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Abstract—Being able to cover a wide range of views, pantilt-zoom (PTZ) cameras have been widely deployed in visual
surveillance systems. To achieve a global-view perception of a
surveillance scene, it is necessary to generate its panoramic background image, which can be used for the subsequent applications
such as road segmentation, active tracking and so on. However,
few works have been reported on this problem, partially due
to the lack of benchmark dataset and the high complexity of
panoramic image generation of PTZ cameras. In this work, we
build, for the first time to our best knowledge, a benchmark
PTZ camera dataset with multiple views, and derive a complete
set of panoramic transformation formulas for PTZ cameras. We
further propose a fast multi-band blending method to address
the efficiency issue in panoramic image fusion and mosaicing.
Some related panoramic transformations are also developed, such
as cylindrical and overlooking transformations. Our proposed
approach exhibits impressive accuracy and efficiency in PTZ
panorama generation as well as panoramic image mosaicing.
Index Terms—Panorama, PTZ camera, Image blending.

I. I NTRODUCTION

P

An-tilt-zoom (PTZ) cameras have become increasingly
popular in many surveillance systems [1], [2], and they
are playing a crucial role in public security, traffic management, and smart city [3], [4], [5], [6]. The most significant
difference between PTZ cameras and other cameras lies in
that PTZ cameras allow us to control the pan, tilt and zoom
operations of the camera lens remotely [7], [8]. The angle
of view for the camera can be changed so that a broader
perspective can be observed. Fig. 1 shows an example of the
scene captured by a PTZ camera. With the images captured
by the PTZ camera, we can achieve a global perception of the
scene with various views, such as the building structure and
road distribution. Such global information can help us to better
understand the whole environment, locate more accurately
the positions of objects and targets, and identify them in the
surrounding area.
Generating a panoramic image for a surveillance scene is
important to perceive and understand this scene better. A
panorama is a compact representation of the environment
viewed from one 3D position [9]. It is an indispensable
step to generate the background panorama of the scene in
order to make full use of the background information for the
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Fig. 1. PTZ surveillance camera. The PTZ camera captures a single view
images each time, and a panoramic image is to be generated from multiple
single view images.

many subsequent applications, such as background subtraction,
object tracking, and road segmentation [5], [10], [11], [4]. A
related problem to panoramic image generation is panoramic
image mosaicking [9], [12], which has been widely studied.
Works such as [13], [14], [15] formulate image stitching as a
multi-image matching problem, and use invariant local features
such as SIFT (scale-invariant feature transform) [16] to find
matches among images. Meanwhile, bundle adjustment [17],
[18], [19], [20], which is a photogrammetric technique to
combine multiple images of the same scene into an accurate
3D reconstruction, has also been applied to match the images.
The idea behind multi-band blending [21], [22], [13] is to
blend low frequency bands over a large spatial range, and
high frequency bands over a short range to compensate for
exposure differences and misalignments.
Different from panoramic image mosaicing, the PTZ
panoramic image generation has its own characteristics. In
general, the optical center and geometric center of a PTZ
camera are supposed to be known. Thus, the location of one
single view image on the panorama depends on its pan, tilt and
zooming coordinates, which often can be obtained from the
camera. However, the PTZ camera geometry must be derived
first so that the spatial geometric relationship of camera can
be used to assist the generation of panoramic image.
To the best of our knowledge, very few works have been
reported on panoramic image generation. One reason lies in
the complexity and difficulty of this task, while the other one
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comes from the fact that there lacks an appropriate benchmark
dataset of PTZ camera images. Note that collecting a complete
set of detailed images with diversified views from a PTZ
camera is not a trivial job since we need to control the camera
remotely to cover all areas and corners. The existing related
works on this topic are incomplete and fragmentary. The works
in [10], [11] present a panoramic model for images obtained
by PTZ cameras, but an unreasonable assumption on geometric
center was made and some necessary steps were missed,
like image blending. Method in [23] only presents a local
panoramic mosaic generation solution for PTZ cameras. Works
in [24], [25] focus on panorama camera designing in order to
achieve a large field of view, while works in [2], [4], [7], [3]
focus on some applications with specific surveillance scenes,
such as sports broadcasts, sidewalk and traffic monitoring.
Xue et al. [5] proposed a local panoramic Gaussian mixture
model for PTZ background subtraction. Unfortunately, none
of the above works presents a complete solution for full PTZ
panorama generation.
In this work, we first build a PTZ image dataset, which
makes the in-depth investigation of PTZ panorama generation
possible. Then, we propose a complete and effective solution
to generate full PTZ panoramic images, which consists of
three stages. Stage 1 generates background images from the
set of single view images. Stage 2 transforms the background
images from all views into the panoramic image. Stage 3 fuses
and blends the overlapping regions among background images
from different views on panorama. Experimental results on
our dataset demonstrate the effectiveness and efficiency of the
proposed solution.
The main contributions of this work can be summarized as
follows:
1) We build a dataset for PTZ panorama generation. This
PTZ dataset consists of four different scenes and includes
8, 480 images in total. Meanwhile, each scene covers a
wide field-of-view so that a fully panoramic image can
be generated.
2) An effective panoramic image composition model for
PTZ cameras is presented.This geometric model provides a transformation function from single view images
to panoramic image. Moreover, its back-transformation
function is also provided for pixel interpolation.
3) A new multi-band blending method is developed to
efficiently fuse and blend the single view images into a
panoramic image. The proposed image blending method
is significantly more efficient than traditional multi-band
blending methods, and it needs much less memory for
computing.
4) Some related panorama generation transformations are presented for some specifical applications, including cylinder panorama and overlooking panorama.
The remainder of this paper is organized as follows. Section
2 reviews some related works and Section 3 introduces the
collected PTZ camera dataset. Section 4 presents in detail
our methods about background subtraction, PTZ panoramic
transformation, image blending as well as other related image
transformations. Section 5 shows our results of panorama

