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ABSTRACT

Migratory moths (Lepidoptera) comprise many major agricultural pest species that pose serious threats
to global food security. Accurate prediction of their migration trajectories forms the foundation for effec-
tive pest prevention and control. During migration, these insects often form concentrated layers at speci-
fic altitudes, facilitating long-distance movement. However, the adaptive mechanisms and benefits
underlying this behavior remain unclear, which limits the accuracy of migratory pest trajectory predic-
tions. We developed a high-spatiotemporal-resolution observational system in China’s Bohai Bay, an
important corridor for East Asian migratory insects, measuring fine profiles of both insect density and
meteorological variables at unprecedented 1-min x 10-m resolution. Focusing on moths, and based on
three years of observations (2022-2024), we found 86.0% of insect layers formed within + 150 m of either
temperature inversion tops (TITs) or wind-jets (W]s). As temperatures rose, the probability of layering
near WJs instead of TITs increased, reaching 50% at 14.5 °C and 90% at 28 °C. Insects near W]Js exhibited
1.5 times higher flight energy efficiency (FEE) than those near TITs. These results demonstrate that rising
temperatures shift insect layering strategy from seeking favorable thermal conditions toward enhancing
wind-assisted FEE, revealing an adaptive mechanism that enhances migration efficiency and survival.
Based on these findings, we developed a model that predicts layering based on wind and temperature
data with 80.6% accuracy, thereby improving migration trajectory forecasting and pest early-warning
systems.
© 2026 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

migration trajectories is essential for pest early warning and con-
trol, as well as for maintaining stable food production. Remarkably,

Insect migration is a long-evolved, cross-regional movement
behavior aimed at locating new habitats with more abundant
resources [1-3]. Annual populations engaging in such movements
can reach trillions of individuals in specific regions, such as south-
ern England or eastern China [4,5]. These migrants profoundly
influence ecosystems by facilitating nutrient and energy flows
[4,5], and providing ecosystem services [6-8]. Moreover, many
migratory pest species pose serious threats to agricultural
production and food security [9-11]. Accurately predicting their
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insects are capable of traveling thousands of kilometers despite
their limited individual flight capacity [12-14]. Such extensive
movements are largely dependent on favorable atmospheric condi-
tions [15-17]. In recent years, several studies have examined the
influence of meteorological variables on insect migration [2,3,17-
21]. However, aspects of behavioral adaptations to aerial environ-
ment remain unclear, which limits the accuracy of migratory pest
trajectory predictions, thereby requiring deeper statistical
investigation.

Nocturnal high-flying insects frequently form dense layers by
concentrating at specific altitudes, where their densities can
exceed those at other altitudes by orders of magnitude [22-27].
This layering flight behavior is widely recognized as an adaptation
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that promotes efficient long-distance migration [2]. Numerous
studies indicate that layering is closely associated with meteoro-
logical conditions [2,3,28,29]. Temperature has been statistically
identified as the primary factor influencing the formation and
intensity of insect layers, based on four years of summer data from
southern England [29]. Moreover, other observations also suggest
that layering is closely associated with the stratified structures of
both temperature and wind fields [30,31]. Case studies have shown
that insect layers frequently occur either at the temperature inver-
sion tops (TITs, where temperature increases with altitude up to a
local maximum) or near wind-jets (WJs, regions of locally maxi-
mum wind speed) [15,30-36]. These phenomena clearly show that
both wind and temperature affect layering heights. Unfortunately,
the layering flight mechanism is not yet fully understood, and a
comprehensive and detailed quantitative study on altitude selec-
tion strategies is still needed.

To investigate in more detail the strategy governing insect layer
height selection, we developed a novel high-spatiotemporal-
resolution observational system. This system integrates scanning
and vertical-looking entomological radars with atmospheric
boundary-layer wind and temperature profilers [37]. It provides
synchronized measurements of insect aerial density and key mete-
orological variables at unprecedented spatiotemporal-resolution
(meter-scale vertically and minute-scale temporally). This capabil-
ity enables the capture of fine-scale insect vertical distributions
and their real-time responses to meteorological factors, thereby
revealing the strategy of insect layering height selection. The sys-
tem has been deployed in a national agricultural zone within Bohai
Bay region of China. This site is a critical migratory corridor con-
necting the major grain-producing areas of north and northest
China, making it an ideal natural laboratory for migration studies
[8]. Long-term searchlight-trap monitoring in the region revealed
that moths (Lepidoptera) accounted for 79% of the trapped insects,
which were predominantly medium- to large-sized insects
(> 10 mg). The majority of these are pests, with just seven crop-
feeding noctuid species alone comprising 54% of all captures
[38]. Given their dominance and substantial agricultural impact,
the present study focuses on moths.

This study provides a detailed investigation of the strategies
governing layering height selection in migrating insects through
statistical analyses of observational system data collected between
2022 and 2024. We first examined the influence of meteorological
factors on the layering height of moths. We then quantified and
compared the flight energy efficiency (FEE) of insects at different
layering heights, thereby revealing their layering altitude selection
strategies and the underlying ecological adaptive significance.
Based on these findings, we developed a model that utilizes wind
and temperature data to accurately forecast insect layering, which
can improve the accuracy of migration trajectory predictions and
enhance pest management capabilities.

2. Material and methods
2.1. Observational system and data

Data for this study were collected using a high-spatiotemporal-
resolution observational system in Dongying, Shandong Province,
China (37.308°N, 118.604°E) in the Bohai Bay region, between April
and October during 2022-2024 [37]. The system comprised a scan-
ning insect radar [39], a vertical-looking radar [40], a wind lidar
[41], and a microwave radiometer [42] (Fig. S1 in Appendix A).

