1(m−dxk(m,n), n−dyk(m,n))|,

(1)
where Ik(m,n) represents the intensity value of the pixel
located at (m,n) in video frame of index k and B is the re-
gion corresponding to the block for which the motion vector
is computed, and dxk(m,n) and dyk(m,n) are the displace-
ments in the x (line) and y (column) directions, respectively.
It is assumed that the motion vectors of all pixels inside a
block are equal.

After motion estimation, the motion vectors of each pixel
are available and it is possible to perform temporal filtering
along the direction of motion using a filter h(k). The output
of the filtering process at pixel (m,n) from frame k can be
expressed as:

v(m,n, k) =
∑
l

h(l)Ik−l(n− dxk−l(m,n),m− dyk−l(m,n)),

(2)
where the summation index l varies according to the support
of the temporal filter h(k). Note that the filter h(l) can be
non-causal, that is, l can assume negative values.

We are interested in building a temporal filter bank us-
ing filtering operations such as the one in Eq. (2). The goal
is to first apply the analysis filter bank to both the visible-
light and infrared videos, then to merge the corresponding
sub-bands using the chosen fusion rule to finally apply the
synthesis filter bank to obtain the fused video. However,
the analysis and synthesis filter banks cannot be mere ex-
tensions of conventional filter banks for which the convolu-
tions are made according to Eq. (2). This is so because the

motion-compensation process is inherently non-linear, and
therefore filter banks based on Eq. (2) would also be non-
linear, which can create difficulties for their perfect recon-
struction. In addition, consider that, due to an occlusion or
mismatch in the motion estimation process, the pixel (m,n)
from frame k − 1 has no match in frame k. In this case, the
summation in Eq. (2) cannot be computed. In the next sec-
tion we introduce the lifting scheme [24], that presents a
solution to such problems. For example, filter banks im-
plemented using the lifting scheme can incorporate non-
linearities such as the ones introduced by motion compen-
sation while keeping their perfect reconstruction property.
In fact, it is one of the main tools enabling the existence of
motion-compensated perfect reconstruction filter banks.

2.2. Lifting Scheme
The lifting scheme has been proposed in [24] as a way

to design and/or implement filter banks that inherently have
the perfect reconstruction property. One important charac-
teristic of the lifting scheme is that it guarantees perfect re-
construction, even in the case the filter banks are non-linear.
The main building blocks of a lifting scheme are illustrated
in Figure 2. Figure 2(a) corresponds to an analysis build-
ing block and Figure 2(b) corresponds to a synthesis build-
ing block. The two polyphase components of the signal,
I2k and I2k+1, are input to the analysis building block, that
presents at its output the low pass (Lk) and high-pass (Hk)
sub-bands. The synthesis building block reconstructs the
two polyphase components given as inputs the Lk and Hk

sub-bands. Each building block consists of a cascade of two
steps: a predict step, using filter P (z) and an update step
using filter U(z). In the predict step, motion-compensated



temporal filtering is used to predict the samples of the sec-
ond polyphase component (I2k+1), using the samples of the
first polyphase component (I2k). The residual of this pre-
diction is output as Hk. In the update step, a filtered version
of the Hk component is used to update I2k, generating the
Lk component. In the synthesis process, the same update
step is used, but this time the filtered version of Hk is sub-
tracted from Lk in order to generate I2k. Then, the same
predict step is used for computing the prediction of I2k+1

using I2k, that is added to Hk to reconstruct I2k+1. In Fig-
ure 2, the two blocks d and−d indicate that the filtering op-
erations that follows them is actually a motion-compensated
temporal filtering according to Eq. (2). The opposite signs
in the predict and update steps indicate that the motion vec-
tors used in one case are the symmetric of the ones in the
other case.

In [4] it is shown that any perfect reconstruction filter
bank can be decomposed as a cascade of (predict, update)
pairs. Therefore, using the scheme in Figure 2 one can per-
form motion-compensated sub-band decomposition and re-
construction for a general perfect reconstruction filter bank.

3. Proposed Video Fusion Algorithm
Motion-compensated temporal filtering is widely used in

wavelet-based scalable video coding schemes, where the
lifting implementation of these decompositions represents
a resourceful tool for spatiotemporal optimizations [11].
These schemes often use the Haar filter bank for MCTF,
as well as other filter banks such as the Cohen-Daubechies-
Feauveau 5-3 (also known as Le Gall 5-3). In this paper, we
implement the MCTSF using these two filter banks.