generation and Section 6 concludes the paper.
II. R ELATED W ORK
A. PTZ Camera
Pan-tilt-zoom (PTZ) cameras have been widely used in
recent years for surveillance applications because of its wide
field of views. There are a wide range of related applications,
such as PTZ camera network for sports broadcasts [4], PTZ
camera for surveillance scenes [2], [7], and PTZ camera
for traffic monitoring [3]. A geometric panorama model for
images obtained by PTZ cameras was presented in [10], [11].
Besides, Sinha et al. [23] presented a local panoramic mosaic
generation solution for PTZ cameras and Chen et al. [6]
studied the cooperative mapping of multiple PTZ cameras.
However, none of the above works presents a complete and
detailed scheme for generating a full panorama with images
obtained from PTZ cameras.

B. Image Mosaicing
Mosaicing is a popular method to effectively increase the
field of view of a camera. It combines several views of a scene
into a single view with larger compositions of a 3D scene. In
[13], [14], [15], the invariant local features such as SIFT [16]
were used to match the images, and image stitching was
formulated as a multi-image matching problem. Meanwhile,
bundle adjustment [19], [20], which is a photogrammetric
technique to combine multiple images of the same scene
into an accurate 3D reconstruction, was applied to solve a
large scale sparse geometric parameter estimation problem
[17], [18], [26]. An image stitching method which allows
local non-projective deviations was proposed in [27] to deal
with model inadequacies. Agarwala et al. [28] presented a
digital photomontage method based on graph-cut optimization
to choose good seams and reduce ghost artifacts.

C. Image Blending
Image blending aims at compensating for exposure differences and reducing the artifacts generated from some
small mis-alignments by fusing and blending the overlapping
regions among different images. Spatially-variant weighting
is often used to achieve this goal. An attractive solution to
this problem was developed by Burt et al. [22]. Instead of
using a single transition width, a frequency-adaptive width
is used by adopting a band-pass (Laplacian) pyramid and
setting the transition widths as a function of the pyramid level.
Multi-band blending [13] extends this idea into panoramic
image generation. However, it is inefficient to deal with a
large number of images at a time. An alternative approach to
multi-band image blending is to perform the operations in the
gradient domain, such as [29], [30], [28], but these methods
are still not sufficiently fast. In this work, we will propose
a highly efficient blending method to speedup the traditional
multi-band blending process.
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III. O UR PTZ I MAGE DATASET
There are very few PTZ camera image datasets publicly
available. Some previous datasets [39], [40] about PTZ images
were designed for background subtraction, which cannot be
used to reconstruct a complete panoramic background image
because some views of the scene are missing. Considering
that one of the most common applications of PTZ cameras is
panorama generation for traffic video surveillance, we propose
to build a PTZ image dataset by collecting images from topdown traffic views. Specifically, we collected 4 groups of
images with a PTZ camera (HIKVISION DS-2DF7274-AW
1.3MP IR Wiper Network PTZ Camera) to build a benchmark
and evaluate our proposed PTZ panoramic image generation
approach. Each image group was collected from one real traffic
scene, such as intersection or overpass, and it consists of a
variety of images from different views. Meanwhile, the images
from one single view were collected at different moments,
so that these images may have various foreground objects in
different regions.
The detailed information about how the images were collected for one scene is shown in Table I. For those views
with small values of tilt, which have more dense objects,
more images were collected to ensure that we can obtain a
clear background from these images. Moreover, in this case
small pan interval should be applied so that the images can
cover a wider field-of-view (FOV) and a large-scale range.
The view of images in our dataset has pan and tilt changes.
We do not consider the zoom changes because of two reasons.
First, zoom is much more difficult to control than pan and tilt
when collecting images, and thus it will increase much the
cost for dataset collection. Second, the zoom images can be
easily simulated by cropping the central region of an image
and resizing it to the size of original image. The synthetic
images with zoom changes can be readily used to evaluate a
PTZ panorama generation method.
Our PTZ image dataset consists of four scenes: two intersections and two overpasses, among which each scene contains 52

TABLE I
D ETAILS OF DATASET SPLITS ON ONE SCENE . O UR DATASET CONSISTS OF
4 TRAFFIC SCENES AND CONTAINS 4 × 2, 120 = 8, 480 IMAGES IN TOTAL .

