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Abstract—Weather radar holds the capability to monitor the
extensive migration of bird and insect species. In particular, polari-
metric weather radar can enhance aerial ecological monitoring by
quantifying target shape through the measurement of polarization
moments. This article introduces an intelligent algorithm to classify
bird and insect migration using polarimetric weather radar data.
A radar image dataset was formed by intentionally curating typical
migratory data of birds and insects captured by the polarimetric
weather radar. Next, point features and spatial texture features
were extracted from the radar images in the dataset for training
a classifier using a supervised learning approach, resulting in a
classification accuracy of 93.56%. Furthermore, the importance
of the features was analyzed, uncovering that the most influential
attribute was the reflectivity factor at 33.83%, surpassing the cu-
mulative influence of other dual-polarization moments. In addition,
spatial textures also played an essential role for the classifier, collec-
tively weighing 35.65 % . Lastly, the proposed method was validated
with bird radar data, attaining an accuracy level of 95.36%.

Index Terms—Biological scatters classification, bird migration,
bird radar, polarimetric weather radar, random forest.

I. INTRODUCTION

VERY year, hundreds of millions of insects, birds, and
bats migrate over long distances between their breeding
and overwintering grounds [1]. Animal migration is a complex
phenomenon that affects various aspects of ecosystem functions,
processes, and biogeochemistry [2]. However, in recent years,
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changes in global phenology and the environment have resulted
in a significant decline in the populations of birds and insects
[3], [4]. Furthermore, migrant animals have a close relationship
with human life. Insect pest migration can inflict substantial
damage to crops, while the migration of birds and bats can lead
to epidemics of human and animal diseases [5], [6].

Located in the East Asian monsoon climate zone, China
provides a stable background field of wind and temperature
for the seasonal migration of insects, which is widespread in
eastern China [7], [8]. In late spring and early summer, 119
species of insects in northern China enter and exit the northeast
agricultural area through the Bohai Bay migratory channel with
the East Asian monsoon, accounting for more than 90% of the
total biomass in the northeast region of China [9]. China is a
crucial avian migration channel in the world, with birds traveling
long distances within its borders. Three of the world’s eight bird
migration routes pass through China [10]. Effective monitoring
is necessary to further study the migration behavior of animals.
Weather radars are powerful observation instruments for study-
ing large-scale biological migration due to their long detection
range and the ability to work continuously day and night [11],
[12]. By analyzing massive weather radar data, researchers can
assess the response of migratory animals to climate change and
interpret macroecological laws [13], [14].

Monitoring biological migration using weather radars re-
quires the retention of biological echoes and the removal of
precipitation echoes. Numerous researchers have contributed to
this field [15], [16], [17], [18]. Biological echoes can be divided
into birds, bats, and insects, and the correct classification of
these echoes can improve the accuracy of quantifying migratory
biomass [19], [20]. The traditional method for classifying mass
migration of birds, bats, and insects generally uses a threshold
based on their velocity features. Dokter et al. [11] used the
volume velocity profiling method to calculate the o, (standard
deviation of the fit residuals of radial velocity) of migratory
animals, classifying animals with o, greater than 2 m/s as
birds and those with o, less than or equal to 2 m/s as insects.
Nussbaumer et al. [21] counted the airspeed and o, of birds and
insects, respectively, and used a Gaussian mixture model to fit
the two parameters and estimate the mixing ratio of birds and
insects. However, using the velocity features of birds (bats), and
insects to classify them has limitations. Calculating the airspeed
of migratory animals requires estimating their ground speed and
subtracting the wind speed. Methods for calculating the ground
speed of migratory animals using weather radars generally
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Fig. 1.  Geographical coordinates of the polarimetric weather radar and the
bird radar.

require every azimuth angle in the same range gate to have
echoes during an azimuth scan [22]. If some azimuths lack
echoes, the calculated error of their ground speed will increase,
with the error growing larger as more echoes are missed. Addi-
tionally, the spatial resolution of these methods has limitations,
because it cannot classify birds and insects individually for each
range bin on a plan position indicator (PPI) image of weather
radars.

Methods of using polarization moments to classify birds and
insects have been developed with the increasing popularity of
polarimetric weather radars. Stepanian et al. [23] conducted
an analysis of the polarization moments of birds and insects,
respectively, and discovered a significant difference in the po-
larization moments between the two groups. Jatau et al. [24],
[25] utilized WSR-88D dual-polarization data to train several
classifiers based on fuzzy logic algorithm, ridge regression
classification, and the decision tree method. The resolution unit
of classifiers was one range bin, and the classification accuracy
of classifiers was more than 85%. Gauthreaux and Diehl [26]
employed the random forest algorithm to classify birds, insects,
and precipitations, and achieved a classification accuracy of
more than 92%. In summary, the existing methods for clas-
sifying the migration of birds and insects based on airspeed
and o, have some limitations, such as low spatial resolution,
relatively low accuracy, and lack of verification methods. The
existing polarization classification methods have addressed the
issue of low spatial resolution, yet ample opportunities exist
for enhancing classifier performance by incorporating spatial
textures of radar moments. Furthermore, a majority of prevailing
methodologies were tailored for the next generation weather
radar or the operational program for the exchange of weather
radar information. Nonetheless, scant research has been con-
ducted on classification methods for biological scatterers using
the China New Generation Weather Radar Network (CINRAD).

