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Abstract
Traveling ionospheric disturbances (TIDs) may significantly change the ionospheric properties in the region, which in turn 
affects the radio propagation process, especially on short-wave communication, satellite navigation and positioning. TIDs 
detection and propagation parameter calculation are essential foundations for ionospheric disturbance monitoring and early 
warning. Comparisons between Cascade Mask R-CNN and the classical Mask R-CNN models in instance segmentation 
results were conducted using global LSTIDs and European MSTIDs data. The results indicate that Cascade Mask R-CNN 
outperforms Mask R-CNN in image processing accuracy and training convergence speed, with an improvement of approxi-
mately 4.7% in bounding box precision and about 3.6% in mask accuracy. The model achieved mask accuracies of 79.34% 
and 73.37% in the European region and globally, respectively. Subsequently, irregular disturbances were normalized using 
a least squares ellipse fitting method, and isolated disturbances were filtered and eliminated using filtering criteria and a 
nonlinear programming solver. When the filtering threshold T1 was set to 40, isolated disturbances could be effectively fil-
tered out while retaining wave disturbance components. The method yielded TIDs propagation parameters in DTEC maps 
in different regions that closely matched actual results.

Keywords  Traveling ionospheric disturbances (TIDs) · Global navigation satellite system (GNSS) · Ionospheric total 
electron content (TEC) · Deep learning · Instance segmentation · Cascade Mask R-CNN

Introduction

Traveling ionospheric disturbances (TIDs) are typical dis-
turbances in the ionosphere, characterized by quasi-periodic 
fluctuations in plasma density and propagating at a certain 
speed and frequency within the ionosphere (Hines 1960; 
Kelley 2009). According to their spatial–temporal scales 

and propagation characteristics, TIDs can mainly be divided 
into two categories: large-scale traveling ionospheric distur-
bances (LSTIDs) and medium-scale traveling ionospheric 
disturbances (MSTIDs). LSTIDs have horizontal wave-
lengths > 1000 km, horizontal speeds exceeding 400 m/s, 
and propagation periods ranging from 30 min to 3 h (Hun-
sucker 1982; Figueiredo et al. 2017). LSTIDs are typically 
associated with acoustic gravity waves (AGWs) generated 
by auroral and sub-auroral Joule heating or particle precipi-
tation, propagating from polar regions towards the equator 
and potentially reaching the opposite hemisphere, thereby 
affecting the entire globe (Frissell et al. 2022). MSTIDs 
mainly occur in mid- to low-latitude regions, with horizontal 
wavelengths of several 1000 km, horizontal speeds ranging 
from 100 to 250 m/s, and propagation periods of tens of 
minutes (Huang et al. 2016; Le et al. 2024). MSTIDs are 
associated with natural hazards such as solar flares, magnetic 
storms, solar eclipses, earthquakes, tsunamis, typhoons, and 
volcanic eruptions, as well as phenomena driven by varia-
tions in ionizing solar radiation, including solar terminator 
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passages and solar flares (Koucká Knížová et al. 2021). Both 
LSTIDs and MSTIDs can significantly alter ionospheric 
characteristics in their respective regions, severely impact-
ing the reliability and stability of services such as shortwave 
communication and satellite navigation systems (Zhang 
et al. 2022; Ren et al. 2024).

Traditional technologies for observing TIDs mainly 
include ionosondes, high-frequency radars, coherent and 
incoherent scatter radars, and airglow imagers (Behnke 
1979; Kelley 2009; Huang et al. 2016; Ren et al. 2022). 
Due to their high cost and sparse distribution, these devices 
can only observe ionospheric structural changes in limited 
areas, making it difficult to conduct high-precision monitor-
ing under all weather conditions. With the establishment of 
global navigation satellite systems (GNSS) and the improve-
ment of a dense global GNSS monitoring network, the use of 
GNSS dual-frequency observations to obtain total electron 
content (TEC) data has become one of the most widely used 
methods for monitoring ionospheric disturbance structures 
(Cherniak and Zakharenkova 2018; Liu et al. 2022; Li and 
Jiang et al. 2024).