The first point to be addressed is how the temporal de-
composition will be performed. We start by defining the
analysis filter bank. Initially, we use the Haar filter bank,
which is composed of the following filters:

h =
√
2
[
1 1

]
(3)

g =
√
2
[
1 −1

]
(4)

To use the lifting scheme, we need to decompose the fil-
ter bank in lifting steps. Using the decomposition method
shown in [4], we have that only one (predict, update) step
is needed. In this case, we have that P (z) = 1/

√
2 and

U(z) =
√
2. Therefore, using the lifting scheme, we are

able to write the sub-band decomposition as:

Hk(m,n) = I2k+1(m,n)− 1√
2
I2k(m− dx, n− dy), (5)

Lk(m,n) = I2k(m,n) +
√
2Hk(m+ dx, n+ dy)). (6)

The reconstruction is performed using the following expres-
sions:

I2k(m,n) = Lk(m,n)−
√
2Hk(m+ dx, n+ dy), (7)

I2k+1(m,n) = Hk(m,n) +
1√
2
I2k(m− dx, n− dy). (8)

It is important to note that in Eqs. (5) to (8) both dx

and dy depend on the pixel position (m,n). This has been
dropped in order to make the notation less cumbersome.

On that account, we guarantee that the filter bank has
perfect reconstruction despite the nonlinearities caused by
the motion-compensated temporal filtering. However, there
is one important point that has to be taken care of, which is
the case of pixels in a past frame that have no corresponding
pixels in the current frame. This may be caused, for exam-
ple, by occlusions. Such pixels are referred to as uncon-
nected pixels. Fortunately, the predict and the update steps
may be changed just for the unconnected pixels using a rule
that dispenses the use of the motion vectors. The motion
information, that is used in both the analysis and synthe-
sis filter banks, permits to determine if a pixel is connected
or unconnected. This way, both the analysis and synthesis
processes will be able to choose the correct filter for a given
pixel. This implies that the whole process can have per-
fect reconstruction even if unconnected pixels are processed
with a different filter. In this work we treat the unconnected
pixels by following the rule described in [10], which, in the
case of unconnected pixels, computes the sub-bands as:

Hk(m,n) =
1√
2
(I2k+1(m,n)− I2k(m,n)) (9)

Lk(m,n) =
√
2I2k(m,n), (10)

that are reconstructed by:

I2k(m,n) =
1√
2
Lk(m,n), (11)

I2k+1(m,n) =
√
2Hk(m,n) + I2k(m,n)) (12)

In the proposed method one of the two-band temporal
sub-band decomposition is performed using the Haar lifting
scheme for each video sequence (VIS and IR). After the
decomposition of each sequence, we apply a simple fusion
rule in which each pair of bands are combined using their
pixel average, that is:

LF
k (m,n) = (LV IS

k (m,n) + LIR
k (m,n))/2 (13)

HF
k (m,n) = (HV IS

k (m,n) +HIR
k (m,n))/2 (14)

This simple fusion rule was chosen to highlight the effec-
tiveness of this type of filtering for video fusion.

After computing the sub-bands of the fused video LF
k

and HF
k , we apply, for the case of connected pixels, the

reconstruction rules from Eqs. (7) and (8). For the case of
unconnected pixels, we apply the reconstruction rules from
Eqs. (11) and (12).

The other two-band sub-band decomposition used in this
paper employs the CDF 5-3 filter bank. The motivation
behind the usage of CDF 5-3 is that longer length filters
can improve the exploitation of the pixels' correlation in the
temporal domain [11].

The CDF 5-3 filter bank can be decomposed into lifting



steps using the procedure outlined in [4]:

P1(z) = −0.200000; (15)

U1(z) = −0.208333− 0.625000z−1; (16)
P2(z) = +0.900000z + 1.500000; (17)

U2(z) = −0.069444z + 0.333333− 0.069444z−1. (18)

However, this decomposition demands a two level lifting
scheme. To facilitate the implementation, the sub-bands can
be directly written as [10, 11]:

Hk(m,n) = I2k−1(m,n)

− 0.5(I2k(m− dx, n− dy) + I2k−2(m+ dx, n+ dy)), (19)
Lk(m,n) = I2k(m,n)

+ 0.25(Hk+1(m− dx, n− dy) +Hk(m+ dx, n+ dy)).
(20)

As the bidirectional prediction is approximated using the
opposite direction of the forward motion vector, the algo-
rithm complexity is reduced.