This article establishes a radar image dataset of migratory
animals acquired by the polarimetric weather radar situated at the
Jinan site. A classifier for biological scatterers, utilizing the point
features and spatial texture features from the radar image dataset,
is trained to classify bird and insect migrations, achieving an
accuracy rate of 93.56%. The investigation examines the impact
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of six distinct types of polarimetric weather radar moments and
their spatial textures on classifier performance. The reflectivity
factor emerges as the most dominant moment affecting classifier
performance, contributing to 33.83% of the overall influence.
Spatial textures also played a crucial role for the classifier,
collectively accounting for 35.65%. Five representative sce-
narios, encompassing two bird cases, two insect cases, and a
combined case of birds and insects, validate the performance
of the biological scatterer classifier. In addition, a bird radar
is employed to both verify and assess the performance of the
biological scatter classifier. The labels generated by the bird
radar serve as the ground truth and are compared with those
generated by the biological scatterer classifier, resulting in an
accuracy of 95.36% and confirming the strong performance of
the biological scatterer classifier.

II. MATERIALS

Shandong province is the important migration channel for
aerial animals, many migration birds and insects are passing
through here and cross the Bohai Bay [27], [28]. Therefore,
the polarimetric weather radar located in Jinan city, Shandong
province, China, is selected as the data source for our method.
The proposed method is verified and evaluated through a joint
observation experiment with weather radars and a phased array
bird radar.

A. Weather Radar

CINRAD has established over 200 weather radars in central
and eastern China. The S-band polarimetric weather radar used
in this article is situated in Jinan city, Shandong province, China,
at east longitude 116°43’ and north latitude 36°43', as illustrated
in Fig. 1.

Through manual inspection of polarimetric weather radar
data from the Jinan site, we discerned two distinct categories
of biological echoes. Type I echoes demonstrate a pronounced
azimuthal correlation in their differential reflectivity and dif-
ferential phase. These echoes predominantly manifest during
nighttime hours spanning (from sunset to sunrise of next day)
from April to June or August to November, as illustrated in
Fig. 2. In contrast, type II echoes lack substantial fluctuations
in differential reflectivity and differential phase relative to the
azimuth angle. These echoes predominantly emerge during day-
light hours spanning from March to November (from sunrise to
sunset) and during nighttime in July, as depicted in Fig. 3. In
summary, type I echoes are likely dominated by birds (poten-
tially including some bats), while type II echoes are dominated
by insects [23], [24], [29]. Based on the aforementioned char-
acteristics, we manually annotated the weather radar image to
construct a dataset encompassing migratory flying animals.

Given the variations in seasonal animal migration intensity,
the labeled data must encompass spring, summer, and autumn
to ensure data comprehensiveness. Weather radar data from
the Jinan site during spring (April, May), summer (July), and
autumn (September, October) of 2021 were chosen as the foun-
dational source for the migratory flying animal dataset. The
2.4° elevation angle PPI image was employed for training and
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Fig. 2. Typical PPI image of migratory birds was recorded in Jinan city at
22:59, October 10, 2021 (UTC+38). Tiles cover a 200 km x 200 km square
domain centered on the radar site. (a) Z. (b) V. (¢) W. (d) Zpr. (e) Ypp. (f)
PHV -

Z [dBZ] V [m/s] W [m/s]
-10 10 30 15 -5 5 15 0 3 6 9
I T s e

(@) (b) (©)

(d) (©) )

EHE TS Sl .
8 4 0 4 8 60 180 300 0 03 06 0.9

Zp [dB] ¥pp [deg] Pry

Fig. 3. Typical PPI image of migratory insects was recorded in Jinan city at
10:29, May 19, 2021 (UTCH-8). Tiles cover a 200 km x 200 km square domain
centered on the radar site. (a) Z. (b) V. (¢c) W. (d) Zpr. (e) Ypp. (f) pav.

testing the classifier due to its relatively large data size and
few ground clutter. The polarimetric weather radar offers seven
distinct product categories: reflectivity factor (Z), radial velocity
(V), velocity spectrum width (W), differential reflectivity factor
(Zpr), differential phase shift (Upp), differential phase shift
ratio (Kpp), and correlation coefficient (pgv). The gradient of
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TABLE I
MAIN TECHNICAL PARAMETERS OF THE BIRD RADAR

Specifications

Frequency Ku (16.01-17.018 GHz)

Max range 5km

Blind area 200 m

Scan range Azimuth: 0°-360°, Elevation: 0°—40°
Resolution Range: 15 m, Azimuth: 2.5°, Elevation: 10°
Accuracy Range: 10 m, Azimuth: 0.8°, Elevation: 1°