View 1

D. Background Subtraction
Background subtraction is a classical research topic in
video processing. The main goal of background subtraction
is to separate moving object foreground from the background
in a video, making the subsequent video processing tasks
easier and more efficient. The earlier strategies to background
subtraction are usually to directly distinguish background
pixels from foreground ones through some simple statistical
measures, such as the median or mean model [31], [32]. In
recent years more and more low-rank based methods have been
developed to address this problem, such as PCP (Principal
Component Pursuit) [33], GODEC [34] and DECOLOR [35].
To achieve real-time background subtraction, online subspace
learning methods such as GRASTA [36], incPCP [37] and OMOGMF [38] have been proposed. However, all these methods
can only deal with the videos with a single view background,
even sometimes with a certain degree camera jitter. Only a
local panoramic Gaussian mixture model was proposed in
[5] for PTZ background subtraction. In this paper, we aim
to generate a full background image with PTZ camera.

Intersection I

Intersection II

Overpass I

Overpass II

Fig. 2. Some images in our PTZ dataset. Our dataset contains four groups of
images, which are obtained from four traffic scenes, and each group consists
of 52 views.

views and 2,120 images with resolution 576 × 704. Thus, our
dataset contains 4 × 2, 120 = 8, 480 images in total. Besides,
the values of pan, tilt and zoom for each view are also given.
Some example images are shown in Fig. 2. We name these
four image groups as: Intersection I, Intersection II, Overpass I
and Overpass II, which are all outdoor real traffic surveillance
scenes. The PTZ camera can gather images from any view
without large obstructions and obstacles.
The images from one scene were collected within one
hour and the time interval between two adjacent images from
one view is 3∼5 seconds so that only slight circumstance
illumination change could happen. Meanwhile, some views
may have sparse foreground object distribution, while other
views may have dense foreground object distribution, especially for those views with small tilt. Images from two spatially
adjacent views have a large enough overlapping region to
make sure that there is no region ignored and the image
group can completely cover every corner in this surveillance
scene. Our dataset can be downloaded at: https://github.com/
Yonghongwei/PTZ-panoramic-background.
IV. PANORAMIC I MAGE G ENERATION
In this section we present in detail our panoramic image generation approach. Generally speaking, the panorama
generation process involves the following steps: camera parameter estimation, image registration, straightening, luminance compensation and image blending. For the panorama of
PTZ data, four key steps are necessary: background subtraction, panoramic transformation, camera calibration and image
blending. Specifically, the background images for all single
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Low-frequency Band

Background Subtraction

+

Camera Calibration

High-frequency Band

Panoramic Transformation

…

…

…

Multi-band
Blending

Generated Panorama

Fig. 3. The flowchart of PTZ panorama generation. There are mainly four steps: background subtraction, camera calibration, panoramic transformation and
multi-band blending.

views should be obtained first, then we need to transform
all the pixels in these background images into the panoramic
image. Finally, we fuse and blend all the overlapping regions
in a panoramic image to get the background panoramic image.
The flow chart of our panoramic image generation process is
shown in Fig. 3.
A. Background Subtraction
Since there are always some moving objects in the scene,
if we directly use the collected original images to generate
the panoramic image, there would be considerable blurred
regions and ghost artifacts caused by the moving objects.
Although the method proposed in [28] can reduce the ghost
problem to some extent, it needs certain interactions from
users and cannot handle well the images with dense moving
objects. Therefore, it is a primary operation to extract the
background images for all single views. Fortunately, some
background subtraction methods [31], [33], [36], [38] have
been proposed to achieve this goal, which aim to separate
moving object foreground from the background in a video
sequence. Therefore, background subtraction can be adopted
to the images of each view to obtain a clean single view
background image.
There are a variety of background subtraction methods [33],
[36], [38], [35], [34] developed to separate foreground of
moving objects from the background in a video sequence. In
our case, the goal is to generate one background image from
a single view image group. Some simple statistical methods
like the median or mean model [31], [32] can be employed
to address this problem. Generally speaking, the mean and
median methods optimize an Lp -norm average problem:
min
I

K
X
k=1

||Ik − I||pp

(1)

where Ik ∈ <m×n is the kth original image in a single
Pview,
p
I is the background we want to extract, and ||I||pp = ij Iij
is the Lp norm. Specifically, when p = 2, the solution is the
mean method, and when p = 1, the solution is the median
method. When p has a small value less than 1, e.g. 0.5,
the objective function Eq. (1) becomes a nonconvex function,
which however leads to a solution robust to foreground objects.
Such a nonconvex function with p < 1 can be solved by the
re-weighted algorithm [41]:
min
I

K
X

||Wk

(Ik − I)||22

(2)

k=1

where denotes the Hadamard product (element-wise multik
plication) and each element of Wk is wij
= |I k −Iij 1|1−p/2 + .
ij
The solution of Eq. (2) is
PK
k k
k=1 wij Iij
Iij = P
(3)
K
k
k=1 wij
k K
which is a weighted mean of {Iij
}k=1 . Therefore, we can
use the mean or median as an initial solution for I, and then
alternatively update I and Wk by solving Eq. (2) until convergence. Fig. 4 shows some background subtraction results
by using Lp (p = 0.5) average method, which can result in
a clear background. In addition, our background subtraction
method can reduce the degree of noise to some extent.