The reconstruction using these sub-bands can be per-
formed using [10, 11]:

Ik(m,n) = Lk(m,n)− 0.25Hk(m+ dx, n+ dy), (21)
Ik+1(m,n) = Hk(m,n) + 0.5Ik(m− dx, n− dy). (22)

Unconnected pixels are processed in the same way as they
were in the previous (Haar) filter bank (see Eqs (9) to (12)).

The filter banks used in this work were chosen for their
relevance in the MCTF context. Other filter banks can be
easily adapted to implement the fusion algorithm using the
same steps shown in this Section.

4. Results
In this section we analyze the performance of the pro-

posed Motion-Compensated Temporal Sub-band decompo-
sition video Fusion algorithm (MCTSF). The objective re-
sults are summarized in Table 1 and the visual quality re-
sults are summarized in Figure 3.

The selected sequences present scenarios with differ-
ent illumination conditions and nighttime footage, as well
as different degrees of motion and texture. These videos
challenge the joint processing of IR and visible-light spec-
tral bands. The two OCTCVBS sequences (320×240 pix-
els at approximately 30 frames/sec (fps)) [5] are com-
posed by color/IR images, registered using homography
with manually-selected points. The videos display busy
pathway intersections. The INO [1] Park Evening sequence
pair (328×254 pixels) is composed by co-registered IR and
visible videos, showing a parking lot in the evening. The
other INO sequence, Group Fight (452×332 pixels), shows
a fight between two groups of persons on a parking lot. Both
sequences were captured at 10 fps. The EDEN [7] video
pair (VIS/IR) exhibits a man dressed in camouflage walk-
ing through thick foliage. All videos, at 25fps, are regis-
tered and synchonized, presenting moving objects/people,

shadows and highly textured regions. The VIS and IR syn-
chronized sequences (320×240 pixels), from Dublin City
University campus (DCUC), contain bike-racks, pedestri-
ans, bicycles and vehicles [17]. The pixels alignment is
performed by manually selecting the corresponding points
in both spectra and computing the homography with least-
squared error. No frame rate is informed in [17]. Both se-
quences were downsampled to 224×224 pixels to be com-
pared with the results presented in [28].

Figure 3 pictures one visible-light (VIS), one infrared
(IR) and one fused frame of each sequence, for the two
MCTSF versions: MCTSF Haar and MCTSF CDF 5-3. All
frames were cropped to better fit the page. Perceptual anal-
ysis shows that, in all sequences fused using the MCTSF
Haar, the edges are well matched and the fusion results con-
veyed the information from both spectral bands.

Figures 3(a) and 3(b) picture the tenth frames of the VIS
and IR sequences OCTBVS OSU:Dataset03 [5], respec-
tively. The fused frames are depicted in Figures 3(c)–(d),
for MCTSF versions Haar and CDF 5-3, respectively, were
one can notice the correct matching between the two se-
quences, as well as a balance between the VIS and the IR
data.

Figures 3(e)–(h) depict the frames resulting from the fu-
sion of the first frames of the VIS and IR (Figures 3(e) and
3(f)) sequences OCTBVS OSU:Dataset06 [5], respectively.
Likewise, the fused frame exhibits perfectly matched edges
when fused using the MCTSF Haar (Figure 3(g)) and the
MCTSF CDF 5-3 (Figure 3(h)) versions.

While the man near a car is barely seen in the VIS frame
(Figure 3(i)) of INO Park Evening video, he is clearly visi-
ble in the IR frame (Figure 3(j)), with Figure 3(k) showing
the 500th fused frame that precisely transports the informa-
tion from both spectra. However, the alignment between the
two videos is only maintained for the MCTSF Haar version
(Figure 3(k)). Despite conveying both VIS and IR infor-
mation, a great number of failed correspondences can be
spotted in Figure 3(l).

Frame 530 of INO Group Fight shows a man crossing
a parking lot, while two other men are standing up near a
parked car. Figure 3(o) shows the fused frame presenting
severe misalignment between the VIS and the IR data. In
contrast, Figure 3(p) exhibits a good spatiotemporal align-
ment, showing that the shorter Haar filter bank is able to
mitigate eventual registration problems. The longer CDF
5-3 filter bank, on the other hand, when applied to the tem-
poral axis, tends to deteriorate the fused sequences when
there is large motion between frames. One can clearly see
that the objects that remained static, or that present a low
degree of motion, are perfectly fused (e.g., the two men in
Figure 3(o)), while the man that is walking presents mis-
aligned edges.