WUpp over distance, known as Kpp, is not recorded by polari-
metric weather radars when the pyry is below 0.8. Consequently,
Kpp was excluded from the dataset due to its notably smaller
data size in comparison to other measurements. The use of Z
is a source of controversy in classifying birds and insects, as it
is simultaneously influenced by the size and density of targets
within the radar beam. Despite birds having a significantly
larger radar cross section (RCS) than insects, a high density
of insects can lead to echo strength comparable to that of birds.
Consequently, some researchers opted not to employ Z for the
classification of birds and insects [24]. However, we conducted a
manual examination of radar data from spring to fall 2021 at the
Jinan site, revealing that the majority of insect echoes exhibit
lower intensity than those of birds. As a result, we retained
the use of Z in this article. Birds typically have stronger flight
capabilities than insects, resulting in high values of Vand W[11].
Insects are commonly wind-transported, leading to relatively
lower values of V and W [11]. Thus, we employed V and W in
this article. Furthermore, the dual-polarization moments, namely
Zpr,¥Ypp, and ppy, were included in this article, as they are
considered crucial elements for classifying birds and insects
[24], [26]. Ultimately, all polarimetric weather radar moments
except for the Kpp are chosen as inputs for the classifier.

B. Bird Radar

The bird radar is situated atop the A-2 building at the Ad-
vanced Technology Research Institute of Beijing Institute of
Technology in Jinan city, Shandong province, China (116°49’
E, 36°30" N). The bird radar is 20° south by the east of the
polarimetric weather radar, and their straight-line distance is
about 24 km, as shown in Fig. 1. The eastern side of the
bird radar faces a wall, while its northern aspect is adjacent
to a high-rise residential building. Consequently, the primary
observation orientation of the bird radar is toward the west and
south. The technical specifications of the bird radar are given in
Table I.

The bird radar was capable of capturing flight trajectory data
of targets and quantifying their density across various altitude
layers [30]. In order to effectively detect both short-range and
far-range targets, the bird radar employs alternating long and
short pulses. Short pulses have a pulse width of 1 us. Their
duty cycle time is 15 us, corresponding to a detection range of
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200-2400 m. The pulse width of long pulses is 10 us, and the
duty cycle time is 45 pus. The corresponding detection range is
1500-5000 m.

The radar equation can be expressed as

242
_ P, tG 3}\. g ( 1)
(47)° R*

where P, is the received signal power, P, is the averaged trans-
mitted signal power, G is the antenna gain, A is the wavelength
of the signal, o is the RCS of target, R is the distance between
the target and the radar.

The P, can be expressed as

P, =Pyfp (2)

where P, is the peak power, 7 is pulse width, and f}, is repetition
frequency.

According to the (2), the ratio of average transmitted power
of long pulses and short pulses prs can be expressed as

lon
P, g ]Dt,rlongf
short Tshort
P& T Py fp

pLs 10. 3)

The bird radar calibration experiments revealed that the
signal-to-noise ratio (SNR) of the echo from an unmanned
aerial vehicle (DJI Phantom 4, RCS ~ 0.03 m?) at 5 km is
approximately 17 dB. Furthermore, we also adopted a detec-
tion threshold of 17 dB for the subsequent joint observation
experiments.

As per (1), under constant radar system conditions, the SNR
is determined by the target’s RCS o and its distance R. It is
assumed that the RCS of insects in the Ku band is 100 mm?
[31]. According to (4), the maximum detection range of insect
targets for long pulses is approximately 1.2 km. The blind area
for the long pulse pattern of the bird radar extends to 1.5 km.
Consequently, the bird radar is unable to detect insect targets
using the long pulse pattern

R = (Ji“SSC‘R%AV ) v ~ 1.2 km. )
OUAV
The distance from the short pulse of the bird radar to detect
17 dB SNR echo signal is about 2.8 km according to the (1)
and (3). According to the (5), the max detection range of insect
targets using short pulse pattern is about 0.673 km

' " R4 1/4
Roton _ (o sect UAv> ~0.673km. (9)
OUAV
The max height is equal to the max range multiply the max
elevation angle, as

Hshort _ Rshort % sin (400) ~ 0.433 km. (6)

max max

Nevertheless, only data within the altitude range of 0.64 km
to 1.5 km is employed for this article, ensuring the accuracy of
the bird density derived from the bird radar. The bird radar data
collected between October 7and 15, 2021, as well as from April
14 to June 25, 2022, are utilized to validate the weather radar
approach for bird and insect classification.
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III. BIOLOGICAL SCATTERS CLASSIFICATION METHOD

The process flow for polarimetric weather radar data is de-
picted in Fig. 4, encompassing data annotation and cleaning,
point feature extraction, and classifier training. Data annotation
and cleaning involve manual labeling of radar data and the
removal of clutter. Point feature extraction entails computing
spatial textures from the six input moments; subsequently, the
resultant twelve one-dimensional (1-D) point features (six mo-
ments and their texture) are integrated into 12-D vectors. Finally,
the feature vectors are used to training the classifier.