B. Camera Calibration
A key step in generating a panoramic image is to calculate
the camera parameters to determine the 3D coordinate for
each single view image. Although some PTZ cameras can
provide the camera parameters of the current view, such as
pan, tilt and focal length, it is still necessary to estimate more
accurately the camera parameters for obtaining a seamless
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Original Frame

Background
Foreground

Fig. 4. Some background subtraction results by Lp (p = 0.5) average
method. From top row to bottom row are the original frames, background
frames and foreground frames, respectively.

where I(i) is the set of images to match image i, and
Xi,j and Xj,i are the SIFT matching point pair matrices of
images i and j, respectively. Each column of Xi,j and Xj,i
record the location of SIFT feature point for a matching point
pair in image i and j, respectively. L2,1 norm makes the
objective function robust to some mismatching point pairs,
and its function is similar to the Random Sample Consensus
(RANSAC) [42].
After the camera parameters are estimated, all single view
images can be aligned according to a series of homographies.
Fig. 5 compares the panorama results by using the original
camera parameters and the estimated camera parameters. One
can see that with camera calibration, the misalignment at
the seams between different views can be largely reduced,
improving much the panorama quality. Because the objective
function in Eq.(4) is nonconvex, the gradient descent based
optimization may not reach the global optimum so that there
are still some misalignments in some regions.

C. Panoramic Transformation

(a) Original camera parameters

(b) Optimized camera parameters

Fig. 5. Panorama results with (a) original camera parameters and (b)
optimized camera parameters.

panoramic image. For each single view image, there are three
parameters (θ, φ, f ) to be estimated, which represent pan, tilt
and focal length, respectively. The transformations between
two single view images in a PTZ camera can be considered
as a special homography, since all the single view images share
a common optical center. The pairwise homography between
the ith image and the jth image is


fi
where Ki =  0
0

1
0
Rθi = 0 cosθi
0 sinθi

Hij = Ki Ri RTj K−1
j

0 0
fi 0, Ri = Rθi Rφi and
0 1


0
cosφi −sinφi
−sinθi , Rφi = sinφi cosφi
cosθi
0
0


0
0.
1

SIFT point matching [16] can be applied to this camera
calibration process and bundle adjustment [17], [18], [19], [20]
can be used to solve the camera parameters for single view
image coordinate simultaneously by minimizing the sum over
all key frames of the residual errors. The residual errors can
be represented as:
L({(θi , φi , fi )}N
i=1 ) =

N
X
X
i=1 j∈I(i)

||Xi,j − Hij Xj,i ||2,1

(4)

After getting the background images of all single views,
we need to transform these images by the panoramic transformation. A mapping function between the original image
point (x, y) and its corresponding pan and tilt orientation
(θ0 , φ0 ) should be calculated. Without loss of generality, we
assume that the coordinate of the center point in an image
is (0, 0) and its corresponding pan and tilt (θ, φ) are known.
A mapping model for panoramic image was proposed in [10],
[11]; however, it is found that a hypothesis made in this model
may not hold true, especially for the derivation of θ0 .
Fig. 6 shows the spatial geometric relationship between the
view of the PTZ camera and the image we get. The image
plane is denoted by I, and the optical center of the camera is
O. Meanwhile, pan and tilt for center point R of the image
I is (θ, φ), and the line OC is perpendicular to the ground.
The point P is with coordinates (x, y) in the image coordinate
system. It should be emphasized that the point C is not the
center of the ellipse (the interaction between image plane I
and the cone in Fig. 6(a)), which implies that the hypothesis
made in [10], [11], i.e., point C is the center of the ellipse,
is improper. The only assumption in our modeling is that
the light centers (camera focus) of different views coincide
at point O. In real case, there might be small light center
deviations among different views, which may cause some tiny
misalignments in the final panoramic results. We therefore
derive the transformation mapping function in the following
development.
Let’s first define some notations. For lines, P Q = x,
RQ = y, and OR = f is the camera focal length; for angles,
∠RCO = φ, and ∠OP M = φ0 . We need to calculate ∠OP M
and ∠QM P , which are φ0 and dθ, respectively.
According to the spatial geometric relationship, we can
f
easily derive that a = RC = tan
φ , then from Fig. 6(b), we
have
sin(∠OP M ) =

OM
OC − M C
=p
OP
OR2 + RQ2 + QP 2

(5)
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Fig. 6. Camera geometry of a PTZ camera. (a) Overall geometry of the camera model. (b) Calculation of tilt φ0 . (c) Calculation of change in pan dθ.

where OC = f / sin φ, M C = (y + a) cos φ, and thus
!
f
sin
φ
−
y
cos
φ
φ0 = arcsin p
x2 + y 2 + f 2

(6)