Research on the detection and identification of TIDs 
using GNSS data can be classified into two main catego-
ries. The first category involves using single-station methods 
to detect ionospheric irregularities, including single-station 
index such as the Rate of TEC Index (ROTI, Pi et al. 1997), 
SRMTID index(Hernández-Pajares et  al. 2012), DROT 
index (Efendi and Arikan 2017), DIXSG index (Wilken et al. 
2018), ATID index (Borries et al. 2023), IROTI index (Ren 
et al. 2024), and so on. These indices have gradually enabled 
the detection of TIDs, but distinguishing between the wave 
structures of standing waves and TIDs using single-site data 
remains a challenge. Since natural disasters such as earth-
quakes and tsunamis often trigger ionospheric disturbances, 
near-real-time (NRT) TIDs detection has become an effec-
tive means of early warning for tsunamis and earthquakes 
(Kamogawa et al. 2016; Astafyeva 2019; Guerra et al. 2024). 
In recent years, many researchers have focused on the TID 
detection. Ravanelli et al. (2021) combined the variomet-
ric approach for displacement analysis stand-alone engine 
(VADASE) with the variometric approach for real‐time 
ionosphere observation (VARION) algorithm to propose a 
real-time method for tsunami-induced TIDs based on the 
total variometric approach (TVA). Brissaud and Astafyeva 
(2022) applied machine learning techniques to separate 
co-seismic ionospheric disturbances (CIDs) from noise 
and describe earthquakes and tsunamis in near real-time 
using CID arrival times. Considering the spatial correla-
tion of disturbance structures, Yang et al. (2023) proposed 
a method based on wavelet coherence and cross-correlation 
to detect and analyze ionospheric disturbances induced by 
earthquakes/tsunamis, which is effectively applicable to 
large GPS networks in Japan, the United States, and New 

Zealand. Martire et al. (2023) developed GUARDIAN, a 
NRT ionospheric monitoring software for natural disaster 
early warning, which provides NRT TEC time series from 
multiple GNSS in the Pacific region and inversely esti-
mates tsunami wave parameters. Fuso et al. (2024) utilized 
machine learning algorithms (random forest and XGBoost) 
to detect tsunami-induced TIDs using observation values 
(dSTEC/dt) generated by VARION. Ravanelli et al. (2024) 
employed deep learning insights to perform automated real-
time TID monitoring and detection. By integrating Gramian 
angular difference fields (GADFs) with convolutional neural 
networks (CNNs), they used VARION to estimate tsunami-
induced TIDs in real-time, validating the method’s effective-
ness through four tsunami-triggered seismic events. Luhr-
mann et al. (2022, 2025) proposes a near-real-time method 
based on an LSTM neural network to detect seismically 
induced ionospheric disturbances and successfully identi-
fies an anomalous signal following the second earthquake 
in the 2023 Earthquake Sequence in Turkey.

The second category involves using two-dimensional 
Differential TEC (DTEC) maps to identify TIDs, allowing 
direct determination of the occurrence of TID phenomena 
through 2D images. This method requires sufficiently dense 
station data, and current identification methods primarily 
rely on manual judgment. In terms of studying the propa-
gation characteristics of TIDs (speed, period, wavelength, 
azimuth, etc.), there are two main calculation methods. One 
method involves frequency domain analysis, which extracts 
TID frequency and phase differences in specific local 
regions to invert various propagation parameters of TIDs 
(Huang et al. 2016). This includes methods such as fast Fou-
rier transform (FFT) and multi-channel maximum entropy 
method (MMEM) (Huang et al. 2017). However, these meth-
ods struggle to accurately remove the Doppler effects of GPS 
satellites, making it challenging to assess the accuracy of 
the results (Le et al. 2024). The other method mainly uti-
lizes the temporal changes of two-dimensional DTEC maps 
to calculate the corresponding propagation parameters of 
TIDs. For example, Yang et al. (2017) proposed the Atomic 
Decomposition Detector of MSTIDs (ADDTID), an inte-
grated multi-MSTID detection technique. It was success-
fully applied to both simulated and real data from extensive 
and dense networks of GNSS permanent receivers (such as 
GEONET in Japan) to automatically identify the unique dis-
tribution of MSTIDs without the need for visual inspection 
of VTEC maps. But it faces difficulties when dealing with a 
large amount of data (Liu et al. 2022).