The scanning insect radar employs an active phased-array
architecture and operates in the Ku band. It features a monopulse
angle measurement technique, enabling detection of the occur-
rence time and three-dimensional positions of individual insects
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within a large surveillance volume. Using these measurements,
the radar generates vertical profiles of aerial insect density at spa-
tiotemporal resolutions of either 1 min x 10 m or 10 min x 10 m
(Fig. S2 in Appendix A). The vertical-looking radar operates simul-
taneously across five sub-bands within three frequency bands,
allowing multifrequency and full-polarization measurements. It
is also equipped with a monopulse angle measurement capability.
These features enable the radar to measure biological and behav-
ioral parameters of individual insects passing through the radar
beam, including body length, width, mass, alignment, wingbeat
frequency (WBF), flight speed, and flight direction, thereby facili-
tating FEE analysis. Accordingly, insect density profiles in this
study are derived from the scanning radar, whereas individual
insect parameters are obtained from the vertical-looking radar.
Key system parameters for both radars are summarized in Table 1.
The wind lidar provides high-resolution measurements of the
three-dimensional wind field, including horizontal wind speed,
horizontal wind direction, and vertical wind speed, up to
6 000 m above ground level. The microwave radiometer provides
high-precision measurements of atmospheric temperature up to
10 000 m above ground level. After temporal averaging and appro-
priate vertical interpolation, the vertical profiles of wind speed and
temperature are spatiotemporally aligned with the insect density
profiles and share the same spatial and temporal resolutions
(Figs. S3 and S4 in Appendix A). Detailed descriptions of the obser-
vational system and data are provided in Text S1 in Appendix A.

2.2. Data preprocessing

This study focused exclusively on moths, the dominant large
migratory taxa in the Bohai Bay region, most of which weigh more
than 10 mg. Based on searchlight trap records, we selected nights
when moths accounted for more than 70% of insects exceeding
10 mg in mass. Furthermore, since the number of insects above
1000 m was very low, and below 100 m the population was dom-
inated by locally active insects, probably engaged in ‘appetitive’
flights, with very few migrants, only data within the 100-1000 m
height range were retained for analysis.

To statistically investigate the influence of meteorological fac-
tors on the layering height of moths, it is first necessary to deter-
mine the heights of insect layers, W], and TIT. In this study, these
heights were extracted from vertical profiles of aerial insect den-
sity, wind speed, and temperature at a spatiotemporal resolution
of 10 min x 10 m, respectively. The TIT height was determined
directly as the altitude corresponding to the maximum tempera-
ture in each temperature profile (Fig. S5(a) in Appendix A). In con-
trast, insect layers and W]Js were identified using an automated
peak-detection approach inspired by the constant false alarm rate
detection concept in radar signal processing [43], which adaptively
sets detection thresholds based on background noise to reliably
distinguish true target signals (Figs. S5(b) and (c) in Appendix A).
Specifically, peak detection was first applied to each smoothed ver-
tical profile to identify candidate insect layers or WJs, with
smoothing performed to suppress minor fluctuations and enhance
detection robustness. For insect layer detection, a preliminary fixed
threshold was defined as the maximum value of the insect density
profile multiplied by a prescribed coefficient, and peaks exceeding
this threshold were treated as candidate insect layers. In contrast,
for W] detection, all peaks identified in the wind speed profiles
were initially considered candidate WJs. For each candidate peak,
the height bins immediately adjacent to the peak were designated
as guard cells, while the bins extending to the nearest local minima
on both sides were treated as reference cells. Candidate peaks for
which the distance to a local minimum on either side was smaller
than the prescribed number of guard cells were discarded as inva-
lid. For peaks located near the lower or upper bounds of the profile,
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Table 1
Key system parameters of the two insect radars.
Insect radars Waveform Radio frequency Band Range Beam Polarization Height
(GHz) width resolution width (°) coverage (m)
(GHz) (m)
Scanning radar Stepped-frequency chirp Ku (16-17) 1 0.2 Azimuth: 0.44 Single polarization (HH) 45-2000
Elevation: 0.66
Vertical-looking radar Stepped-frequency chirp X (9-10, 11-12) 1 0.2 X-band: 0.85 Fully polarimetric 250-1750

Ku (15-16, 17-18)
Ka (34.5-35.5)

Ku-band: 0.55 (HH/HV/VH/VV)
Ka-band: 0.26

In the “Polarization” column, H denotes horizontal polarization and V denotes vertical polarization. Their combinations indicate the polarization configurations of radar
transmission and reception, where the first letter represents the receiving polarization and the second letter represents the transmitting polarization. For example, HV
indicates that the radar transmits electromagnetic waves with V polarization and receives them with H polarization.

where a local minimum was present on only one side, the corre-
sponding profile boundary (100 or 1000 m) was used as the local
minimum. A dynamic detection threshold was then defined as
the mean value of the reference cells multiplied by a fixed coeffi-
cient. Peaks exceeding this dynamic threshold were identified as
valid insect layers or WJs. The number of guard cells and the coef-
ficients used in both the fixed and dynamic threshold calculations
were empirically determined based on the data characteristics in
order to balance the detection rate and quality of insect layers
and WJs (Fig. S5).