For the pan, we can easily obtain dθ according to the geometric
PQ
relationship in Fig. 6(c), i.e., tan(∠P M Q) = M
Q . Therefore,


x
dθ = arctan
(7)
y sin φ + f cos φ
So the pan and tilt for image point (x, y) is (θ + dθ, φ0 ), while
dθ and φ0 can be calculated by Eqs. (6) and (7).
After having pan and tilt (θ0 , φ0 ), we also need a polar
coordinate transformation to map the original coordinate into
circle panorama coordinate. This transformation can be defined
as:
 0
x = r( π2 − φ0 ) cos θ0
(8)
y 0 = r( π2 − φ0 ) sin θ0
where (x0 , y 0 ) is the final coordinate in panoramic image with
respect to point (x, y) in original image I, and r × r is the
resolution of the panoramic image. Besides, a positive number
should be added to (x0 , y 0 ) to make sure they are positive.
Although we have obtained the transformation mapping
function, there are still some issues remaining. Specifically,
the coordinate of a pixel in an image is always an integer, but
it cannot be guaranteed that the final result (x0 , y 0 ) are exactly
integers. Some interpolation methods, such as nearest neighbor
interpolation and bicubic interpolation, could be employed to
address this problem. However, for a high resolution panoramic image, there would be numerous pixels to be interpolated.
For each single view image, we need to determine its corresponding region in the panoramic image to know where the
pixels should be interpolated. It is thus necessary to derive the
back mapping function for the panoramic transformation. With
this function, we can locate the region in panorama related to
a certain single view image, and then interpolate the pixels in
this region.

To derive the back mapping function, we solve a quadratic
equation according to Eqs. (6) and (7). Here, we directly
present the result:
(
√
2
−b+sign( π
2 −dθ) b −4ac
y=
2a
(9)
x = (y sin φ + f cos φ) tan dθ
where

 a = tan2 dθ sin2 φ0 sin2 φ + sin2 φ0 − cos2 φ
b = 2f sin φ cos φ(tan2 dθ sin2 φ0 + 1)

c = f 2 (cos2 φ tan2 dθ sin2 φ0 − sin2 φ + sin2 φ0 )

(10)

Note that we can also apply this back mapping function to
generate any single view background image from its related
panorama.
D. Fast Multi-band Blending
1) Multi-band Blending: After mapping all single view
background images to panorama, there still remain some
essential operations before getting the final panorama. One
is gain compensation [13], [43], which adjusts the brightness
of all images to reduce the brightness variation between
adjacent images. However, gain compensation cannot deal
with the artifacts such as vignetting, parallax effects and misregistration errors. Fortunately, these issues can be tackled by
image blending, which aims at fusing the overlapping regions
to compensate for exposure differences and mis-alignments.
A few types of blending methods [22], [29], [30], [28] have
been developed, among which multi-band blending [22], [13]
is the most suitable one for our problem.
By panoramic transformation, the K original images
k 0 0 K
{Ik (x, y)}K
k=1 are transformed to {I (x , y )}k=1 , which share
a common coordinate system in the final panorama. In order
to combine the information from multiple images, we define
the weight image for each image as W (x, y) = w(x)w(y),
where w(x) varies linearly from 1 at center of the image
to 0 at boundaries. The weight images {Wk (x, y)}K
k=1 are
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Band Blending

High-frequency Band

Original Images
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Low-frequency Weight

Panoramic Transformation
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Low-frequency Band

Fig. 7. Fast multi-band blending. There are several steps in fast multi-band blending: band separation, panoramic transformation, pixel weighted average and
band blending. The low-frequency band and high-frequency band use different weight matrices for panoramic image generation.
k

also resampled in panoramic coordinates {W (x0 , y 0 )}K
k=1 . A
simple approach is linear blending, which can be defined by:

refer to the third column of Fig. 14 for some examples).
Specifically, the weight can be defined by
k

I

linear

0

0

(x , y ) =

PK

k

0

0

k

0

0

I (x , y )W (x , y )
PK
k
0 0
k=1 W (x , y )

k=1

However, this approach usually causes blurring of details due
to some small registration errors (please refer to the first
column of Fig. 14 for some examples). Another approach is
hard blending
 hard 0 0
P
k
k
0
0
0
0
 I
(x , y ) = K
k=1 I (x , y )Wmax (x , y )
k
j
0
0
k
1 if W (x , y ) = argmaxj W (x0 , y 0 )
 Wmax (x0 , y 0 ) =
0 otherwise
(11)

Although more details can be preserved, some image edges
may be over-sharpened by hard blending (please refer to the
second column of Fig. 14 for some examples) .
To avoid these blurring and over-sharpening artifacts, multiband blending [22], [13] attempts to apply different blending
functions to different frequency bands of one image. We set
Ik1 = Ik and denote the different frequency bands for i ∈
{1, ..., M − 1} by:
 k
Bi = Iki − Iki+1
(12)
Iki+1 = Iki ↓s ↑s
where M is the number of bands, Bki is the ith band of the
kth image, BkM = IkM , ↓s is the sub-sampling operation,
which reduces the size of the image s times, and ↑s is the
up-sampling operation, which enlarges the size of the image s
times. Therefore, {Bki }M
i=1 consists of M different frequency
k
k
bands of I . Besides, Bi and Ii denote the corresponding
images of Bki and Ii under panoramic transformation.
For low-frequency band, one can use the blending weight
generated by a large variance Gaussian kernel to ensure
smooth transition of the edge, while for high-frequency band,
one can employ a Gaussian blurring kernel with small variance
to guarantee that the resulting image has enough details (please

k

Wi = Wmax ∗ gσi

(13)

where gσi is the Gaussian burring kernel with standard deviation σi = iσ and ∗ is the convolution operation. Finally, the
blended image can be obtained by