The rapid development of object detection and image 
segmentation algorithms in deep learning has made it pos-
sible to automate the processing of large amounts of DTEC 
map data. Girshick (2015) proposed the region-based con-
volutional neural network (R-CNN) algorithm, which out-
performed the traditional deformable part model (DPM) 
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algorithm in object detection. Subsequently, the series 
of R-CNN algorithms flourished, with later object detec-
tion frameworks such as Fast R-CNN, Faster R-CNN, and 
instance segmentation framework Mask R-CNN continu-
ously improving the detection speed of images from the 
initial 2 s per image to several frames per second (Girshick 
2015; Ren et al. 2017; He et al. 2017). Liu et al. (2022) intro-
duced Mask R-CNN into MSTID detection and analyzed the 
climatological characteristics of long-term MSTIDs in Japan 
and the results showed that Mask R-CNN could intelligently 
detect MSTIDs with an accuracy of about 80% and a detec-
tion speed of approximately 8 frames per second (fps). Lai 
et al. (2023) analyzed the MSTIDs characteristics in central 
China using airglow imagers and a CNN-based classifica-
tion framework.

The above-mentioned deep learning methods typically 
employ a two-stage approach that combines object detection 
and segmentation tasks, where separate detection and seg-
mentation tasks can impact image processing performance 
and target detection accuracy. Therefore, Cai and Vascon-
celos (2019) proposed a multi-stage method called Cascade 
Mask R-CNN to enhance target detection performance. This 
paper will propose an intelligent detection algorithm for 
TIDs based on the instance segmentation model and com-
pare the detection performance of Cascade Mask R-CNN 
and Mask R-CNN for TIDs. The structure is as follows: 
“Data source and preprocessing” section introduces the 
data sources and preprocessing steps. “Methodology” sec-
tion details the principles of the Mask R-CNN and Cascade 
Mask R-CNN models, as well as the calculation method of 
MSTIDs propagation parameters. “Results and discussion” 
section provides a comparative analysis of the experimen-
tal results. Finally, “Conclusions” section summarizes the 
conclusions.

Data source and preprocessing

Currently, there is no publicly available dataset for the intel-
ligent recognition of TIDs. Therefore, this paper creates a 
dataset using TEC data obtained from the Madrigal distrib-
uted data system developed by the Haystack Observatory 
at the Massachusetts Institute of Technology (Rideout and 
Coster 2006). This database provides ground-based GNSS 
slant TEC (STEC) data from approximately 6300 GNSS sta-
tions, with a time resolution of 30 s. The detailed process 
of retrieving TEC from GNSS data can be found in pre-
vious studies (Vierinen et al. 2016). We obtain the DTEC 
sequences by applying a 1-h window Savitzky–Golay (SG) 
filtering method to the TEC data, excluding satellite signals 
with elevation angles below 30° (Oludehinwa et al. 2022; 
Ren et al. 2024). The DTEC data at different time points are 
visualized as DTEC maps, which are then annotated using 

the open-source software Labelme (https://​github.​com/​wkent​
aro/​label​me). The annotated labels are used as ground truth 
masks for model training. The dataset created in this study 
spans the complete solar activity cycle from 2013 to 2023. 
It includes 50 global-scale DTEC maps capturing LSTIDs 
primarily triggered by intense geomagnetic storms, and 
270 regional-scale DTEC maps over Europe focusing on 
MSTIDs to enhance the model’s generalization capability. 
All DTEC maps were rigorously selected from the Madri-
gal database. The sampling strategy accounts for both solar 
maximum and minimum conditions, ensuring temporal cov-
erage across the entire 24th solar cycle. After establishing 
the dataset, the selected data is annotated using the image 
annotation tool Labelme. Figure 1 displays the global and 
European region DTEC maps along with the manually anno-
tated results. Finally, the datasets of LSTIDs and MSTIDs 
were divided into training and validation sets in a 7:3 ratio 
for training.

