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Key Points:
●  A novel real-time detection framework is proposed, integrating domain-knowledge-based image enhancement with the deformable

convolution enhanced EfficientNet-B3 for highly robust feature extraction from All-Sky Airglow Imager.
●  The framework achieves high identification accuracy of 91.2% with millisecond-level inference speed, enabling practical, real-time

analysis of continuous data streams.
●  This deployable solution successfully automates the climatological statistics of gravity waves, overcoming manual bottlenecks and

enhancing the timeliness of space weather monitoring.
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Abstract: Atmospheric gravity waves (AGWs) observed by the All-Sky Airglow Imager (ASAI) require accurate identification for the study
of atmospheric coupling mechanisms and space weather prediction. However, the traditional manual screening methods and existing
machine learning approaches do not meet the demands of practical station monitoring, which has significantly impeded climatological
statistical research based on AGWs. Therefore, a real-time detection framework for ground-based airglow gravity waves that integrates
transfer learning with adaptive image preprocessing has been proposed. By employing wavelength-adaptive median filtering and
multiscale fusion, the framework effectively suppresses stellar noise while preserving weak gravity wave features. The model utilizes an
EfficientNet-B3 (convolutional neural network) backbone enhanced with a deformable convolutional layer, trained via a two-stage
strategy: A frozen phase prevents overfitting by locking the lower level feature extractor, and a fine-tuning phase optimizes the
deformable convolution through cosine annealing and layered optimization. This approach improves both feature transfer efficiency and
gravity wave detection sensitivity. The resulting lightweight model achieves 91.2% accuracy with millisecond-level inference speed
(23 ms per frame).

Keywords: atmospheric gravity waves; All-Sky Airglow Imager; real-time detection; multiscale fusion; transfer learning; EfficientNet-B3;
deformable convolution

 
 1.  Introduction
Atmospheric  gravity  waves  (AGWs)  are  a  crucial  wave

phenomenon  in  Earth’s  atmosphere,  with  typical  scales  ranging

from tens to hundreds of kilometers (Fritts, 1984; Nappo, 2002). As

a primary carrier  for  the vertical  transport  of  atmospheric  energy

and  momentum,  the  propagation,  breaking,  and  dissipation

processes  of  gravity  waves  profoundly  influence  the  circulation

structure,  temperature distribution,  and chemical  composition of

the  middle  and  upper  atmosphere  (Fritts  and  Alexander,  2003;

Duan BQ and Pan WL, 2017). The momentum deposition of gravity

waves in the mesosphere and lower thermosphere region directly

affects  atmospheric  circulation  stability  and  the  evolution  of

space weather (Tu C and Hu X, 2012). Therefore, an understanding

of  the  excitation  mechanisms,  propagation  characteristics,  and

energy  transport  processes  of  gravity  waves  holds  significant

importance  for  revealing  atmospheric  coupling  mechanisms,

improving global climate models, and enhancing the accuracy of

space weather forecasting (Ayorinde et al., 2024).

The  ground-based  All-Sky  Airglow  Imager  (ASAI)  is  one  of  the

most  direct  and  effective  techniques  for  observing  AGWs  in  the

middle and upper atmosphere (Taylor and Hapgood, 1988; Gardner

and Taylor, 1998). Since the first gravity wave imaging by Peterson

and  Adams  (1983),  ASAIs  have  become  a  key  tool  for  studying

gravity wave phenomena near the mesopause (Garcia et al., 1997;

Coble et al.,  1998; Tu C et al.,  2009).  Projects such as the Chinese

Meridian Project have successfully established airglow observation
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networks  (Wang C  et  al.,  2021, 2024),  accumulating a  substantial
volume of valuable data and providing a solid foundation for the
statistical study of gravity waves (Xu JY et al., 2015). This network
has  been  instrumental  in  capturing  and  analyzing  atmospheric
waves from extreme events, providing key insights into the vertical
coupling  processes  from  the  troposphere  to  the  thermosphere.
Notable  examples  include  the  study  of  multigroup  atmospheric
waves  generated  by  the  2022  Hunga  Tonga–Hunga  Ha’apai
volcanic eruption (Li QZ et al., 2024) and the investigation of gravity
wave  propagation  from  a  typhoon  to  the  upper  atmosphere  (Li
QZ et al., 2022).