To further investigate insect behavior within layers, individual-
level parameters of insects within these layers (hereafter referred
to as ‘layered insects’), as measured by the vertical-looking radar,
are required. However, the peak detection method described above
identifies only the presence and height of insect layers; it does not
determine their vertical extent. Consequently, it is not possible to
identify which insects measured by the vertical-looking belong to
layered insects. Moreover, the vertical-looking radar samples a rel-
atively limited airspace and provides less distinct layer resolution
than the scanning radar (Fig. S6(c) in Appendix A). To address these
issues, we applied an indirect extraction method. First, a popula-
tion segmentation algorithm [39] was applied to scanning radar
density data corresponding to the insect layers identified by the
peak detection method. This algorithm delineates the boundary
contours of insect layers based on concentration patterns in the
spatiotemporal distribution of insect density, representing each
layer as a closed time-height convex hull (Figs. S6(a) and (b) in
Appendix A). Subsequently, individual insects measured by the
vertical-looking radar were classified as layered insects if their
time and height coordinates fell within the corresponding convex
hull (Fig. S6(c)). Based on the mass and WBEF distribution of moths,
only layered insects weighing more than 10 mg and with WBFs
between 15-50 Hz were identified as moths and retained for anal-
ysis [44].

2.3. Quantification of FEE

FEE is defined as the flight distance per unit of energy expendi-
ture. Calculating FEE requires estimating both the energy expendi-
ture and the flight distance. The latter can be derived from radar-
measured ground speed (i.e., the actual flight speed of the insect,
which is the vector sum of its airspeed and the wind speed). How-
ever, direct measurement of insect energy consumption using
radar is currently not feasible. Fortunately, extensive research on
insect flight energetics has established empirical relationships
among body mass, WBF, and flight metabolic rate [45,46]. These
relationships enable indirect estimation of energy expenditure
from radar measurements. Specifically, studies have shown that
both the WBF-mass and metabolic rate-mass relationships follow

power-law functions of the form Y = aX®, where Y represents
either WBF or metabolic rate, and X represents mass. Using these

relationships, we can estimate flight metabolic rate from radar-
measured WBF, which reflects energy expenditure per unit time.

For geometrically similar insect species, WBF decreases with
increasing mass, typically following a scaling exponent of
b = -1/6 [45]. Metabolic rate generally increases with mass, while
mass-specific metabolic rate (i.e., metabolic rate per unit mass)
decreases. As total energy reserves are proportional to mass, we
focus on mass-specific metabolic rate to eliminate the confounding
influence of mass when assessing FEE. Analysis of over 50 large
insect species indicates that the mass-specific flight metabolic rate
scales with mass with an exponent of b = —0.14 [46]. This yields a
derived relationship between flight metabolic rate r and WBF f as
(see Text S2 in Appendix A):

r:k_f0.84 (])

where k a species-dependent scaling factor. Because this study aims
to provide a qualitative rather than a precise quantitative estimate
of energy consumption, allowing comparison of the relative ener-
getic efficiency of insects forming layers at different locations, we
set k = 1 for all calculations.

Subsequently, the FEE #, is expressed as:

n=-— (2)
where v is the insect’s ground speed.
2.4. Statistical analysis

In this study, all statistical procedures were performed using
standard methods in MATLAB R2019a. Relationships between con-
tinuous variables were examined using linear regression. Binary
outcomes were analyzed with logistic regression based on a bino-
mial generalized linear model with a logit link function [47]. Circu-
lar data were analyzed using circular statistics, including the
Rayleigh test for uniformity and fitting of von Mises distributions
for unimodal and bimodal patterns [48]. Differences among multi-
ple groups were assessed using the Kruskal-Wallis H test, followed
by pairwise Mann-Whitney U tests where appropriate [49].

3. Results
3.1. Linkage between layer altitude and meteorological factors

In this section, we investigate the influence of meteorological
factors on the layering height of moths. We begin by presenting
two representative cases to illustrate the relationship between
insect layers and WJs and TITs (Figs. 1(a)-(c), Fig. S7 in Appendix
A), followed by comprehensive statistical analyses of these rela-
tionships. Each detected insect layer, derived from vertical density
profiles (see Section 2.2), was paired with the nearest W] and TIT
observed at the same time, resulting in 6970 valid layer-WJ-TIT
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Fig. 1. Relationships between insect layers and W]Js/TITs. (a-c) The spatiotemporal distributions (1 min x 10 m resolution) of (a) insect density, (b) horizontal wind speed, and
(c) air temperature from 00:00 to 05:00 on 21 April, 2022. Insect density (individuals in 107 m®) were obtained using scanning insect radar. Black lines mark the heights of the
W] core and the TIT, respectively. The TIT occurred at relatively low altitudes and gradually descended over time; after 01:30, it dropped below 100 m and is therefore not
shown. (d, e) Distribution of (d) AHw and (e) AHt. AHy and AHr represent the height differences between insect layers and the nearest W] and TIT at the same time,
respectively. Data in panels (d, e) are based on 6970 samples collected from 186 nighttime observations (corresponding to Table 2) and don't relate to the single night of

panels (a-c). @, @, and @ denote Layers 1,2 and 3.

triplets. For each triplet, the maximum temperature (Tyax) Within
the corresponding vertical temperature profile was recorded. We
then calculated the height differences between insect layers and
the W] core (AHyy; Fig. 1(d), Fig. S8 in Appendix A) and between
insect layers and the TIT (AHr; Fig. 1(e), Fig. S8). Layers with
|AHw| < 150 m were classified as ‘Near W]’ layers, while those with
|AHt| < 150 m were classified as ‘Near TIT’ layers (Figs. 1(d) and (e),
Fig. S8). Based on their combined relationships, layers were further
categorized into four groups: ‘Near W] only’ (JAHw| < 150 m,
|AHz| > 150 m), ‘Near TIT only’ (|JAHw| > 150 m, |AH| < 150 m),
‘Near both’ (|[AHw| < 150 m, |AHy| < 150 m), and ‘Near neither’
(JAHw| > 150 m, |AHy| > 150 m). We then examined the propor-
tions of these categories across different seasons to demonstrate
the generality of the layer-W]/TIT relationships illustrated by the
representative cases (Table 2).