P
k
k
0 0
 B (x0 , y 0 ) = K
k=1 Bi (x ,y )Wi
PK
i
k
(14)
k=1 Wi
 mb PM
I = i=1 Bi
However, the above traditional multi-band blending methods are computational resource demanding, such as large
memory requirement and high computational complexity. We
thus propose a fast multi-band blending method which has
small memory requirement and low computational complexity
without sacrificing the blending accuracy.
2) Fast Multi-band Blending: Actually, for the lowfrequency band, linear blending can do a good job, while
for the high-frequency band, hard blending could work better.
Therefore, a function which can link linear blending and hard
blending method for the ith band can be formulated as
PK
k 0 0
k
0 0
k=1 Bi (x , y )f (W (x, y), ηi )
(15)
Bi (x , y ) =
PK
k (x, y), η )
f
(W
i
k=1
where f (I(x, y), η) is some strongly convex function, such as
I(x, y)η or eηI(x,y) and η controls the strength of convexity.
We simply choose f (I(x, y), η) = I(x, y)η . The point (x, y)
in the original image corresponds to (x0 , y 0 ) in panorama.
According to Eqs. (9) and (10), it is unnecessary to calculate
k
{W (x0 , y 0 )}K
k=1 since there is no later operation on it. So we
only need to record the mapping relationship between their coordinates (x, y) and (x0 , y 0 ) when transforming {Ik (x, y)}K
k=1
k
to {I (x0 , y 0 )}K
.
There
are
no
more
additional
calculations
k=1
for Wk (x, y), such as convolution operation, compared with
existing multi-band blending methods. Instead of convolving
with a Gaussian blurring kernel, we can adjust the parameter
ηi to control the fusion strength for different bands. More
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(a) Circle Panorama

(b) Overlooking Panorama

(c) Cylinder Panorama

Fig. 8. Different types of panorama. (a) Circle panorama. (b) Overlooking panorama with tilt > 10◦ . (c) Cylinder panorama.

specifically, we set ηi to a small number for low-frequency
bands and a large number for high-frequency bands. This is
because Bi would have smooth transition of the edges but
lose some details with a small ηi (like linear blending), and
would keep more details but have sharp edges with a large
ηi (like hard blending method). Finally, we get the panoramic
PM
f mb
background image by summing all bands: I
= i=1 Bi .
Fig. 7 shows the process of the fast multi-band blending.
The commonly used multi-band blending approaches [13]
k
need to save the variables {W (x0 , y 0 )}K
k=1 into memory at
the same time since they perform the max operation with all
images as inputs. This will cause a large memory consumption
when K is large or the panorama resolution is high. Comparatively, our proposed blending approach only needs to save
one image and its associated weight image at a moment by
introducing the following auxiliary variables, for k ≥ 1:
(

k

k−1

k

(16)

0

where Ai (x0 , y 0 ) = 0 and Ci (x0 , y 0 ) = 0. When the kth
k
k
image comes, the variables Ai and Ci overwrite the memory
k−1

k−1

K

A (x0 ,y 0 )

f

(a) Circle Panorama

O
f

(b) Overlooking Panorama

Fig. 9. The geometric relationship between (a) circle panorama and (b)
overlooking panorama.

E. Some Related Transformations

Ai (x0 , y 0 ) = Ai (x0 , y 0 ) + Bi (x0 , y 0 )f (Wk (x, y), ηi );
k
k−1
Ci (x0 , y 0 ) = Ci (x0 , y 0 ) + f (Wk (x, y), ηi )
0

O

i
of Ai
and Ci , and finally, Bi (x0 , y 0 ) = K
. As
Ci (x0 ,y 0 )
a result, our proposed fast multi-band blending method only
needs O(mn + M r2 ) memory, while the conventional multiband blending methods requires O(mn + KM r2 ) memory.
Therefore, our method can handle a larger number of images
with limited memory.
It also deserves to mention that our proposed multi-band
blending method can not only be used to generate PTZ
panorama, but also be applied to other image mosaicing tasks,
such as panorama stitching and VR image generation, because
it is a general approach for image blending and fusion.

In addition to the transformation from single view images to
circle panorama, there are also some other types of panorama,
which can be applied to different applications.
1) Cylindrical Transformation: The first one is the panorama with cylindrical transformation, which is the most common
type of panorama. Because rectangle images are very easy for
people to observe and contemplate, they have been commonly
used in our daily life. Furthermore, cylindrical transformation
can transform an original image into the side plane of a
cylinder, which can be unfolded into a rectangle. Therefore,
the final panoramic image is a rectangle image. To obtain the
cylinder panorama from original images or circle panorama,
we can replace Eq. (8) by the following equation:
 0
x = rθ0
(17)
y 0 = rφ0
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p=0.1

p=0.5

p=1

s=8

s=32

s=64

Fig. 10. Results with different parameters p and s. The first row shows the background subtraction results with different p, including 0.1, 0.5, 1; the second
row shows the blending results with different subsampling rate s, including 8, 32, 64.