With the expansion of ground-based airglow imager networks, an
accurate and efficient  rapid-screening method to identify  gravity
wave  events  from  the  massive  volume  of  airglow  images  is
urgently  needed.  Traditional  analysis  methods  rely  on  manual
preliminary  screening  followed  by  least-squares  harmonic  fitting
(Yamashita  et  al.,  2013; Matsuda et  al.,  2017)  or  two-dimensional
(2D; Krebsbach  and  Preusse,  2007; Schroeder  et  al.,  2009)  and
three-dimensional  (3D)  Fourier  analysis  (John  and  Kumar,  2012;
Matsuda et al., 2017), which is inefficient and highly subjective (Li
QZ  et  al.,  2025).  With  advances  in  deep  learning,  convolutional
neural  networks  (CNNs)  and  object  detection  models  have  been
utilized  for  the  automatic  identification  of  gravity  waves  in
airglow  images  (González  et  al.,  2022a). Sathish  (2022) utilized  a
CNN  for  classifying  AGWs  from  space-borne  Synthetic  Aperture
Radar imagery, but the results were suboptimal because of insuffi-
cient training data. González et al. (2022b) used transfer learning,
comparing various models and training strategies, and found that
a combination of the Inception-v3 CNN architecture and a learning
rate  scheduler  yielded  the  best  performance,  achieving  a  test
accuracy of 75.85%. Xiao BM et al. (2024) further compared transfer
learning  with  the  YOLOv10  object  detection  model  and
concluded  that  transfer  learning  outperforms  object  detection
methods under data-limited conditions. For ground-based obser-
vations, Lai  C  et  al.  (2019) developed  an  automated  extraction
procedure based on CNNs and Faster R-CNN (region-based CNN).
By  implementing  uniform  identification  criteria,  they  mitigated
the  random  errors  associated  with  manual  interpretation.
However,  because  relatively  strict  thresholds  were  applied,  the
number of gravity waves identified was only 28.9% of the manual
count. Chen  JS  et  al.  (2023) proposed  an  identification  method
combining  improved  CycleGAN  (Cycle-Consistent  Adversarial
Network)  data  augmentation  and  the  YOLOv5s  object  detector,
achieving a mean average precision of 75.8%, with both detection
speed and accuracy surpassing other mainstream object detection
algorithms.  Although  deep  learning  demonstrates  considerable
potential  for  the  automatic  identification  of  gravity  waves  in
ground-based  airglow  images,  current  methods  encounter  two
core  bottlenecks:  First,  the  scarcity  of  annotated  data  makes
complex models prone to overfitting, leading to poor generaliza-
tion performance. Second, in the pursuit of high accuracy, models
are  often  designed  with  excessive  complexity,  making  it  difficult
to  meet  the  stringent  real-time  processing  requirements  of
ground-based  stations.  Furthermore,  the  ground-based  observa-
tion environment is more complicated because of substantial stel-
lar noise and weather interference. Current preprocessing methods
lack  specificity  for  these  challenges,  which  increase  the  difficulty

of effective feature extraction.

To address the aforementioned challenges, an efficient and reliable
real-time  identification  framework  for  gravity  waves  in  ground-
based  airglow  images  was  proposed,  representing  the  first
systematic  application  of  a  transfer  learning  strategy  to  ground-
based  airglow  images.  By  performing  layered  fine-tuning  on  an
EfficientNetB3  backbone  network  pretrained  on  ImageNet  (a
publicly  available  image  database),  we  effectively  leveraged  the
prior knowledge from large-scale datasets, significantly mitigating
the overfitting problem common with small sample sizes. In terms
of model design, we eschewed computationally complex general-
purpose  networks  (e.g.,  Inception-v3)  in  favor  of  the  more
lightweight EfficientNetB3, incorporating deformable convolution
modules  to  maintain  high  sensitivity  to  gravity  wave  features
while ensuring that computational efficiency would meet the real-
time  requirements  for  edge  deployment.  To  address  the  low
signal-to-noise ratio (SNR) in ground-based images, we proposed
a  wavelength-adaptive  median  filtering  preprocessing  method,
which dynamically optimizes the denoising process based on the
physical scale of the gravity waves. The final framework achieved
an accuracy of 91.2% on the test set, reaching a millisecond-level
inference speed. It has been successfully integrated into the moni-
toring  network,  enabling  automatic,  continuous,  and  real-time
identification of gravity wave events.