Next, to investigate the influence of temperature on insect layer
height selection, we first analyzed the distributions of absolute
height differences (|JAHw| and |AHr|) across Tpyax intervals from 5
to 35 °Cin 5 °C increments (Figs. 2(a) and (b)). This temperature
range was determined based on the nocturnal maximum tempera-
tures during which moths were captured by light traps (Fig. S9 in
Appendix A). Linear regression was then applied to evaluate
the effect of Tp.x on the median values of |AHw| and |AHq]
(Fig. 2(c)). To further validate these findings, insect layers
were classified into two simplified groups: ‘Closer to WJ
(JAHw| < |AHq]) and ‘Closer to TIT’ (|AHw| > |AHql). Linear regres-
sion analyses were conducted separately to examine the effect of
temperature on the proportions of these two groups, as well as
on the four detailed categories described above (Figs. 2(d) and
(e), Figs. S10 and S11 in Appendix A). Finally, to quantify the effect
of Trhax On the tendency of insects to form layers near W]Js or TITs, a
logistic regression model was constructed. T,.x Was used as the
independent variable, and a binary response variable was defined,
with values of 1 for ‘Near W] only’ layers and O for ‘Near TIT only’
layers (Table S1 in Appendix A, Fig. S11(h)). A detailed presentation
of the results is provided below.

Figs. 1(a)-(c) shows the distributions of insect density, wind
speed, and temperature from 00:00 to 05:00 on 21 April 2022.
On this night, the light trap captured 351 insects weighing more

than 10 mg, of which 312 were moths, representing 88.9% of the
total. A pronounced temperature inversion formed, with the TIT
located below 300 m, and the wind field displayed a clear stratified
structure. Layer 1, characterized by a large depth and short dura-
tion, appeared above the TIT in a warm but low wind speed region,
suggesting that thermal conditions predominantly influenced its
height. In contrast, Layer 2, observed between 800 and 1000 m
during the same period, closely tracked the W]J. This layer was den-
ser and narrower, and as time progressed, its height gradually
decreased along with the descending WJ, while its density weak-
ened, eventually dissipating around 04:30. At around 01:30, a
new insect layer, Layer 3, appeared to separate from Layer 2. This
layer exhibited the lowest insect density and occurred at a higher
altitude, closely aligned with another WJ. Its height also decreased
gradually in tandem with the descent of this W] and dissipated
before 05:00. The heights of Layers 2 and 3 were likely primarily
influenced by the wind field. Fig. S7 presents another case study,
showing the spatiotemporal distributions of insect density, hori-
zontal wind speed, and air temperature from 20:30 on 18 Septem-
ber to 03:00 on 19 September 2022. On this night, Layer 3 formed
near the lower boundary of the W]J. This positioning allowed
insects to avoid the extremely weak winds near the surface while
maintaining relatively warm temperatures, indicating a trade-off
between thermal conditions and wind assistance. Overall, these
two case studies demonstrate a close association between insect
layer altitudes and the TITs and/or WJs.

The distributions of AHy and AHr, based on 6970 samples from
186 nights, further support this conclusion (Figs. 1(d) and (e)). The
distribution of AHy, exhibited a sharp peak, with layers classified
as ‘Near WJ’ accounting for 71.0% of all layers, and 51.5% located
within + 50 m of the W] core. A majority of insect layers (61.0%)
were located below the WJs (Fig. 1(d) and Fig. S8). In contrast,
AHr showed a skewed and broad distribution with lower kurtosis
than AHyw (Fig. 1(e)). ‘Near TIT' layers accounted for 52.0% of the
total, and most insect layers (79.1%) were located above the TITs
(Fig. S8). The seasonal distributions of the four insect layer cate-
gories (spring, summer, and fall) are summarized in Table 2. Over-
all, 86.0% of insect layers occurred near either a WJ or a TIT
(AHw < 150 m or AHr < 150 m). For comparison, under a hypothet-
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Table 2
Number of insect layers in different categories across seasons.

Engineering xxx (XXxX) XXX

Season Layer number

Near W] only Near TIT only Near both Near neither Total
Spring (April-May) 1140 653 1347 594 3734
Summer (June-August) 748 106 803 176 1833
Fall (September-October) 460 214 522 207 1403
Total 2348 973 2672 977 6970
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Fig. 2. The effect of temperature on layering height selection. (a) Distributions of |AHw]| across different Tn,.x intervals. (b) Distributions of |AHy| across different Tpax
intervals. (¢) Trends in median absolute height differences with Tpy,ax. Rgdj denotes the adjusted coefficient of determination, ranging from O to 1, with larger values indicating
better correlation and goodness of fit. (d) Trends in the proportions of the two insect layer categories across Tpy.x intervals. (e) Trends in the proportions of the four insect layer
categories across Tax intervals. The proportions indicate the relative abundance of each of the two or four insect layer categories within the total number of layers for each

temperature interval; thus, the proportions sum to 1 for each interval.

ical random distribution scenario, assume one TIT and one W] exist
between 100 and 1000 m, with the TIT located above 250 m, the
W] below 850 m, and the W] at least 300 m higher than the TIT.
In this case, the regions near the TIT and W] would each occupy
300 m, totaling 600 m. The probability of a randomly placed insect
layer falling near either the TIT or W] would then be approximately
66.7%. If the distance between the TIT and W] were less than
300 m, or if the TIT were too low or the W] too high, this probabil-
ity would decrease further. The observed proportion of 86.0% is

substantially higher than this expected value, providing strong sta-
tistical evidence that insect layering height is closely associated
with both WJs and TITs.