Methodology

Figure 2 illustrates the steps of the TIDs intelligent detec-
tion algorithm used in this study. Firstly, two deep learning 
instance segmentation networks, Cascade Mask R-CNN 
and Mask R-CNN, are used to intelligently detect the TIDs. 
Then the boundary ellipse is drawn to normalize the detected 
wavy structures. Based on the spatial distribution character-
istics of TIDs, a filtering criterion can be used to distinguish 
whether a wavy structure belongs to a TID or not. To prevent 
a TID waveform structure from being rejected as part of a 
TID due to certain abnormal features, we use nonlinear opti-
mization tools to determine the threshold for the filtering cri-
teria. Finally, the MSTID features are automatically inferred 
using the filtering criterion to eliminate isolated wave-like 
disturbances. Detailed information is further discussed in 
the following subsections.

Cascade Mask R‑CNN model and accuracy evaluation 
methods

The traditional convolutional neural network (CNN) is used 
for image classification, providing overall classification pre-
dictions based on input images. However, it is not suitable 
for intelligent detection of TIDs as it cannot extract distur-
bance information from DTEC maps. Semantic segmenta-
tion is a method of classifying each pixel in an image to 
determine the object or region to which it belongs (Minaee 
et al. 2022). Semantic segmentation enables pixel-level seg-
mentation of images, providing a foundation for extracting 
disturbance information from DTEC maps using deep learn-
ing methods. However, it overlooks the spatial information 

https://github.com/wkentaro/labelme
https://github.com/wkentaro/labelme
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of different individuals belonging to the same category, 
which hinders the subsequent calculations of TID feature 
parameters. Instance segmentation is a higher-level task 
that combines object detection and semantic segmentation. 
Building upon semantic segmentation, instance segmenta-
tion distinguishes different instances of the same category 
and can be used to detect various types of wave-like distur-
bances from DTEC maps.

The basic structure of Cascade Mask R-CNN is consist-
ent with Mask R-CNN. Its main structure is shown in Fig. 3, 
which can be divided into the following parts: backbone, 

region proposal network (RPN), region of interest (ROI) 
selection and normalization, and prediction regression.

Backbone

The backbone is a standard CNN convolutional network, 
typically using ResNet50 or ResNet101, aimed at extracting 
information features from images. Additionally, it incorpo-
rates a feature pyramid network (FPN) designed to address 
the detection and segmentation challenges of objects at dif-
ferent scales.

Fig. 1   DTEC maps of the global and European regions with corresponding manually annotated labels

Fig.2   Flow chart of TIDs intelligent detection algorithm proposed in this research
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Region proposal network

The RPN layer is an innovative feature of the R-CNN series, 
used to distinguish and preliminary locate multiple ROI on 
the feature map. Compared to traditional candidate box 
selection methods, RPN is more efficient. RPN includes a 
classifier and regressor that learns where objects are pre-
sent in the original image and where they are not, making it 
easier to integrate into the entire network as a cohesive unit.

Region of interest (ROI) selection

The ROI is made up of the feature map produced by the 
backbone and the candidate boxes generated by the RPN. 
The main task of the ROI is to map the generated candidate 
boxes to the feature map.

Prediction regression

Finally, the normalized feature maps of the same ROI are 
separately input into the traditional CNN branch with fully 
connected layers for image bounding box prediction and 
classification, as well as the FCN branch without fully con-
nected layers for pixel-level mask prediction.