 2.  Materials and Methods

 2.1  Instrument and Dataset
The  airglow  images  used  in  this  study  originated  from  ground-
based ASAIs in the Lhasa area. The observation bands cover typical
gravity wave-sensitive emission layers, such as OI 630 nm and OH
(near-infrared).  The  station  cameras  are  equipped  with  fish-eye
lenses to obtain two-dimensional radiance distributions covering
nearly the entire sky dome, with a single-frame field of view close
to 180°. The typical exposure time is 60 s, with a temporal resolution
of approximately 0.5–2 min. A single station can obtain hundreds
to thousands of images per night, providing a sufficient temporal
sampling  density  for  resolving  gravity  wave  morphology,  propa-
gation  direction,  and  phase  velocity  in  the  middle  and  upper
atmosphere (80–300 km; Narayanan and Gurubaran, 2013).

Raw data first underwent observational quality control (including
star  sensitivity  drift  calibration,  cloud cover  threshold determina-
tion, lunar phase screening, and elimination of nights with severe
light  pollution).  Images  from  continuous  time  windows  were
selected  for  differential  processing.  Semiautomatic  labeling  was
then  performed  based  on  the  presence  or  absence  of  distinct
banded,  vortex,  or  ripple-type  airglow  perturbations,  forming  a
binary-labeled  image  dataset  (682  images  with  waves,  2561
images  without  waves).  To  avoid  bias  caused  by  severe  class
imbalance,  negative  samples  were  subjected  to  random  under-
sampling  and  time-decorrelation  processing  during  dataset
construction, ensuring that the class ratios in the training, valida-
tion, and test sets remained roughly balanced overall. We utilized
stratified sampling to divide the data into training (70%), validation
(20%),  and  independent  test  (10%)  sets,  ensuring  that  samples
from  different  nights  would  be  distributed  across  different
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subsets  as  much  as  possible  to  mitigate  the  impact  of  temporal
autocorrelation on the evaluation results.

 2.2  Deep Learning Model
Transfer learning played a key role in improving the accuracy and
robustness of automatic identification of gravity waves in ground-
based  airglow  images.  EfficientNet-B3  was  selected  as  the  back-
bone  network.  Its  core  advantage  lies  in  its  compound  scaling
strategy,  which  performs  balanced  scaling  across  three  dimen-
sions: network depth, width, and input resolution (Tan MX and Le,
2020).  The  MBConv  (Mobile  Inverted  Bottleneck  Convolution)
blocks in EfficientNet also keep the inverted residual structure and
depthwise  separable  convolution  from  the  CNN  MobileNetV2,
which  achieve  significant  compression  of  parameters  and  FLOPs
(Floating  Point  Operations).  Additionally,  they  incorporate
Squeeze-and-Excitation  channel  attention  blocks,  enhancing  the
ability  of  the  network  to  adaptively  model  the  importance  of
features  across  channels  (Sandler  et  al.,  2019).  Compared  with
classical CNN architectures such as ResNet-50, VGG, and Inception-
v3,  EfficientNet-B3  achieves  a  superior  accuracy–efficiency  trade-
off  with  fewer  parameters  and  a  lower  computational  cost.  This
characteristic  is  crucial  for  deploying  models  on  resource-
constrained  field  stations  or  for  near-real-time  operational
processing.  Extensive  experiments  have  shown  that  such
lightweight,  efficient  networks  with  channel  attention  possess
good  transfer  learning  and  generalization  capabilities  in  optical
remote sensing, medical imaging, and low SNR visual tasks (Qin Y,
2023).  They are thus well-suited for  AGWs,  which are targets  rich
in textural details, spanning large scales, and sensitive to contrast
variations.