A. Data Annotation and Cleaning

The original radar moments are stored in polar coordinates,
encompassing range bins, azimuth angles, elevation angles, and
more. We select data in the first 400 range bins to generate a
polar coordinate image. The image is subsequently projected
onto rectangular coordinates using (7), resulting in a radar image
of 320 x 320 resolution achieved via linear interpolation. n our
radar image, the X-axis signifies the east—-west direction, while
the Y-axis corresponds to the north—south direction; the radar is
positioned at the image’s center

x =1 X cos(0)
{y =r X sin (0) @)

where r is the range bins, 6 is the azimuth angles, x and y are the
detection range of radar in rectangular coordinates.

Subsequently, we employ Elseg for manual annotation of
radar images [32]. In particular, the manually delineated markers
outline of radar echoes are multiplied with the binarized radar
image masks to generate the final label images, depicted in Fig. 5.

After labeling the radar images, the challenge of eliminating
clutter within the radar image persists, involving both ground
clutter and precipitation. As ground clutter remains relatively
constant over time, we analyzed radar images from November
2021 that lacked biological scatterers, and identified the absence
of ground clutter, likely owing to the 2.4° elevation angle.
Therefore, the ground clutter is negligible in this article. The
echo intensity and polarization characteristics of precipitations
differ significantly from those of biological scatterers, enabling
straightforward labeling and removal during dataset creation.
Ultimately, radar images that have been annotated and cleansed
are utilized to construct the weather radar dataset for migration
birds and insects.

B. Point Feature Extraction

Apart from the radar moments themselves, we are also in-
trigued by the texture features in these radar images. Prior re-
search commonly computed the texture of moments within polar
coordinates (range x azimuth) [23], [24], [33]. However, the
dimensions of the range X azimuth windows vary across distinct
range segments, leading to discrepancies and introducing errors
in the texture features of moments. Hence, the calculation of
moment textures in this article is undertaken within rectangular
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Fig.5. Process of fine annotation of radar images. The orange, blue, and gray
color represent the label of birds, insects, and precipitations, respectively.

coordinates, as follows:

2 2
1
AMay = 7 oD Imay = marigegl ®)

i=—2j=-2

where the m is the radar moment, x and y are the radar detection
range in rectangular coordinates, i is the x offset, j is the y offset,
N is the window size. In this article, the N equals to 5x5.

At last, the six 1-D moments and six 1-D textures are com-
bined into a 12-D feature vector X, which can be expressed as

X — Z,V,W, Zpr, ¢pop, puv ©)

0Z,0V,0W ;0 Zprs Ofpps O puy

where o is the texture of moments.

C. Biological Scatter Classifier Training

The random forest algorithm [34] has found broad applica-
tions across various domains, including remote sensing [35], text
recognition [36], image classification [37], financial prediction
[38], and medical diagnosis [39], owing to its notable classi-
fication efficacy and noise resilience. Moreover, the random
forest algorithm has demonstrated successful applications in the
realm of weather radar, particularly for tasks such as quantitative

TABLE II
CONFUSION MATRIX FOR CLASSIFYING BIRDS AND INSECTS

Classifier output \ True label Bird Insects
Bird TP FP
Insects FN TN

precipitation estimation and precipitation type recognition [40],
[41], [42], [43], [44]. In this article, we employed the random
forest algorithm from the scikit-learn package in Python 3.9 to
train and evaluate the biological scatter classifier. The resultant
classifier was constructed using 100 trees [45].

From the dataset containing 4142 radar images, we extract
samples while ensuring that the number of collected bird (insect)
samples in each image does not surpass 5000. This measure is
taken to mitigate the overall data volume. As a result, we acquire
a total of ten million insect samples and six million bird samples
from the dataset. To further curtail data volume, we randomly
selected two million bird samples and two million insect samples
for training and testing the classifier. Seventy percent of the sam-
ples were allocated to the training set, while the remaining 30%
constituted the test set. K-fold cross-validation is employed to
fine-tune the classifier’s hyperparameters and prevent overfitting
during the training process [46]. In this article, the training set is
divided into five folds: four for training and one for validation.
This division is repeated five times.

Table II gives the confusion matrix for our classification
problem. The accuracy (ACC), true positive rate (TPR), and true
negative rate (TNR) are used to evaluate the performance of the
biological scatter classifier, and they are calculated as follows:

TP + TN
ACC = 1
cc TP + TN+ FP + FN (19)
TP
PR = TP + FN (b
TN
TNR = ——. 12
R TN+ FP (12)
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D. Bird Radar Data Validation Method

When weather radars detected biological scatters, we con-
ducted a comparison with the monitoring outcomes of the bird
radar. If the vertically integrated density (VID) of birds detected
by the bird radar surpasses the threshold, the shared observa-
tional region of both weather radar and bird radar is designated
as bird-dominant (truth-label = 1). Conversely, if the VID does
not exceed the threshold, the shared observational airspace is
categorized as insect-dominant (truth-label = —1). Finally, the
classification labels produced by the biological scatter classifier
from the weather radars are compared with the truth-labels, thus
validating the classifier’s accuracy.