Due to the addition of the mask branch, the loss function 
for each ROI is shown below:

(1)L = Lcls + Lbox + Lmask

where Lcls and Lbox are the regression and classification loss 
for bounding boxes, respectively; Lmask denotes the loss for 
the mask.

Cascade Mask R-CNN improves upon Mask R-CNN by 
introducing multiple stages instead of two stages (Cai and 
Vasconcelos 2019). Figure 4 shows the improved part of 
Cascade Mask R-CNN over Mask R-CNN. The first stage 
involves extracting the features of each bounding box by 
using the bounding box provided by RPN and the feature 
map output by the backbone network. The second stage 
involves extracting features of each bounding box using the 
bounding box B1 generated in the first stage and the fea-
ture map output by the backbone network. Similarly, the 
third stage involves extracting features of each bounding box 
using the bounding box B2 generated in the second stage and 
the feature map output by the backbone network.

In the second and third stages of Cascade Mask R-CNN, 
new detection and segmentation results are predicted based 
on the results of the previous stage. This approach offers 
high accuracy but comes with a significant increase in time 
complexity. When extracting disturbances from DTEC 
maps, precision is the primary concern rather than process-
ing speed. Therefore, this study chose to use the instance 
segmentation Cascade Mask R-CNN model. It should be 
noted that the current model is not yet suitable for real-time 
or early warning applications and the focus of this work is on 
accurate post-event detection and characterization of TID.

The second and third stages of Cascade Mask R-CNN 
predict new detection and segmentation results on top of the 
previous stage, respectively, and the advantage of this type 
of method is the higher accuracy, but it will be accompanied 

Fig. 3   Schematic structure of 
Cascade Mask R-CNN and 
Mask R-CNN

Fig. 4   Improvement of Cascade 
Mask R-CNN over Mask 
R-CNN
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by a huge time complexity because the extraction of pertur-
bations in the DTEC map only cares about the accuracy and 
does not care about the speed of the processing, so in this 
paper, we choose to use the instance segmentation Cascade 
Mask R-CNN model.

The following describes the model accuracy evaluation 
methods. average precision (AP) is a metric used to evaluate 
the performance of deep learning tasks such as target detec-
tion and image classification. In target detection tasks, AP 
is usually used to measure the balance between the accuracy 
and recall of the model on different categories. Precision is a 
measure of accuracy with the following formula:

where TP stands for true positives, which are the instances 
correctly classified as positive [intersection over union (IoU) 
greater than the corresponding threshold]; FP stands for 
false positives, which are the instances incorrectly classi-
fied as positive (IoU less than the corresponding threshold).

Recall is a metric used to evaluate the coverage ability of 
a classification model in predicting positive class samples, 
and its formula is as follows:

where FN stands for False Negatives, which are instances 
incorrectly classified as negative, i.e., instances that are actu-
ally positive but are classified as negative by the classifier. 
AP evaluates the performance of a model by calculating the 
area under the Precision-Recall curve. A larger area indi-
cates better model performance. The formula for AP is as 
follows:

(2)Precision =
TP

TP + FP

(3)Recall =
TP

TP + FN

(4)AP =

n−1∑
i=1

(ri+1 − ri) ⋅ P(ri+1)

where n is the number of recall rates, ri denotes the ith recall 
rate, P(r(i+1)) denotes the precision when the recall is ri+1 . In 
object detection tasks, the AP values are typically calculated 
for each class, and the average of these class-specific AP 
values is computed to obtain the mean average precision 
(mAP). mAP is a metric used to comprehensively evaluate 
the detection accuracy of a model across multiple classes. 
mAP50 represents the mAP value at an IoU threshold of 
50%, mAP75 represents the mAP value at an IoU thresh-
old of 75%, and mAP50:5:95 represents the average mAP 
value at IoU thresholds of 50%, 55%, 60%, 65%, 70%, 75%, 
80%, 85%, 90%, and 95%. mAPsmall is the mAP value when 
smaller bounding boxes are selected, mAPmedium denotes 
the mAP value when medium-sized bounding boxes are 
selected, and mAPlarge indicates the mAP value when larger 
bounding boxes are selected.