To  enhance  the  model’s  perception  of  wavelike  and  nonrigid
structures,  a  deformable  convolution  module  was  utilized  after
the  high-level  semantic  feature  maps  output  by  the  backbone
network. This module incorporates an additional DeformableConv
2D  layer  (deformable  convolutional  layer  with  2D  offsets),
enabling  dynamic  adjustment  of  spatial  sampling  locations,
thereby  granting  the  network  the  ability  to  adaptively  model
complex wave patterns. The core of the DeformableConv2D layer
involves learning a set of trainable offsets that shift the sampling
locations of the standard convolution kernel, allowing the convo-
lution to perceive and align with local geometric variations in the
input feature maps (Dai JF et al., 2017). This mechanism is particu-
larly  suitable  for  handling  scenarios  lacking  strict  translation
invariance,  such as  bending wavefronts,  converging or  diverging
wave  beams,  and  areas  with  strong  background  gradients.
Through  flexible  control  of  the  receptive  field’s  sampling  points,
the model can more accurately analyze and reconstruct nonrigid
patterns.  Furthermore,  to  ensure  effective  convergence  of  the
deformable  module,  we  introduced  additional  L2  regularization
constraints and an offset clipping mechanism to further limit  the
range  of  spatial  deformation  and  prevent  uncontrolled  offsets
from adversely affecting high-level semantic structures.

 3.  Data Processing and Model Training

 3.1  Data Preprocessing
To address the challenges of a low SNR and strong stellar interfer-

ence  in  ground-based  airglow  images,  we  utilized  a  targeted
image  enhancement  pipeline  prior  to  model  input.  This  pipeline
consisted of two main steps designed to highlight wavelike struc-
tures while suppressing background noise.

First,  to  mitigate  random  high-frequency  noise  and  stellar  point
sources,  we  applied  a  multiscale  adaptive  median  filtering  tech-
nique.  The  filter  window  sizes  were  empirically  selected  as  9,  15,
and 21 pixels. These scales correspond approximately to the typical
horizontal  wavelengths  of  gravity  waves  projected  onto  the
image  grid.  By  fusing  the  filtering  results  from  these  different
scales,  the  method  effectively  preserves  the  morphological
integrity  of  gravity  wave  bands  while  removing  smaller  stellar
spots.

Second, to further isolate the transient gravity wave signals from
the  slowly  varying  background  (such  as  the  Milky  Way,  zodiacal
light,  and  thin  clouds),  we  utilized  a  dynamic  frame  differencing
method. By subtracting the previous frame from the current frame
within  a  continuous  observation  sequence,  static  or  quasi-static
background features were cancelled out. This process significantly
enhanced  the  contrast  of  the  propagating  wave  fronts,  making
the weak ripples more distinguishable for  the subsequent neural
network.

During model training, lightweight augmentation strategies were
introduced to simulate observing conditions under different lunar
phases  and  thin  cloud  cover.  The  data  processing  workflow  is
illustrated in Figure 1, which demonstrates the effects of different
augmentation  operations  (flip,  brightness,  and  contrast  scaling)
applied to a single representative source image.

 3.2  Model Architecture
The  model  architecture,  shown  in Figure  2,  primarily  consists  of
three  modules:  feature  extraction,  deformable  convolution,  and
classification  decision.  The  input  airglow  images,  after  data
augmentation  operations,  were  uniformly  resized  to  300  ×  300
pixels to match the input size of the pretrained EfficientNetB3. The
extracted feature maps were then fed into a deformable convolu-
tion  layer  to  further  enhance  the  capability  for  gravity  wave
recognition. After global average pooling, the features were input
to  the  classification  head,  which  finally  output  a  discrimination
confidence  score.  A  score  above  0.5  was  classified  as “no  wave,”
and otherwise as a gravity wave event occurrence.

 3.3  Training Strategy

Swish (x) = x ⋅ σ (βx) σ

β
θi

Lreg = λ∑i θ
2
i θi

λ

Considering  the  requirements  for  real-time  deployment  at
stations  and  the  risk  of  overfitting,  we  adopted  a  lightweight
binary classification head. The custom Swish activation function is
defined as , where  is the sigmoid function, x
denotes the input to the activation function, and the hyperparam-
eter  controls  the  shape  of  the  function.  The  L2  regularization
penalty term was applied to the weight parameters  of the fully
connected  layer  as ,  where  represents  each  indi-

vidual  weight  parameter  in  the  fully  connected  layer,  and  the
hyperparameter  controls  the  strength  of  the  L2  penalty.
Compared with traditional stacks of multilayers, high-dimensional
fully connected layers significantly reduce the number of parame-
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ters and GPU memory usage, and they typically yield more stable

probability  calibration  in  binary  classification  tasks.  The  dropout

rate  and  weight  decay  are  adjusted  hierarchically  at  different

stages  to  maximally  suppress  overfitting  while  preserving  repre-

sentational capacity.