Next, we examine the effects of temperature on insect layer
height. With increasing T,.x, the distribution of |[AHy| became
more concentrated (Fig. 2(a)), and its median decreased signifi-
cantly (Fig. 2(c); F14 = 27.9, P = 0.006), whereas the distribution
of |AHr| became more dispersed (Fig. 2(b)), with a significant
increase in its median (Fig. 2(c); F;4 = 97.0, P < 0.001).
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Furthermore, the proportion of insect layers closer to W]Js
increased with Tnax (Fig. 2(d), Fig. S10; F; 4 = 80.7, P < 0.001). This
indicates that as temperature increases, insects tend to form layers
closer to WJs and farther from TITs. The changes in the proportions
of the four insect-layer categories further support this conclusion.
The proportion of ‘Near W] only’ layers increased significantly with
Tmax (Fig. S11(a) in Appendix A, Fig. 2(e); F14 = 172.0, P < 0.001),
while the proportion of ‘Near TIT only’ layers declined
(F1,4=29.3, P=0.006). The ‘Near both’ category increased with Tpax
below 20 °C but remained relatively stable thereafter, whereas the
‘Near neither’ category remained low with a slight decreasing
trend (F;4 = 18.8, P = 0.012). Seasonal analyses revealed broadly
consistent trends across Tp.x intervals (Figs. S11(b)-(g) in Appen-
dix A). Finally, logistic regression analysis quantitatively evaluated
the effect of temperature on the preference for WJs over TITs
(Fig. S11(h) and Table S1). Temperature had a significant positive

effect on forming layers near WJs (lnlfj“,’iwJ =0.161 * Tpax — 2.32,

;&3319 = 562.0, P < 0.001; Py; denote the probability that insects
choose to form a layer near the WJ rather than near the TIT). When
the temperature rises above approximately 14.5 and 28 °C, the prob-
ability of insects layering near WJs rather than TITs exceeds 50% and
90%, respectively. These findings highlight the regulatory role of
temperature in determining insect layering height.

3.2. Seasonal variation in flight behaviors of layered moths and FEE
analysis

In this section, we further analyze the behavior of insects form-
ing layers at different heights (Fig. 3), with a particular emphasis
on comparing the FEE (Fig. 4). During the nights studied, a total
of 752 906 layered individuals were identified as moths (see Sec-
tion 2.2), including 243 312 (32.3%) recorded in spring, 130 761
(17.4%) in summer, and 378 833 (50.3%) in fall. For each layered
individual, background atmospheric conditions were recorded,
including wind speed, wind direction, temperature, and the
heights of the nearest W] and TIT. In Section 3.2.1, we first com-
pared seasonal variations in insect trajectory directions, wind
directions, and flight heights (Figs. 3(a) and (b)). The vertical dis-
tances between each insect and the W] core and TIT were calcu-
lated and denoted as Ah,, and Ah, respectively. We then
analyzed the distributions of insect ground speed, track-off-wind
angle (i.e., the absolute angle between the trajectory and wind
directions), and WBF across seasons (Fig. S12 in Appendix A). To
provide an initial assessment of how layering height affects flight
behavior, we examined the relationships between |Ah,| and the
median values of these flight parameters across |Ah,,| intervals
from 0 to 500 m in 100 m increments (Figs. 3(c)-(e), Table S2 in
Appendix A). Next, in Section 3.2.2, based on Eq. (2), we calculated
the FEE for each layered individual insect. The distributions of FEE
across |Ahy| intervals were analyzed, and the dependence of med-
ian FEE on |Ahy,| was evaluated (Fig. 4(a)). Layered insects were
further classified into four groups: ‘Near W] only’ (|Ah,,| < 150 m,
|Ah¢| > 150 m; 55.2%), ‘Near TIT only’ (|Ahy| > 150 m, |Ah¢ < 150 m;
4.5%), and ‘Near neither’ (|Ahy| > 150 m, |Ah¢| > 150 m; 25.9%) and
‘Near both’ (Ah,| < 150 m, |Ah¢ < 150 m; 14.4%). To investigate
the effect of layering height selection on FEE, insects classified as
‘Near both’ were excluded from subsequent analyses, as the influ-
ences of the WJ and TIT could not be disentangled for this group.
Differences in FEE among the remaining three groups were then
compared to assess the effects of layering height selection on FEE
(Fig. 4(b)). Finally, a multiple linear regression was performed with
FEE as the dependent variable and ground speed and metabolic
rate as independent variables to evaluate their relative contribu-
tions to FEE (Table S3 in Appendix A). A detailed presentation of
the results is provided below.
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3.2.1. Seasonal variation of flight behaviors

