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Target detection in plane position indicator (PPI) radar images aims at separating moving targets from
complicated background image. Background subtraction is a powerful mechanism for such applications.
Since there is still much clutter left in the foreground image after background subtraction, an optimal
classification plane (OCP) should be constructed to distinguish targets from clutters. Due to the
complexity and variability of the foreground and background images, the threshold value of each position
of the OCP should be selected adaptively corresponding to each pixel of the foreground image. In this
paper, a novel method is proposed to improve the classification results of the OCP with the spatial
and temporal features from the PPI radar image sequence. Firstly, to select the thresholds in the OCP
adaptively, a new formula is developed with the spatial features from two statistical models. The statistics
from the foreground model reflect the aggregation degree of the concerned pixels, while those from the
background model reflect their relative positions. Secondly, to further reduce the false alarm rate, a novel
strategy based on the temporal features is incorporated to modify the OCP. Our method with the optimal
parameter values is compared with the other successful techniques for target detection. Quantitative
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evaluations show that the proposed method provides better results.

© 2014 Elsevier Masson SAS. All rights reserved.

1. Introduction

With the development of general aviation industry, safety mon-
itor for low-altitude airspace has become a significant task of air
defense system, in order to ensure safety of important regions and
sensitive targets, such as border and coastal areas, high-rise build-
ings and busy airports [15]. Therefore, an automatic surveillance
technique is needed. Incoherent primary radar, which measures
the azimuths and ranges of targets by detecting their echo sig-
nals, is applicable for security surveillance of low-altitude airspace,
due to its low cost, wide coverage, easy installation, all-weather
and all-time independent working ability. However, the incoherent
radar has no function of target detection and tracking. Thus, dig-
ital plane position indicator (PPI) images are usually collected by
a capture card, and then processed by the automatic target detec-
tion techniques, aiming at the separation of moving targets (called
foreground) from the static parts of the scene (called background).
In automated surveillance systems, cameras and other sensors are
typically used to monitor interesting targets, collecting different
kinds of image data, therefore, a large number of detection tech-
niques have been developed for different data sources [18]. As a
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significant part of low-altitude airspace surveillance, this paper fo-
cuses on the detection techniques for PPI radar images collected
by incoherent radar [5,20].

The appearance of background objects in PPI radar images of-
ten undergoes some changes over time, due to the unstable echoes
caused by non-stationary objects such as wavering bushes or
woods. Therefore, there is still much clutter left in the foreground
image after background subtraction, especially on the edge of the
stationary background, so the step of clutter rejection is required.
Since the detection results are sensitive to threshold selection, spe-
cific threshold should be set for every pixel of the foreground
image. Comparing the gray-scale of each pixel with the threshold,
the pixels with higher gray-scale are always classified to targets
and the ones with lower gray-scale to clutters. Therefore, a clas-
sification plane is constructed with specific threshold set for each
pixel. Without any prior knowledge of the moving target, a sim-
ple and direct way is to set the thresholds with the same values
for all the pixels, called the fixed threshold (FT) method. How-
ever, this method leads to false alarms if the gray-scale of clutter
is higher than that of the small target. To improve the detec-
tion accuracy, the spatial and temporal features at each pixel can
be utilized to construct an optimal classification plane (OCP). At
present, most studies are concentrated on these two directions to
improve the classification results of the OCP. (1) Various threshold
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adaptation methods based on spatial features have been proposed
for the OCP construction. Among the most successful is the con-
stant false alarm rate (CFAR) detector [21]. In Gaussian background,
cell averaging CFAR (CA-CFAR) detector can give optimal detection
performance, but its performance decreases in non-Gaussian back-
ground with multiple targets [14]. To improve the CFAR detector
performance in non-Gaussian clutter, several improved CFAR de-
tectors have been developed, such as the smallest-of (SO) CFAR
[19], the greatest-of (GO) CFAR [12] and the ordered statistics
CFAR (OS-CFAR) [8,11] detector, whose thresholds are determined
by different samples from the ranking reference cells. For Weibull
and lognormal distributed clutter, Guida proposed the CFAR de-
tector based on best linear unbiased estimation (BLUE-CFAR) [9].
To improve the performance of CFAR detector in multi-target en-
vironment, the CFAR detector with cell selection was studied [13,
24]. With the consideration of the dynamic of sea clutter and the
Doppler effect of target, the nonlinear algorithm based on artificial
neural networks was introduced in sea clutter reduction, outper-
forming the CA-CFAR detector [22]. Morphological processing (MP)
is usually used as the post-processing of CFAR, which could re-
ject the small objects of a few pixels from the binary image pro-
vided by CFAR [23]. Unfortunately, the CFAR and MP methods are
generally applied to detect targets on the sea when the PPI im-
ages contain little information of the still background objects, so
these methods, which are not particularly designed for our scene
of low-altitude airspace, only utilize the spatial features from the
foreground model but ignore those from the background model.
(2) Besides the spatial features, the classification results of the
OCP could also be improved by the temporal features extracted
from the image sequence, such as the track before detection (TBD)
algorithm [6]. In TBD, the states of several targets are estimated
through measurements. In many cases, some measurements might
be due to clutter, thus one is forced to solve the problem of data
association. The commonly used data association methods include
nearest neighbor filter [3], joint probability data association [4]
and multiple hypothesis tracking [1]. To increase the sensitivity
of the radar, low detection thresholds are set, when the increased
false alarms could be rejected by data association methods. Note
that the TBD algorithms make the system work slow due to their
high computational cost and memory requirements, which lim-
its their applications in strong clutter environment. Some of the
above techniques have been used in our preliminary work [7,16,
17]. In [17], the CA-CFAR detector was used for target detection
in low-altitude airspace. In [7], the clutters were further rejected
from the foreground image by the MP algorithm. In [16], a TBD
algorithm based on particle filtering (PF) was proposed for target
detection in cluttered environment.