To  address  the  issues  of  scarce  labeled  samples  and  weak  signal

features, we designed a two-stage transfer fine-tuning method:

(1) Initial  stage  (frozen  backbone):  Initially,  all  convolutional  layers

of  EfficientNetB3  are  frozen,  and  only  the  newly  added

lightweight classification head is trained. This stage uses a relatively

high initial learning rate combined with the AdamW optimizer for

rapid  convergence,  aiming  to  allow  the  new,  fully  connected

layers  to  first  adapt  to  the  data  distribution  and  establish  basic

decision boundaries.

(2) Fine-tuning  stage  (partial  unfreezing):  After  the  classification

head is trained, the higher level feature extraction modules at the
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Figure 1.   Flowchart of the rapid identification process for gravity waves in airglow images.
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Figure 2.   Model structure based on EfficientNetB3 and the deformable convolution module.
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back  end  of  EfficientNetB3  (e.g.,  layers  after  stage  200)  are
unfrozen.  This  keeps  the  low-level  edge  or  texture  and  other
features stable while allowing the high-level features to semanti-
cally adapt to the morphological features of AGWs (bands, coher-
ent  ripples,  arc  structures,  etc.).  This  stage  uses  a  lower  learning
rate, along with gradient clipping and layer-wise weight decay to
stabilize training. The custom DeformableConv2D layer, added to
the  high-level  feature  maps  output  by  the  backbone,  is  also
unfrozen and fine-tuned only in this stage with stricter regulariza-
tion and an even lower learning rate for a short number of epochs.
This  layer  learns  offsets  for  spatial  sampling  points,  enabling  the
convolution kernel to adaptively align with nonrigid, non-transla-
tion-equivariant  wave  structures  (especially  in  scenarios  with
curved  wavefronts,  wave  beam  convergence  or  divergence,  and
strong background gradients).

θt+1 = θt − η(∇L + λθt)In  the  frozen  stage,  we  implemented  the  Keras  version  of  the
AdamW  optimizer ,  which  uses  decoupled

weight  decay  to  help  achieve  better  generalization  on  small- or
medium-sized datasets and improves gradient stability to prevent
overfitting (Loshchilov and Hutter, 2019). In the fine-tuning stage,
a cosine annealing learning rate scheduler

ηt = ηmin + 0.5(ηmax − ηmin)(1 + cos(πt/T))

λl = 0.01 ⋅ e−2l/L
was  selected  to  accelerate  convergence,  enhance  generalization,
and help escape local minima. A layer-wise weight decay mecha-
nism was applied during fine-tuning,  implementing an exponen-
tially  decaying  strategy  for  the  unfrozen  layers .

This process applied stronger decay to shallower layers (constrain-
ing overfitting on low-level features) and weaker decay to deeper

η
λ

ηmax

ηmin

L

layers  (preserving  high-level  semantic  features).  Here,  is  the

learning rate controlling the parameter update step size,  is  the

weight decay coefficient, T is the learning rate restart period, 

and  are  the  maximum  and  minimum  learning  rates, l is  the

layer  index  (frozen  layers  are  excluded  from  decay),  and  is  the

total number of fine-tuned layers.

 4.  Results
The two-stage training strategy demonstrated stable convergence

characteristics.  In  Stage  1,  utilizing  a  cosine  annealing  scheduler,

the  validation  loss  decreased  rapidly  and  plateaued  after  30

epochs.  In  Stage  2,  after  unfreezing  and  fine-tuning  the  higher

level  features,  the  validation  accuracy  and  F1-score  showed

further improvement. The introduction of the deformable convo-

lution  module  enhanced  the  model’s  Recall  on  samples  with

complex  backgrounds  and  weak  signals,  whereas  the  precision

remained  largely  stable.  This  result  indicates  that  the  model

improved the detection capability for challenging samples without

excessively  increasing  false  alarms.  The  training  curves  for  loss

and  accuracy  are  shown  in Figure  3,  where  EarlyStopping  effec-

tively prevented overfitting in the later stages.