where r is the parameter related to the resolution of final
panorama. Similarly, (x0 , y 0 ) could be added with a positive
number to guarantee the non-negative property. Fig. 8(c) shows
the result of cylinder panorama for scene of Intersection I,
from which we can have a more comfortable perspective compared with circle panorama. However, the cylinder panorama
would lose some information of relative location existed in
circle panorama, especially the tilt information, so that we
cannot exactly know the location of a specific view in cylinder
panorama.
2) Overlooking Transformation: Neither circle panorama
nor cylinder panorama can maintain the linearity property,
which means that there are more or less some non-linear distortions of image structure in these panoramas. For example,
one straight line in the original image will be transformed
into a curve in these panoramas. The nonlinearity may cause
troubles for some applications. For instance, in the task of
road segmentation on images captured by a PTZ camera, it is
difficult for people to label the road on these two panoramas,
because curve is more difficult for people to draw than straight
lines.
Based on the above discussions, one interesting question is:
can we find a panoramic transformation which can maintain
the linearity? Fortunately, we find such a transformation, and
name it overlooking transformation since its result looks like
overlooking ground from the top view. This transformation
can be defined by replacing Eq. (8) by

0
π
)
0
 x0 = r tan(π 2 −φ
tan( 2 −φ0min ) cos θ
(18)
0
π
)
 y 0 = r tan(π 2 −φ
sin θ0
0
tan( 2 −φmin )

where φ0min is the low-bound of tilt φ0 , namely, φ0 ≥ φ0min >
0. Fig. 8(b) shows some results of overlooking panorama
with different φ0min . The geometric relationship between circle
panorama and overlooking panorama is shown in Fig. 9. The
circle panorama directly projects all single view images into

(a)

(b)

(c)

(c)

Fig. 11. Local panorama results. (a) Local panorama image stitching method
proposed by [13], [14]; (b) and (c) local circle and cylinder panorama proposed
in this paper.

ground plane, while the overlooking panorama extends all
single view images to ground plane. Obviously, overlooking
transformation holds the linearity property. If the road is on the
same plane, the result would look like overlooking the road
from some higher position. Meanwhile, the parameter φ0min
controls the overlooking height. The smaller the value of φ0min
is, the larger perspective the final panorama has. Nevertheless,
those areas which are not on the road plane may have some
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tilt>20°

tilt>15°

tilt>10°

tilt>5°

Intersection I
Intersection II
Overpass I
Overpass II
Fig. 13. Panorama results on our PTZ dataset by the proposed method. From top to bottom rows are the results of four traffic scenes: Intersection I, Intersection
II, Overpass I and Overpass II. The panoramic results of each scene include circle panorama (left), cylinder panorama(bottom right) and overlooking panorama
(top right) with tilt > 20◦ , tilt > 15◦ , tilt > 10◦ and tilt > 5◦ .

distortions, but these distortions do not break the linearity of
image structures. Consequently, the road segmentation task can
be easily done by people in these panoramas. The proposed
transformation can also be applied to images captured by
fisheye cameras.
V. E XPERIMENTS
A. Parameter Settings
There are five parameters in our method, including p in Eq.
(1), r in Eq. (8), s in Eq. (12), and η1 , η2 in Eq. (15). The

parameter r is related to the resolution of panorama, which
is set as 3000 in our experiments. We used the line search
strategy to find the best settings of the other parameters within
a suitable range. For example, p can be set within the range
(0, 2]; we increased p from 0.1 to 2 with step length 0.1,
and found that setting p to 0.5 can result in clean and stable
background subtraction. The first row of Fig. 10 shows the
background subtraction results on one view by setting p to 0.1,
0.5, and 1, respectively. One can see that both p = 0.1 and
p = 0.5 leads to good result; however, p = 0.1 is not as stable
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Linear Blending

Hard Blending

Multi-band Blending

Fast Multi-band Blending

Intersection I
Overpass I
Intersection II
Overpass II
Fig. 14. Comparison of different image blending methods. From top to bottom rows: Intersection I, Intersection II, Overpass I and Overpass II. From left to
right columns: the results by linear blending, hard blending, multi-band blending and fast multi-band blending.

as p = 0.5 in most of our experiments. For the subsampling
rate s, if it is too small or two big, the low frequency and high
frequency bands cannot be separated effectively. The second
row of Fig. 10 shows the panorama results by using different
subsampling rate (s = 8, 32, 64) for blending. One can see
that the panorama is over-blurred when s is small, but the
result would have certain seam artifacts when s is too large.
After many tests, we found that s = 32 is a good choice
for our multi-band blending method. In addition, η1 and η2
control the degree of blending for low-frequency band and
high-frequency band, respectively. η1 should be smaller than
η2 . We tried different values of them and found that setting

η1 = 10 and η1 = 200 can lead to satisfactory and stable
performance.
B. Panorama Results
To testify the effectiveness of our proposed method, we
generate PTZ panoramic background images on our dataset.
To our best knowledge, there is no prior work which presents a
complete PTZ panorama generation process. In some existing
works [23], [13], [15], it has been discussed how to generate a
local panorama from several images; however, these methods
cannot be directly extended to generate a full panoramic
image because the global geometric relationship is missing
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Linear Blending
Hard Blending
Multi-band Blending
Fast Multi-band Blending

6
4
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200

400
600
800
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1000

Fig. 15. Running time of all blending methods on different resolutions.