In spring, winds were highly favorable for northward migration
from overwintering areas. Displacement directions (tracks) were
strongly concentrated with a mean direction of 47.4° (Fig. 3(a-i);
Rayleigh test: Z = 79 820, P < 0.001), and wind directions showed
a similar concentration with a mean direction of 49.8° (Fig. 3(a-
ii); Rayleigh test: Z=116 590, P < 0.001). However, in fall the winds
were less favorable for southward return movements. Displace-
ment directions followed a bimodal distribution, and fitting a
bimodal von Mises model identified two peaks at 93.2° and
234.9° (2 = 26,868, d.f. = 12, P < 0.001), corresponding to eastward
and southwestward movements, respectively (Fig. 3(a-v)). Wind
directions were also multimodal but were primarily concentrated
toward the east-southeast and southwest (Fig. 3(a-vi)). In summer,
both displacement and wind directions displayed multimodal dis-
tributions, oriented primarily toward the northwest and south-
west, suggesting the coexistence of northward and southward
migrations (Figs. 3(a-iii) and (a-iv)). Flight heights were highest
in spring (median = 605.5 m), significantly greater than in summer
(median = 545.1 m), with the lowest observed in fall (median = 5
25.5 m) (Fig. 3(b); Kruska-Wallis H test: H = 22 856, P < 0.001).

Ground speed was highest in spring (green line), significantly
greater than in summer (blue line) and fall (orange line) (Fig. 3
(c), Fig. S12(a)). When data from all seasons were combined (red
line), ground speed declined significantly with increasing |Ahy|
(Fig. 3(c), Table S2; F;3 = 22.0, P = 0.018), and similar trends were
observed within each season (Table S2). The track-off-wind angle
was largest in fall, intermediate in spring, and smallest in summer
(Fig. 3(d), Fig. S12(c)). All data revealed that track-off-wind angle
increased significantly with |Ahy,| (Fig. 3(d), Table S2;
Fy3 = 276.0, P < 0.001), with seasonal patterns showing the same
trend. As insects move farther from the W], wind speed decreases.
This reduction increases the relative contribution of airspeed to
ground speed, enhancing their ability to control the track-off-
wind angle. WBF patterns resembled those of ground speed, with
significantly higher values in spring than in summer and fall
(Fig. 3(e), Fig. S12(b)). When all data were pooled, WBF increased
significantly with |Ah,| (Fig. 3(e), Table S2; F;3 = 743.0,
P < 0.001), showing a same upward trend across seasons.

3.2.2. FEE analysis

Similar to the patterns observed for ground speed, FEE was
highest in spring, intermediate in summer, and lowest in fall
(Fig. 4(a), Fig. S12(d)). Overall, FEE decreased with increasing dis-
tance from the W] (Fig. 4(a), Table S2; F; 3 = 279.0, P < 0.001), with
the same seasonal trends. Insects in the ‘Near W] only’ category
exhibited the highest FEE (mean = 0.62), followed by those in the
‘Near neither’ group (mean = 0.57). The ‘Near TIT only’ group
showed the lowest FEE (mean = 0.41), with the mean FEE of ‘Near
W] only’ insects being 1.5 times higher (Fig. 4(b); Kruskal-Wallis H
test: H=7 863.81, P < 0.001). These findings indicate that layering
near WJs enhances FEE and facilitates long-distance migration.
Compared with metabolic rate, ground speed has a stronger influ-
ence on FEE (Table S3), indicating that proximity to the W]
enhances FEE primarily by increasing ground speed.

The above results demonstrate the driving effects of wind and
temperature on migratory insect layering. To aid interpretation,
we schematically summarized these effects in Fig. 5.

To evaluate the impact of layering altitude on migration trajec-
tory prediction, we conducted two trajectory simulation analyses.
In these simulations, migratory insects were assumed to fly either
at the altitude of maximum wind speed or at the altitude of max-
imum temperature (Fig. S13 in Appendix A). Detailed descriptions
of the simulation methodology are provided in Text S3 in Appendix
A. The results demonstrate that the choice of flight altitude mark-
edly influences both flight distance and destination, highlighting
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Fig. 3. Seasonal variation in flight behaviors of layered moths. (a) Seasonal distributions of displacement directions and the corresponding wind directions: (i, ii) spring, (iii,
iv) summer, and (v, vi) fall. Upper panels represent displacement directions, and lower panels represent wind directions. (b) Distribution of flight heights, ***P < 0.001.
Layered individual insect data were obtained from the vertical-looking radar. (c¢) Ground speed decreased significantly with increasing |Ahy|. (d) Track-off-wind angle
increased significantly with |Ah,|. () WBF increased significantly with |Ahy|. For panels (c-e), green, blue, and orange represent data from spring, summer, and fall,
respectively, while red denotes the combined data from all seasons. The corresponding seasonal regression results are provided in Table S2.
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Fig. 5. Insect layering height selection strategy. Temperature exerts a strong influence on insect layering preferences. At temperatures below ~14.5 °C, insects are more likely
to form layers near TITs than near WJs, with ‘Near TIT layers accounting for 61.5% of all observations in this range. The insects layering near TIT fly at relatively low altitudes
(mean = 355.6 m), exhibit slower ground speeds (mean = 6.6 m-s~!), and show higher FEE values (Fig. 4). When temperatures exceed approximately 14.5 °C, the probability of
layering near W]Js surpasses that near TITs and continues to rise with increasing temperature, reaching about 90% at 28 °C. In this temperature range, ‘Near WJ' layers
constitute 76.9% of all cases. Insects forming layers near WJs typically fly at higher altitudes (mean = 562.4 m), achieve greater displacement speeds, and exhibit higher FEE.

the critical importance of accurately predicting layering height in
migration trajectory analysis.