The bird radar data must be temporally and spatially aligned
with the polarimetric weather radar data for comparative anal-
ysis. The time-matching procedure involves selecting the com-
mencement and termination times of the bird radar, correspond-
ing to the initiation time of two adjacent PPIs from the weather
radar. Subsequently, the bird density within this interval is
calculated. The spatial matching approach entails identifying
the shared airspace that can be concurrently observed by both
radars. To streamline the spatial alignment of the two radars, we
re-interpolate the classification outcomes (in rectangular coor-
dinates) of the weather radar to polar coordinates. According to
the relative positions of two radars and the maximum detection
range of the bird radar, weather radars data within the 76th to
116th range gates with azimuth angles from 150° to 180° is
statistics.

In the following way, the Z of weather radar needed to be
converted to the vertically integrated reflectivity (VIR), which
is widely used in aeroecology research [47]. The Z (dBZ) is
transformed to reflectivity 1 (cm*km™) as follows [48]:

1[dB] = Z [dBZ] + (13)
B = 10log (10°7° K20 (14)
2 2
2 m- — 1
Bl = 2 >
7 [chkm’S} = 10"[dBl/10 (16)

where Z is the reflectivity factor, 7 is the reflectivity, m is
the complex refractive index of the animal (|K,,|* = 0.93 for
liquid water at C-band and S-band) [47], and A ~ 10.6 cm
is the wavelength of weather radars. VIR can be obtained by
integrating the 7 at different azimuth and range gates.

Weather radars operate in the volume PPI scan mode, while
the bird radar employs the volume range height indicator scan
mode. Thus, confirming the classification outcomes pixel by
pixel within the joint observational region of the two radars
presents significant challenges. Validating the averaged echo
types across the entire region emerges as a feasible approach.
The weather radars’ approach involves comparing the VIR of
birds and insects, with the higher value determining the repre-
sentative label for the entire region.

The 2.4° elevation PPI’s beam height ranges from 0.64 to
1.5 km across the 76th to 116th range gates. Consequently, the
bird radar calculates the bird density within the height interval
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Fig. 6. Importance of features in the biological scatter classifier. Blue bars

represent the moments and red bars represent the textures of moments.

of 0.64~1.5 km and integrates it to determine the VID. The
threshold of VID for classifying birds and insects using bird
radar is selected by the receiver operating characteristic (ROC)
curve, it will be examined in the result section.

IV. RESULT

The testing set comprised 300 000 bird samples and 300 000
insect samples. Five typical cases of migration bird and insects
are tested to verify the performance of the biological scatter
classifier. In addition, weather radar data from the Jinan site for
October 2021 and the period of April to June 2022 were chosen
to validate the classifier’s outcomes using the joint observation
data from the bird radar.

A. Weather Radar Dataset Evaluation

After the completion of classifier training, the averaged ACC
of the 5-fold cross validation method is 93.54%. All 600000
samples of the testing set are tested, and the ACC = 93. 56%,
the TPR = 93.82%, and the TNR = 93.30%.

Feature importance was derived using the fea-
ture_importances_ function from the sklearn library in Python
3.9 [45], as illustrated in Fig. 6. Notably, Z exerts the most
substantial influence on the classifier, with a weight of 32.83%.
The significance of Upp ranks second only to Z, with a value
of 11.96%. Following WYpp, the third and fourth positions are
occupied by the importance of Upp’s texture and Z’s texture,
with values of 8.32% and 8.26%, respectively. The influence of
Zpr and V’s texture is closely matched, at 7.36% and 7.40%,
respectively. V’s importance also exceeds 5%. For the remaining
features, their weight remains under 5%, encompassing W, W’s
texture, Zpr’s texture, pyv, and py’s texture.

Finally, five representative scenarios are examined to validate
the precision of the biological scatter classifier. These scenarios
encompass two instances of bird migration, two instances of
insect migration, and a scenario involving the concurrent mi-
gration of birds and insects. Furthermore, the observational data
from the bird radar is employed to assess the accuracy of the
classification outcomes for both birds and insects, utilizing the
biological scatter classifier.
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Fig. 7. Typical PPI image of migratory birds was recorded in Jinan city at
19:29 on September 22, 2021, Chinese standard time (UTC+38). Tiles cover a
200 km x 200 km square domain centered on the radar site. (a) Classification
result of the biological scatter classifier. (b) Z. (¢) V. (d) Zpr. (¢) Ypp. (f) prv.