Fig. 12. Panorama results of images with zoom change. The first row shows
two original images with different zoom changes; the second row shows the
corresponding panoramic images. Their boundaries are highlighted.

and some single view images cannot be located on panorama.
To make some comparison with such local panorama methods,
we adapt our method to generate a local panorama by using
the images with three adjacent views in Intersection I of our
dataset. We compare our method with the local panorama
image stitching method proposed in [10], [11], which adopts
bundle adjustment to calibrate camera and multiband blending
to fuse all the images. Fig. 11 shows the local panorama results
by method [10], [11] and the circle and cylinder panorama
generated by our method. One can see that our method can
generate clearer panoramic image with much less artifacts on
the seams between adjacent views.
Though the images in our PTZ dataset have only pan
and tilt changes, our PTZ model can also effectively deal
with zoom changes. In our PTZ camera geometric model,
the parameters θ, φ and f control the pan, tilt and zoom,
respectively. Therefore, adjusting properly the value of f can
enable our PTZ model easily handle the zoom changes. In the
first row of Fig. 12, we synthesize zoomed images by cropping
the central region of some images (with half length and half
width) and resizing them to the size of original images. Then
the focal length f of the synthetic images can be set as double
as their original values when adopting our panorama method.
The second row of Fig. 12 shows the panorama results. One
can see that our PTZ model can deal with zoom changes
effectively.
Finally we give the full panorama results of our method. Fig.
13 shows the generated circle panorama, cylinder panorama
and overlooking panorama by our method on the four scenes in
our dataset, including Intersection I, Intersection II, Overpass
I and Overpass II. Since our method has very small memory
requirement, we can easily generate a 3000 × 3000 highresolution panoramic image with 52 single view images of
resolution 576 × 704. From the results, we can see that our
approach can achieve favorably good performance. Besides,
we can find that the focal length of these four different cameras

(a) Intersection I

(c) Overpass I

(b) Intersection II

(d) Overpass II

Fig. 16. Panorama results without background subtraction.

is about 0.95 through SIFT keypoint matching. The runningtime for generating a panoramic image of each scene is less
than 20 seconds on a thinkpad laptop with a 2.3GHz i5 CPU
and 8G RAM in Matlab, which demonstrates that our method
is very efficient.
C. Blending Experiments
To illustrate the superiority of our proposed blending
method, we present two experiments to show its effectiveness
and efficiency, respectively. In Fig. 14, we present the multiband blending results on Intersection I, Overpass I, Intersection II and Overpass II by four blending methods, including
linear blending [13], hard blending, multi-band blending [22],
[13] and the proposed fast multi-band blending. From Fig.
14, we can see that our fast multi-band blending approach
can achieve similar or even better performance than the
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conventional multi-band blending method. For linear blending,
the blended images are blurred to some extent, and for
hard blending, the image edges are obviously over-enhanced.
Although there is no proper quantitative metric to compare the
different methods, the visual comparison demonstrates that the
performance of our blending method is distinguished.
Fig. 15 shows the running time with different panorama
resolutions ranging from 200 × 200 to 1000 × 1000 for all
blending methods on 52 images with resolution 576 × 704.
Each method was executed ten times, and the final running
time is taken as the average of the ten runs. We can see that
our proposed method exhibits significantly faster speed than
other multi-band approaches. It only uses about 5 seconds to
generate a 1000×1000 panorama, while traditional multi-band
blending methods cost more than 11 seconds. Our method is
even faster than linear and hard blending methods because
we do not need to save and calculate the blending weight
k
W (x0 , y 0 ) explicitly. As an alternative, we only save the
original blending weight Wk (x, y) and use the corresponding
relationship between their coordinates to get the result by Eq.
(15).

of PTZ images, and each group of images were collected by
one PTZ camera from a certain traffic scene. Secondly, we
gave a complete derivation of panoramic transformation based
on its spatial geometry, as well as its back-transformation
mapping. Two related transformations were also developed
for generating cylinder panorama and overlooking panorama,
which can be applied to different applications. Thirdly, a fast
multi-band blending method was proposed to promote the effectiveness and efficiency of image blending. The experimental
results on our dataset demonstrated the impressive panoramic
image generation performance of our method. In particular, our
blending method significantly outperforms traditional multiband blending method in terms of time and memory complexity, while maintaining comparable and even better visual
perception performance.

D. Necessity of Background Subtraction
In order to illustrate the necessity to use background subtraction to remove the foreground objects in the single view
images, we also give the panorama results without background
in Fig. 16. We can see that there are lots of ghosts in the
panoramic image, which are caused by the existence of foreground objects. In general, the foreground objects in different
single view images are different since the PTZ camera can
only capture the image from one view for a certain scene
at a moment. For crowed scenes, more images are needed
for obtaining a clear background. In our dataset, we used
50 images for the crowed scenes, and 20 images for general
scenes.
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