The final performance of the model on the independent test set is

summarized in Table 1.

To  quantify  the  contribution  of  each  design  component  to  the

final  performance,  a  systematic  ablation  study  was  conducted.

The results  are illustrated in Figure 4.  Using EfficientNetB3 as the

baseline  model,  we  achieved  an  accuracy  of  82%  without  any

specific  optimizations.  Training  only  the  classification  head  with
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Figure 3.   Training and validation loss and accuracy curves.
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the feature extractor frozen yielded reasonable performance, but

progressive learning achieved by unfreezing higher level features

(Stage 2) provided additional gains. Unfreezing the entire network

at once (nonlayered) was more prone to overfitting in this small-

sample  scenario.  For  the  test  set  containing  large-scale  gravity

waves,  the  model  incorporating  DeformableConv2D  showed  a

significant increase in Recall, demonstrating its better adaptability

to  gravity  wave  structures.  The  AdamW  optimizer  demonstrated

better  generalization  ability  under  the  same  regularization

strength and greater stability with learning rate annealing, being

less  susceptible  to  performance  drops  on  the  validation  set.  The

Swish activation function provided a slight but stable gain in the

classification  head,  especially  in  the  later  stages  of  fine-tuning,

and  it  helped  reduce  fluctuations  in  validation  metrics.  By  inte-

grating  all  the  optimization  strategies,  the  model  achieved  an

accuracy  of  91.24%  and  an  F1-score  of  91.43%  compared  to  the

baseline.  The  significant  improvement  across  all  metrics  demon-

strates the effectiveness of the multicomponent cooperative opti-

mization.

To  interpret  the  decision-making  process  of  the  proposed  deep
learning framework and verify that it focuses on physically relevant
features, we utilized Gradient-weighted Class Activation Mapping
(Grad-CAM).  Grad-CAM  serves  as  a  visualization  technique  that
highlights  the  specific  regions  of  an  input  image  contributing
most  significantly  to  the  model’s  final  classification,  thereby
explaining  where  the  network  is  looking.  The  resulting  attention

heatmaps are presented in Figure 5. For samples containing gravity
waves,  the  attention  of  the  model  was  predominantly  concen-
trated  on  the  distinct  wave  band  regions.  In  high-confidence
predictions  (probability  >0.9),  the  heatmaps  precisely  delineated
the wavelike structures, confirming that the model had learned to
recognize the specific textural patterns of AGWs. Even in medium-
confidence instances, the model demonstrated remarkable sensi-
tivity  to  weak  signals,  correctly  locating  faint  wave  packets.
Conversely,  for “no-wave” samples,  the  attention  was  diffusely
distributed  over  areas  of  background  noise  without  focusing  on
specific  structural  features.  Notably,  in  high-confidence  negative
predictions,  the  model  successfully  ignored  potential
confounders,  such  as  cloud  interference  and  smooth  gradients
caused  by  lunar  illumination.  This  capability  confirms  that  the
model  relies  on  genuine  wave  morphology  rather  than  environ-
mental artifacts, providing strong support for the physical plausi-
bility  of  the  model’s  decisions  and offering a  reliable  visual  basis
for subsequent physical inversions (e.g., phase velocity and propa-
gation direction estimation).

The confusion matrix evaluated on the independent balanced test
set  is  shown in Figure  6a.  This  test  set  represents  a  random 10%
split derived from the balanced dataset (consisting of 682 positive
samples and 682 undersampled negative instances), ensuring that
the evaluation metrics reflected the performance of the model on
an unbiased distribution. The results revealed the superior classifi-
cation  performance  of  the  model:  Among  the  positive  instances,
92.8%  of  gravity  waves  were  correctly  identified  (True  Positives),
and  among  the  negative  instances,  89.7%  of  no-wave  samples
were correctly identified (True Negatives). In the receiver operating
characteristic (ROC) curve shown in Figure 6b, the area under the
curve (AUC) value reached 0.964, indicating excellent classification
capability.  The proximity  of  the curve to the ideal  top-left  corner
signifies robust model performance across varying discrimination
thresholds.