Fig. 7 illustrates the 2.4° elevation PPI image captured by
the polarimetric weather radar at the Jinan site at 19:29 on
September 22, 2021, in accordance with Chinese standard time
(UTC+38). This instance exemplifies a typical case of bird mi-
gration. In Fig. 7(d)—(f), the Zpr, Ypp, and pyy each display
notable azimuthal dependence. From the provided data, it can be
deduced that the echoes in Fig. 7 are predominantly attributed to
birds. The biological scatter classifier accurately identifies that
bird-dominated range bins constitute 98.4% of this particular
PPI, aligning with the manual assessment.

Fig. 8 displays the 2.4° elevation PPI image captured by the
polarimetric weather radar at the Jinan site at 11:32 on May 20,
2021, in accordance with Chinese standard time (UTC+-8). This
instance represents a characteristic scenario of insect migration.
The mean Zpg value in Fig. 8(d) is notably high and exhibits
little variation across azimuth angles. Given the provided data, it
is evident that the echoes in Fig. 8 predominantly correspond to
insects. The biological scatter classifier accurately identifies that
insect-dominated range bins constitute 98.7% of this specific
PPI, aligning with the manual assessment.

Generally, the Z value for birds is higher than that for insects
[23], [26]. Nevertheless, there are instances where the Z value
of birds may be lower than that of insects. Given that the Z value
serves as a pivotal feature in the biological scatter classifier,
distinguishing between low Z bird echoes and high Z insect
echoes poses a challenge. To assess the performance of the
biological scatter classifier, tests were conducted involving a
scenario of low Z bird echoes and another with high Z insect
echoes. Fig. 9 presents the 2.4° elevation PPI image obtained
from the polarimetric weather radar at the Jinan site at 13:31 on
July 4, 2021, based on Chinese standard time (UTC+8). This
instance represents a characteristic example of the high Z insect
scenario. The mean Z value in Fig. 9(b) amounts to 3.9 dBZ.
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Fig. 8. Typical PPI image of migratory insects was recorded in Jinan city at
19:32 on May 20, 2021, Chinese standard time (UTC+-8). Tiles cover a 200 km
X 200 km square domain centered on the radar site. (a) Classification result of
the biological scatter classifier. (b) Z. (¢) V. (d) Zpr. (e) Ypp. (f) puv.

Classification result Z [dBZ]
INS:98.2% BIR:1.8% -10 10 30

V [m/s]
-20 -10 0 10 20

BN N T W e am
8 4 0 4 8 60 180 300 0 03 06 09
Z,, [dB] ¥, [deg] Py

Fig. 9. Typical PPI image of strong insect migration cases was recorded in
Jinan city at 13:31 on July 4, 2021, Chinese standard time (UTC+38). Tiles cover
a200 km x 200 km square domain centered on the radar site. (a) Classification
result of the biological scatter classifier. (b) Z. (¢) V. (d) Zpr. () ¥Ypp. (f) pav.

Fig. 10 depicts the 2.4° elevation PPI image captured by the
polarimetric weather radar at the Jinan site at 05:29 on April
6, 2021, in accordance with Chinese standard time (UTC+S8).
This situation typifies a scenario of low Z bird echoes. The mean
Z value in Fig. 10(b) is recorded as 0.49 dBZ. The mean Z
value in Fig. 9(b) surpasses that in Fig. 10(b). The biological
scatter classifier accurately identifies 98.2% insect-dominated
range bins in Fig. 9 and 87.4% bird-dominated range bins in
Fig. 10, aligning with the manual assessment.



HU et al.: CLASSIFICATION OF BIOLOGICAL SCATTERS USING POLARIMETRIC WEATHER RADAR

Classification result Z [dBZ] V [m/s]
INS:12.6%BIR:87.4% -10 10 30 -20 -10 0 10 20
DTN (T T e

©

(d) ®

8 4 0 4 8 60 180 300 O

¥ pp [deg]

03 06 09

Phy

Fig. 10.  Typical PPI image of migratory birds was recorded in Jinan city at
05:29 on April 6, 2021, Chinese standard time (UTC+-8). Tiles cover a 200 km
x 200 km square domain centered on the radar site. (a) Classification result of
the biological scatter classifier. (b) Z. (¢) V. (d) Zpr. (e) Ypp. (f) paV.
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Fig. 11. A typical PPI image of migratory mixed cases of birds and insects
was recorded in Jinan city at 12:00 on October 19, 2021, Chinese standard time
(UTC+8). Tiles cover a 200 km x200 km square domain centered on the radar
site. (a) the classification result of the biological scatter classifier. (b) Z. (c) V.
(d) Zpr.- (e) Ypp. (f) prv.