However, the simple applications of these existing methods
in our work are still far from satisfactory, which should be im-
proved both in spatial and temporal domains. In this paper, a novel
method is proposed to improve the classification results of the OCP
with the spatial and temporal features from the PPI radar image
sequence. Since the incoherent radar is operated on the land, the
PPI radar images contain much information of the stationary ob-
jects. According to the authors’ observation, it is worth noting that
in the PPI images the clutters always appear on the edge of the
stationary objects while the targets move in the airspace whose
gray-scale value is almost zero. Although sometimes the absolute
gray-scale value of the target is quite low, it is relatively stronger in
comparison with its small neighborhood region. These characteris-
tics inspire our work introducing more spatial information from
the background model to enhance the detection capability of the
OCP. Hence, the spatial statistics are firstly introduced from the
foreground and background models into a Markov random field
(MRF) model to calculate the threshold values in the OCP. The spa-
tial statistics from the background model represents the relative
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Fig. 1. Data processing scheme of the CAST-ASR system.

positions of the concerned pixels, while that from the foreground
model represents their aggregation degree. Secondly, when ana-
lyzed temporally, it is also noticed that the clutters always appear
at the same position in the image sequence, which could be uti-
lized to modify the OCP with much higher computational efficiency
than that of the data association in TBD.

The remaining part of the paper is organized as follows. Sec-
tion 2 gives a brief introduction of the data processing scheme
with the PPI radar images. Section 3 describes the method for the
separation of the background and foreground model from the cur-
rent frame. In Section 4, the OCP construction algorithm based on
the spatial and temporal features is described. Section 5 presents
the experimental results of the ground-truth data. Evaluations
and comparisons with the existing methods are also included.
The compared algorithms include four radar target detection algo-
rithms and two state-of-the-art algorithms for video surveillance
with cameras. Finally, some conclusions close the paper in Sec-
tion 6.

2. Data processing scheme

Original PPI radar images are collected and processed by the
in-house data processing scheme. Fig. 1 shows the data process-
ing scheme of the Airspace Surveillance Radar system developed
by China Academy of Civil Aviation Science and Technology (CAST-
ASR), which is divided into two parts: target detection and target
tracking. The detection part consists of three steps: background
subtraction, OCP construction and measurements extraction.

(1) In the first step, the original radar image I is divided
into the binary background model eg and the binary foreground
model erp.

(2) In the second step, an adaptive OCP construction method
for target detection and clutter rejection in PPI radar images is pro-
posed. The background edge clutter is rejected from the foreground
image using the spatial and temporal features. A new formula of
the thresholding rule for target and clutter classification in the
foreground image F is derived. Based on this formula, the threshold
values in the OCP are adjusted by the spatial MRF model based on
the statistics from eg and ey, and the binary map er; is obtained
and stored in the database. Then, er; is further processed with the
temporal features to generate the final detection map er.

(3) In the third step, the measurements are extracted from the
binary image er; and provided for target tracking. Every connected
area labeled 1 in ey is considered as a measurement, which may
be due to target or false alarm. The information extracted from
each measurement includes the central coordinates and the pixel
number.
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