3.3. Migratory insect layering modeling and prediction

Building on the previous analyses, we developed a model to
predict insect layering heights using wind and temperature data.
Because the presence and height of insect layers are discrete vari-
ables that are difficult to predict directly, and because layers man-
ifest as peaks in insect density profiles, we instead focused on
predicting the overall structure of the density profile. Specifically,
the model predicts the normalized density profile (Eq. S(5) in
Appendix A), after which the peak-detection method is applied to
identify the presence and heights of insect layers. This approach
enables prediction of the vertical density structure without requir-
ing absolute density values, thereby reducing prediction
complexity.

Insect layer height is closely associated with W]Js, TITs, and the
maximum temperature (Fig. 1). Accordingly, the primary input fea-
tures of the prediction model consisted of vertical profiles of hori-
zontal wind speed and air temperature. Observations show that
insect density is altitude-dependent, generally higher at lower
levels, while at higher altitudes the likelihood of layer formation
remains low even in the presence of WJs. To account for this, and
to prevent the model from treating data points at different alti-
tudes uniformly, we included the height value for each data point
(i.e., the height sequence corresponding to profiles) as an addi-
tional input feature. This provides the spatial context necessary
for the model to learn altitude-dependent relationships in both
density distribution and layer occurrence probability. Although
the height sequence is identical across all input samples, its inclu-
sion also encourages the model to treat the data points within a
profile as a coherent sequence rather than isolated points, promot-
ing smoother and more realistic density predictions. In addition, to
better capture the vertical structure of the wind and temperature
fields and enhance the model’s ability to identify WJs and TITs,

we performed feature engineering (i.e., the construction of infor-
mative variables from raw data to improve model performance)
[50]. Specifically, vertical gradients (Eq. S(6) in Appendix A) and
normalized values (Eq. S(5) in Appendix A) of temperature and
wind speed were calculated, generating four additional feature
dimensions (Fig. S14 in Appendix A). The final model input there-
fore comprised six meteorological feature dimensions together
with height.

This task can be formulated as a complex regression problem,
for which we employed the XGBoost algorithm [51]. XGBoost is
an efficient gradient-boosting ensemble learning method that iter-
atively combines multiple weak learners (decision trees) to
improve predictive performance. It is particularly well suited for
high-dimensional and sparse datasets and offers strong generaliza-
tion capability and computational efficiency. For model training,
the dataset was randomly divided into training (80%, 8 535 sam-
ples) and test (20%, 2 133 samples) subsets. Each sample included
a set of input feature profiles and the corresponding output nor-
malized insect density profile, with a resolution of
10 min x 10 m. For each sample, at least one insect layer was suc-
cessfully extracted from the density profile. The layering prediction
model was implemented and trained in Python 3.1.3.

After training, model predictions were compared with observa-
tions, including both the normalized density profiles and the
extracted insect layers, to evaluate prediction accuracy. Four met-
rics were used for model assessment: (D cosine similarity (CS),
which measures the consistency between predicted and observed
normalized density profiles; @ correct prediction rate (CPR), which
quantifies the model’s ability to correctly identify insect layers; @
false prediction rate (FPR), which evaluates the reliability of pre-
dicted layers; and @ mean absolute error (MAE) of layer height,
which measures the vertical error between correctly predicted
layer heights and observed layer heights. Supplementary method-
ological details, along with detailed definitions and calculation
methods for the evaluation metrics, are provided in Text S4 in
Appendix A.
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The model’s outputs closely matched radar observations. For
example, on May 1, 2023, the predicted density distribution closely
resembled the radar observations (Figs. 6(a) and (b)), with an aver-
age CS of 0.84 between the density profiles. The model correctly
predicted all observed layers, but it did not fully capture the merg-
ing of sub-layers within Layer 1 before 01:00, instead predicting
them as single layers. This resulted in a CPR of 93.1% and a MAE
of 18.4 m. Some erroneous predictions were observed at the tail
of Layer 1 (box in Fig. 6(b)), resulting in a FPR of 8.2%. The results
indicate that, although the model has limitations in predicting sub-
layer structures with very close heights, its ability to capture the
main layering patterns remains strong.

Large-scale validation further confirmed the model’s accuracy
and strong generalization capability (Figs. 6(c)-(f)). In the training
set, the average CS between observed and predicted density pro-
files was 0.91, with 89.8% of samples exceeding a CS of 0.8 (Fig. 6
(c)). The model achieved a CPR of 82.9% and a MAE for height of
25.9 m (Fig. 6(e)), with a FPR of 7.4%. Performance on the indepen-
dent test set was similar (Figs. 6(d) and (f); CS = 0.90, CPR = 80.6%,
MAE = 25.9 m, FPR = 8.4%), demonstrating no signs of overfitting
and excellent generalizability. Overall, the model successfully cap-
tured how wind and temperature govern insect layer height selec-
tion. It reliably inferred insect vertical distribution, accurately
predicting the presence and height of layers from wind and tem-
perature inputs.