Fig. 11 displays the 2.4° elevation PPI scan captured by the
polarimetric weather radar at the Jinan site precisely at 12:00
on October 19, 2021, in accordance with Chinese Standard
Time (UTC+38). This instance serves as a prototypical scenario,
showcasing the concurrent presence of bird and insect targets.
The echoes within this PPI can be categorized into two regions:
circular echoes centered around the radar site and annular echoes
extending beyond the circular region. The average Zpg values of
circle echoes and annular echoes is 3.0 and 0.88 dB, respectively.
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In addition, the Zpr and Upp for annular echoes display sub-
stantial azimuthal variability, whereas circular echoes do not.
The data provided suggests that insects are the predominant
source of circular echoes, while birds dominate the annular
echoes. The biological scatter classifier precisely distinguished
between range bins dominated by birds and insects, aligning
well with manual assessment.

B. Bird Radar Data Validation

Figs. 12 and 13 depict the exported VIR and VID data from
both weather radars and the bird radar, along with their corre-
sponding labels. Evidently, the majority of bird VID and VIR
exhibit heightened values during nocturnal hours (from sunset
to sunrise), while insect VIR peaks during daytime. Moreover,
in situations with sparse migratory bird activity, insect VIR
values remain comparable between day and night. The biological
scatter classifier’s performance is assessed using the ACC, TPR,
and TNR metrics, which are derived by contrasting labels from
the two radars (with labels from the bird radar considered as
the ground truth). The ACC attains 95.36% (based on 6372
samples), while the TPR and TNR achieve 95.51% (from 2880
samples) and 95.24% (from 3492 samples) respectively. All
three metrics, ACC, TPR, and TNR, surpass the 95% threshold,
thus demonstrating the commendable efficacy of the biological
scatter classifier. Various VID thresholds were tested to get the
ROC curve, and the ACC reached its peak of 95.36% when
the threshold was set at 11 dB, as depicted in Fig. 14. The
ACC computed using the two radars is slightly greater than that
derived from the weather radar’s testing set. This discrepancy
might arise due to the fact that it is based on the average label
of the comprehensive joint observation (averaging across 1271
range bins).

V. DISCUSSION

The method we propose is capable of classifying bird and in-
sect migration within the PPI image of the polarimetric weather
radar, achieving an accuracy rate of 93.56%. Furthermore, the
suggested approach is adaptable to intricate scenarios, encom-
passing instances involving low Z bird cases, high Z insect cases,
and scenarios characterized by the simultaneous mass migration
of both birds and insects.

Z holds the utmost significance as a feature in the biological
scatter classifier, with a prominence of 32.83%. The biological
scatter classifier demonstrates favorable performance in scenar-
ios involving high Z insects (see Fig. 9, 98.2%), comparable to
outcomes observed in low Zinsect scenarios (see Fig. 8, 98.7%).
Performance of the biological scatter classifier diminishes in
cases of low Z birds (see Fig. 10, 87.4%) compared to high
Z bird scenarios (see Fig. 7, 98.4%). The value of Z appears
to exert little influence on insect identification but significantly
impacts bird identification. However, instances of low Z bird
cases generally manifest during the initiation and termination
phases of migration, constituting a relatively small portion of
the overall bird migration process. Consequently, their impact on
migratory bird recognition is limited. In summary, the positive
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Fig. 12. Data was collected in April to June, 2022. The black and red color of points represents birds label and insects label, exported by the bird radar, respectively,

and their height represents the size of the VID of birds. The blue and pink colors represent the predicted label of bird and insect output by the biological scatter
classifier, and the height of columns represents the size of VIR retrieved by weather radars. Grey-shaded areas represent nighttime. Some of the missing data is

due to rain, or the bird radar did not work.

80_ Bird VIR

Insect VIR

® Bird label ® Insect label

(2}
o

N
o

Vertically integrated reflectivity [dB]
N
o

Oct08 Oct09 Oct10 Oct 11
Chinese standard time (UTC+8)

Fig. 13.

400

300

200

100

Vertically integrated density [km'3]

0
Oct12 Oct13 Oct 14
2021

Data was collected in October, 2021. The black and red color of points represents birds label and insects label, exported by the bird radar, respectively,

and their height represents the size of the VID of birds. The blue and pink colors represent the predicted label of birds and insect output by the biological scatter
classifier, and the height of columns represents the size of VIR retrieved by weather radars. Grey-shaded areas represent nighttime. Some of the missing data is

due to rain, or the bird radar did not work.

impact of Z significantly outweighs any negative effects for
classifying the migration of birds and insects using CINRAD.
The Upp constitutes the second most important feature in the
biological scatter classifier, accounting for 11.96% significance.
Morphological features of ¥ pp images during migration exhibit
consistency across seasons, displaying pronounced azimuthal

symmetry along the orientation axis, as depicted in Figs. 7(e),
10(e), and 11(e). The ¥pp values at the heads and tails of migra-
tory birds are low, comparable to those of insects. Conversely,
the Upp of the lateral body sections of migratory birds exceeds
that of insects, offering valuable cues for differentiating between
bird and insect.
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thresholds.