Frame 1 of the EDEN [7] VIS/IR video pair is pictured in
Figures 3(q) and 3(r), respectively. Their associated fused
frame using the MCTSF Haar version, displayed in Fig-
ure 3(t), shows data from both spectra, where the structural



information is preserved. However, despite also presenting
VIS and IR data, Figure 3(s) shows misaligned edges, as
well as a blurred VIS data (e.g. the foliage) in the fused im-
age. Once again, the MCTSF Haar (Figure 3(t)) better pre-
serves the texture information, yet displaying the IR data.
The MCTSF Haar method produces well aligned edges in
the fused video, while one can spot a few misaligned edges
in the fused frame, generated by the MCTSF CDF 5-3, de-
picted in Figure 3(s).

Frame 330 of the DCUC [17] VIS/IR video pair is pic-
tured in Figures 3(u) and 3(v), respectively. Despite both se-
quences being extremely noisy, both MCTSF CDF 5-3 and
Haar versions, displayed in Figures 3(w)and 3(x), clearly
show the IR information. The texture information from the
VIS sequence appears as noisy as in the visible video. The
fused video presents no halo effects when using any of the
filter banks.

Table 1 shows different metrics to quantify the fusion re-
sults. One critical point of these metrics is the absence of
a reference ground-truth, as only visible or IR sequences
are available. Fused images/video should convey the “most
relevant information”, which is quite subjective and appli-
cation dependent. Considering that there is a set of im-
age/video fusion metrics that atempts to reflect the actual
fusion quality, we provide the metrics used by the com-
pared algorithms. As the details provided by the compared
methods were not sufficient to be reproduced, we decided to
publish the values of the metrics informed in the references.

Table 1 shows the results produced by the Real-
time Fusion (RTF) [26], Generalized Random Walks
(GRW) [23], the Guided Filter Fusion (GFF) [14], the
Motion-Compensated Wavelet Transform (MCWT) [28],
the tri-dimensional Dual Tree Complex Wavelet Transform
(3D-DTCWT) [22,30] and the proposed MCTSF method. It
presents the MCTSF Haar and CDF 5-3 results for 6 (six)
selected sequences from the image/video fusion datasets
OCTCVBS/OSU [5], INO [1], EDEN [7] and DCUC [17].
All sequences are composed by VIS and IR video pairs,
presenting challenging characteristics for video fusion al-
gorithms. The VIS/IR video pairs in Table 1 were selected
from the chosen datasets to allow the comparison with the
results presented in [14, 23, 26, 28, 30]. The fused videos
using the MCTSF with their qualitative analysis, as well
as the source code of the algorithm are available online at
http://www.smt.ufrj.br/~fusion/videofusion, where one
can assess the spatiotemporal alignment and stability by
playing the videos.

Objective methods for quality analysis of video fusion
have been well studied in the literature [19–21, 29], where
most of them are based only on spatial information. The
Mutual Information metric (MI) [8] measures the mutual in-
formation between the fused frames and their correspond-
ing visible and infrared frames. The Structural Similarity
index (SSIM) [25] is a quality assessment method based on
the degradation of structural information. As it takes into
account the high frequency content, it is well suited for the

evaluation of image/video fusion algorithms, since it is able
to spot edge misalignment. One exception is the Dynamic
Quality metric (DQ) [19], which combines the spatial in-
formation preservation estimates obtained from the current
frame with temporal information preservation estimates ob-
tained from previous and subsequent frames. Note that as
both MI and SSIM metrics are calculated between the fused
and each source frame (VIS and IR), the values exhibited
in Table 1 are averages over all frames. All the employed
metrics have been reported to present good correlation with
subjective tests [8].

The results presented in Table 1 show that the MCTSF
Haar outperforms all the other methods when assessed by
the SSIM metric, with the only exception being the the
SSIMV IS for the DCUC dataset fused by the MCTSF CDF
5-3 method. The RTF method presents the highest MIV IS

values for sequences OCTBVS OSU:Dataset03 and INO
Group Fight, while the MCTSF Haar and CDF 5-3 outper-
form the other methods for the remaining sequences. The
MIIR highest values are presented by the RTF, GFF and
MCTSF for different sequences. Table 1 shows that the
MCWT method outperforms the MCTSF versions for the
EDEN sequence, when the fused sequences are assessed by
the DQ metric, while the MCTSF Haar and CDF 5-3 show
the highest DQ values for all other sequences. In addition,
all fused videos employing the MCTSF method preserve
both texture (despite the different levels of spatial informa-
tion) and infrared data, yet maintaining the spatiotemporal
alignment.