As  benefits  from  the  efficient  architecture  of  EfficientNetB3  and

the  lightweight  classification  head,  the  complete  inference  time

for a single image in this study model was 23 ms. This value fully

meets the requirements for practical operational applications and

offers  significant  advantages  for  large-scale  batch  processing

 

Table 1.   Model performance metrics on the independent test set.

Metric Value
95% confidence

interval

Overall accuracy 91.24% [89.1%, 93.4%]

F1-score 91.43% [89.5%, 93.3%]

Wave detection rate (recall) 92.75% [90.2%, 95.3%]

Wave detection precision 90.14% [87.5%, 92.8%]

No-wave identification rate
(specificity)

89.71% [87.1%, 92.3%]

Validation loss 0.2967 [0.28, 0.32]
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Figure 4.   Comparative results of the ablation study.

Earth and Planetary Physics       doi: 10.26464/epp2026046 459

 

 
He YB and Xu QC et al.: A transfer learning framework for the real-time detection of atmospheric gravity waves from

All-Sky Airglow Imager
 



scenarios involving continuous hourly data throughout the night.

 5.  Conclusions
A  real-time  identification  framework  for  ground-based  airglow

gravity  waves  was  proposed.  Integrating  physics-guided  prepro-

cessing and lightweight deep learning, it effectively addressed the

limitations  of  traditional  methods  in  terms  of  efficiency  and

generalization ability. The core innovations can be summarized as

follows:

(1) Domain-adaptive  preprocessing  enhancement:  A  multiscale

fusion  method  combining  wavelength-adaptive  median  filtering

and dynamic differencing is utilized to address the low SNR chal-

lenge. Tailored to the typical  wavelength range of gravity waves,

this method suppresses noise, significantly enhancing the SNR of

weak gravity wave signals while effectively removing stellar noise.

(2) Lightweight  model  and  hierarchical  transfer  learning  strategy:

With  the  EfficientNetB3  backbone  network  and  a  custom

deformable convolution module, coupled with a two-stage hierar-

chical  fine-tuning  mechanism,  the  framework  enhances  the

perception and modeling capability for the nonrigid characteristics

of  gravity  waves  while  effectively  mitigating  overfitting  on  small

datasets.

(3) High  accuracy  and  real-time  performance:  The accuracy rate  of

the  constructed  model  on  the  independent  test  set  reached

91.2%,  and  the  reasoning  time  of  a  single  image  reached  23  ms,

meeting the requirements of real-time operation processing.

Although  the  proposed  framework  demonstrated  robust  perfor-

mance in real-time screening, we acknowledge certain limitations

in  the  current  study.  First,  the  model  currently  relies  on  single-

frame spatial features, potentially underutilizing the rich dynamic
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Figure 5.   Grad-CAM heatmaps visualizing model attention.
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Figure 6.   (a) Confusion matrix and (b) receiver operating characteristic (ROC) curve.
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information  embedded  in  the  temporal  evolution  of  gravity

waves.  Second,  the  binary  classification  head,  although  efficient,

restricts  the  system  to  presence  detection  rather  than  fine-

grained  typification  or  parameter  extraction.  Third,  like  most

supervised  learning  approaches,  the  performance  of  our  model

depends  heavily  on  the  quantity  and  quality  of  manual  annota-

tions.

To build on these observations, future work will focus on advancing

the capabilities of the model in three key directions. First, to move

beyond simple detection, we aim to develop integrated parameter

inversion  algorithms  that  can  simultaneously  perform  fine-

grained  classification  and  estimate  key  physical  parameters  (e.g.,

phase  velocity  and  propagation  direction),  thereby  facilitating

more  in-depth  climatological  analysis.  Second,  spatiotemporal

modeling techniques, such as 3D-CNNs or temporal Transformers,

will be incorporated to leverage sequential information for better

noise  suppression  and  motion  characterization.  Additionally,  we

plan  to  explore  self-supervised  learning  strategies  to  reduce  the

dependence  on  manual  labeling  and  improve  generalization

across  diverse  observational  conditions.  The  ultimate  goal  is  to

construct  a  fully  automated,  physics-informed  analysis  platform

that seamlessly integrates detection, identification, and quantita-

tive parameter extraction.
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