In contrast to earlier studies [24], [26], the significance of
Zpr within the biological scatter classifier is modest, securing
the fifth position among all features—ranking below Z, Upp,
Z texture, and Upp texture. Certain researchers have observed
that the asymmetries in Zpg of bird echoes maintain consistency
throughout a migratory season, yet exhibit substantial variations
among distinct radar locations. This observation further points
out that the asymmetries of Zpg are the result of the radar sys-
tem’s transmission phase or frequency [29]. The phenomenon of
Zpgr asymmetries is similarly prevalent in our bird dataset sam-
ples, as demonstrated in Fig. 7(d). Consequently, the presence
of bird samples with high Zpg levels diminishes the relevance
of Zpr within the biological scatter classifier.

V (5.5%) and W (3.6%) exhibit lower significance compared
to Z, Zpr, and Ypp, yet hold greater weight than pHV (3.1%).
The pHV serves as a valuable attribute for differentiating be-
tween biological scatters and precipitation. Nonetheless, the
pHV values for both birds and insects remain low due to their
non-spherical shapes. Consequently, utilizing pry as a means
of distinguishing between birds and insects proves challenging.
Birds typically possess greater flying capabilities than insects,
resulting in higher airspeeds. However, weather radar solely
captures the radial velocity of target ground speed, contingent on
factors such as wind speed, wind direction, airspeed of targets,
and the angle between the target’s movement direction and the
radar beam’s orientation. These factors collectively impact the
significance of V in distinguishing between birds and insects.
W relies on the standard deviation of radial velocity among
targets encompassed within the radar beam. Consequently, ac-
tively flying birds typically exhibit higher W values compared
to their passively flying insect counterparts. Nevertheless, the
significance of W (3.6%) ranks lower than that of other moments
except for prry. This could be attributed to W’s susceptibility
to considerable noise interference. Furthermore, atmospheric
turbulence could also impact the W values.

The texture of moments also assumes a pivotal role in the
classification of birds and insects. The cumulative weight of
the six texture features amounts to 35.65%, surpassing that of
the most significant feature, Z. The texture of Upp, Z, and
V exhibits relatively substantial weights: 8.32%; 8.26%; and
7.40%, respectively. Notably, the significance of the texture of
V surpasses that of V itself. Prior research also employed the
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texture of dual-polarization moments for the classification of
birds and insects, and they determined that the impact of textures
on bird and insect classification is inconspicuous [24]. This could
be attributed to their calculation of moment textures under polar
coordinates, resulting in errors due to variations in the area of
the range x azimuth windows across different range bins.

The proposed method can also be applied to radar data at
different elevation angles, such as 0.5°, 1.5°, 2.4°, 3.4°, and
4.3°. However, we do not recommend using a biological scatter
classifier trained with one elevation angle, such as 2.4°, to
classify data from other elevation angles, such as 0.5°, 1.5°,
and so on. The observation angle and coverage height range of
radar beams at different elevation angles vary, resulting in slight
differences in target scatter properties, which may decrease
classifier performance. It is preferable to train the biological
scatter classifier and classify biological scatters using the same
elevation angle data. Training a universal classifier with data
from all five elevation angles is also feasible, but it may require
more complex methods, such as deep neural networks, to handle
the diverse features of different elevation radar data.

VI. CONCLUSION

We trained a biological scatter classifier by extracting point
features and spatial texture features from 4142 polarimetric
weather radar images, achieving an ACC of 93.56%. Our analy-
sis identified Z as the pivotal moment for bird and insect classi-
fication, with a weight of 32.83%. Dual-polarization moments,
namely Upp and Zpg, also exert influence on the biological
scatter classifier’s performance, carrying weights of 11.96% and
7.36%, respectively. Conversely, V, W, and pyy have arelatively
limited impact on classifier performance, with weights of 5.53%,
3.60%, and 3.07%, respectively. Furthermore, moment textures
play a significant role in the classifier, collectively weighing
35.65%, surpassing the most influential feature, Z. In addition,
a bird radar is employed to validate and assess the biological
scatter classifier’s accuracy. The labels determined by the bird
radar serve as the ground truth for comparison against the labels
generated by the biological scatter classifier. This validation
yields an ACC of 95.36%, a TPR of 95.51%, and a TNR of
95.24%, thus affirming the classifier’s precision.

Currently, a limitation exists due to the indirect nature of the
method used for verifying insect echoes. We intend to establish
a vertical-looking insect radar at the Advanced Technology
Research Institute of Beijing Institute of Technology, situated in
Jinan city, Shandong province, China. This radar will validate
the accuracy of the biological scatter classifier in identifying
insect echoes. Concerning algorithms, we aim to enhance the
performance of the biological scatter classifier at two levels:
radar moments and radar spectrum. At the radar moments level,
the proposed method only considers features within individ-
ual range bins and their immediate neighborhoods, neglecting
features at broader scales. We intend to employ deep neural
networks to extract multiscale features from radar scans, thereby
enhancing the performance of the biological scatter classifier. At
the radar spectrum data level, we intend to utilize spectrum data
processing technology for classifying bird, insect, precipitation,
and other echoes within individual range bins.
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