Although presenting interesting results, the recent work
of Hu et al. [12] employs a different methodology to cal-
culate the metrics, preventing the realization of fair com-
parisons. Therefore, its results were not considered in the
quantitative analysis of this paper.

5. Conclusions
The proposed video fusion method (MCTSF) is based

on the use of motion-compensated temporal sub-band de-
compositions, using two different filter banks and simple
fusion rules. Temporal filtering is carried out in the direc-
tion given by motion vectors that are computed by using
half-pixel precision motion estimation on 4×4 blocks. Our
results indicate that the temporal information introduced by
the use of motion-compensated sub-band decompositions
tends to reduce eventual registration errors, and is quite ef-
fective in producing good quality fusion results even when
a very simple fusion rule is applied to the temporal sub-
bands. The fused videos preserve both texture and infrared
information, showing that the proposed method is competi-
tive in comparison to state-of-the-art methods when consid-
ering the DQ and MI metrics. When evaluated by the SSIM
image quality metric, the MCTSF even outperforms these
state-of-the-art methods.



(a) VIS (b) IR (c) CDF 5-3 (d) Haar

(e) VIS (f) IR (g) CDF 5-3 (h) Haar

(i) VIS (j) IR (k) CDF 5-3 (l) Haar

(m) VIS (n) IR (o) CDF 5-3 (p) Haar

(q) VIS (r) IR (s) CDF 5-3 (t) Haar

(u) VIS (v) IR (w) CDF 5-3 (x) Haar

Figure 3: Results achieved using two different filter banks in MCTSF. Each line shows a sample frame from the sequences OTCBVS
OSU:Dataset03, OTCBVS OSU:Dataset06, INO Park Evening, INO Group Fight, EDEN and DCUC respectively.



Method DQ MIV IS MIIR SSIMV IS SSIMIR

RTF - 2.06 1.20 0.75 0.51
GRW - 1.45 1.03 0.58 0.60

OTCBVS GFF - 1.90 0.95 0.75 0.47
MCWT 0.3052 - - - -

3D-DTCWT 0.3401 - - - -
(OSU:Dataset03) MCTSF CDF 5-3 0.4185 1.46 1.29 0.60 0.56

MCTSF Haar 0.4207 1.48 1.31 0.99 0.99

RTF - - - - -
GRW - - - - -

OTCBVS GFF - - - - -
MCWT - - - - -

3D-DTCWT 0.3073 - - - -
(OSU:Dataset06) MCTSF CDF 5-3 0.4155 1.38 0.96 0.64 0.57

MCTSF Haar 0.3178 1.01 0.77 0.99 0.99

RTF - 1.58 2.45 0.46 0.75
GRW - 1.36 1.64 0.41 0.74

INO GFF - 1.56 1.63 0.48 0.74
MCWT - - - - -

3D-DTCWT - - - - -
(Park Evening) MCTSF CDF 5-3 0.3868 1.69 1.93 0.54 0.75

MCTSF Haar 0.3906 1.82 2.11 0.99 0.99

RTF - 1.87 2.02 0.65 0.88
GRW - 1.43 1.58 0.69 0.75

INO GFF - 1.35 2.36 0.54 0.77
MCWT - - - - -

3D-DTCWT - - - - -
(Group Fight) MCTSF CDF 5-3 0.4172 1.17 1.33 0.69 0.77

MCTSF Haar 0.4237 1.32 1.41 0.99 0.99

RTF - 1.35 0.45 0.82 0.39
GRW - 1.21 0.33 0.76 0.61

EDEN GFF - 0.20 3.48 0.30 0.96
MCWT 0.4413 - - - -

3D-DTCWT 0.3313 - - - -
MCTSF CDF 5-3 0.3692 1.25 0.41 0.62 0.59

MCTSF Haar 0.3915 1.84 0.43 0.99 0.99

RTF - - - - -
GRW - - - - -

DCUC GFF - - - - -
MCWT 0.3907 - - - -

3D-DTCWT 0.3753 - - - -
MCTSF CDF 5-3 0.3384 0.7919 0.2922 0.4208 0.3816

MCTSF Haar 0.3911 0.7667 0.7677 0.4079 0.6625

Table 1: Comparative results of the proposed MCTSF with the RTF [26], the GRW [23], the GFF [14], the MCWT [28] and the 3D-
DTCWT [22, 30]. The best result for each metric is given in bold face.
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