4. Discussion

Layering near the TITs represents a thermal refuge strategy for
migratory insects. As ectotherms, their physiological processes
are directly regulated by temperature [52-54]. Low temperatures
can restrict layer formation [29], and suppress migration [3,55].
Our analysis further confirms that temperature strongly influences
layer altitude selection (Fig. 2; Figs. S10 and S11). This finding is
consistent with previous case studies in temperate regions, where
insects concentrated in the warmest air on cool nights, as condi-
tions outside this zone were physiologically unfavorable
[28,30,33]. In contrast, when air temperatures are warmer, insects
exhibit greater flexibility in selecting layer heights [2-4,15].
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The selection of layering altitude represents a trade-off between
maintaining thermal stability and enhancing wind-assisted FEE.
FEE analyses indicate that proximity to the W] enhances FEE
(Fig. 4). As noted, insects prioritize thermoregulation via thermal
refuge near the TIT under low temperatures. Above the TIT, tem-
perature decreases slowly (~1 °C per 100 m) [31], forming a broad
thermal transition zone (Fig. 1(c), Fig. S7(a)). Once their thermal
requirements are met, insects can trade excess warmth for greater
energy efficiency by ascending toward the W] to exploit faster
winds (e.g., Layer 3 in Fig. S7(a)). This explains both the high pro-
portion (79.1%) of layers found above the TIT and the broad vari-
ance of AHy (Fig. 1(e)). On sufficiently warm nights, insects can
fully move away from TITs and approach WJs, which explains the
decline in the proportions of ‘Near TIT only’ and ‘Near neither’ lay-
ers with increasing temperature (Fig. 2(e)).

Layering enhances survival and conserves energy, offering a
novel perspective on the ecological adaptations of migratory
insects. Both migratory flight and reproduction are highly
energy-demanding processes [56], so due to limited energy
reserves, some insects face a critical energy allocation trade-off
between migration and reproduction [57]. Layering near the W]Js
represents a key behavioral adaptation to this challenge. By
enhancing FEE, these migrants can save more energy for reproduc-
tion at their destination. Moreover, the rapid wind-assisted transit
shortens the migratory period, thereby reducing the duration of
exposure to aerial predators and other enroute risks. Conversely,
migration within the low-speed, energetically costly environment
near the TIT is a less ecological adaptive choice, likely adopted only
under constraints such as narrow thermal migration windows or
higher thermal requirements.

Elucidating the interactions between migratory insects and
meteorology forms the foundation for migration forecasting
[21,58-60]. Previous large-scale studies have successfully linked
population dynamics to environmental variables, enabling the pre-
diction of migration patterns for key pests like the Nilaparvata
lugens [9,60]. Similarly, quantifying the coupling between insect
density, ground speed, and meteorological variables has advanced
predictions of these key parameters [21]. In terms of trajectory pre-
diction, although elucidating orientation strategies has enhanced
forecast accuracy [ 15], the unclear mechanisms underlying layering
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Fig. 6. Performance of the insect layering prediction model. (a, b) Comparison of (a) true and (b) predicted insect aerial density distributions (1 min x 10 m resolution) from
00:00 to 04:00 on May 1, 2023. In this example, the insect layer identification method was applied to the density profiles (1 min x 10 m resolution) to more clearly illustrate
all detected layers. Samples belonging to the same insect layer at different times were associated, with layers outlined by black dashed lines and numbered. In (a), 289 layer
samples were identified; in (b), 293 were detected, including 269 correct predictions and 24 false predictions, yielding a CPR of 93.1% and an FPR of 8.2%. The false predictions
are primarily concentrated within the regions highlighted by the yellow box. (c, d) Distribution of CS values between true and predicted density profiles for the (c) training set
(n=28535) and (d) test set (n = 2133). (e, f) Distribution of height prediction errors for correctly predicted layers in the (e) training set and (f) test set. @ and @ denote Layers 1

and 2.
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continue to limit predictive precision. Because the true layering
flight altitude generally cannot be determined, current models
assume that insects fly at the altitude of maximum wind speed
[15]. However, our trajectory simulations indicate that this
assumption can lead to errors of several hundred kilometers in pre-
dicted destinations (Fig. S13). To address this limitation, we develop
an XGBoost-based prediction model. This model achieves fine-scale
(10 m) predictions of layering, improving trajectory forecasting
accuracy and making a novel contribution to the growing field of
insect migration ‘aero-ecology’.

Although our model already achieves high-precision layer pre-
dictions, there is still potential for refinement. Future research
could refine this approach at the species level, establishing tar-
geted predictive models for specific agricultural pests. This will
require species-level vertical distribution data, as well as analyses
of species-specific layering strategies. Achieving this may require
leveraging the species identification capability of vertical-looking
radar. In addition, this study focuses on medium- to large-sized
moths (>10 mg), which likely possess sufficient flight capacity to
actively select layers, similar to their demonstrated orientation
abilities [15,16]. Observations of smaller insects (<10 mg), such
as Nilaparvata lugens, indicate that their aerial densities tend to
increase with height up to a maximum, typically located just below
a sharp upper boundary (ceiling) determined by the temperature
threshold for flight [61]. These smaller insects may lack the ability
to form layers, although this possibility warrants further investiga-
tion in future studies.

5. Conclusions

The formation of concentrated layers of migratory insects at
specific altitudes remains poorly understood, limiting the accuracy
of trajectory predictions for migratory pests. This study elucidates
the temperature-driven mechanisms underlying insect layering
altitude selection. Specifically, under cooler conditions, insects
concentrate near TITs to maintain thermal stability, whereas under
warmer conditions, they shift to W] regions to enhance wind-
assisted FEE. By incorporating these insights into a predictive
model of insect layering, this study offers scientific support for
fine-scale migration trajectory forecasting, thereby contributing
to improved management of migratory pests and the protection
of food production.
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