Mask normalization and isolated disturbance 
removal method

During the process of extracting ionospheric disturbances in 
deep learning instance segmentation models, the extracted 
masks are often irregular in shape. These irregular edge 
components can pose challenges in distinguishing TIDs from 
isolated disturbances and in deriving features. Therefore, in 
such cases, it is necessary to normalize the geometric shapes 
of the disturbances. In traditional object detection fields, the 
method of annotating objects involves drawing a bounding 
box parallel to the image edges. However, this method may 
falsely label pixels that do not belong to the wave-like distur-
bance shape, leading to significant errors when calculating 
the area of the disturbance waveform. Therefore, based on 
the least squares ellipse fitting method, this study draws a 
constrained ellipse for each wave-like structure to normal-
ize the geometric shapes of wave disturbances (Liu et al. 
2022). Representing disturbance waveforms using ellipse 

Fig. 5   The effect of normaliza-
tion of undulating perturbation 
graphs
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parameters facilitates the rapid calculation of subsequent 
TIDs propagation parameters.

Figure 5 illustrates an example using the graphical nor-
malization method. Figure 5a shows the network’s output 
mask results, which represent the extracted disturbance 
shapes. Figure 5b displays the image after graphical nor-
malization, where each disturbance shape is represented by 
the closest fitting ellipse. This approach reduces the num-
ber of parameters significantly and facilitates the removal 
of outliers and TIDs feature calculation in subsequent steps.

To store the disturbance information in the DTEC map, this 
study selects an m × n matrix to retain all the disturbance infor-
mation in one image. The formula expression is as follows:

where m is the total number of ionospheric disturbances 
extracted, n is the total number of features for each distur-
bance, and t represents the timestamp of the current DTEC 
map; each row in the matrix Ct

m×n
 represents information 

about a specific disturbance. The study uses a 6-dimensional 
feature vector (n = 6) to represent its characteristics, which 
include the coordinates of the center point (x, y), the major 
axis of the ellipse a, the minor axis of the ellipse b, the area 
of the ellipse S, and the angle between the major axis and 
the north direction �.

In addition to the TIDs information, isolated wave-like dis-
turbances may also exist and impact the calculation of sub-
sequent TIDs propagation parameters. The spacing between 
isolated disturbances and TIDs wave-like disturbances is often 
greater than the spacing between wave-like disturbances within 
TIDs. Therefore, calculating the n-dimensional Euclidean dis-
tance FCij between the ith and jth disturbances and setting 

(5)Ct
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=
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corresponding filtering criteria can help identify isolated dis-
turbances. The filtering criteria can be represented as the mini-
mum weighted n-dimensional Euclidean distance FCi between 
the ith and jth disturbances should be less than the threshold 
T1 (Liu et al. 2022):

where Ok is a scale normalization term referring to the mag-
nitude of the kth feature. Introducing the scale normalization 
term helps avoid the dominant impact of excessively large 
feature parameters on the threshold T1. When processing 
the ith normalized disturbance structure in the DTEC map, 
if there exists a j (j ∈ [1,m], j ≠ i) that satisfies the filtering 
criteria, it is considered a matching pair with the ith dis-
turbance, belonging to the same group of wave-like distur-
bances. Conversely, the ith disturbance structure is regarded 
as an isolated disturbance and is removed from the mask 
image and feature matrix. After completing all iterations 
for i (i ∈ [1,m]), the remaining disturbance structures in the 
feature matrix are considered as TIDs information.

Liu et al. (2022) constrained FC based on previous obser-
vational results of MSTIDs and derived the value of thresh-
old T1 through an optimization problem (T1 =  − 39.7659). 
To validate the effect of the threshold T1 on the removal of 
isolated disturbances, this study selected a certain amount 
of DTEC maps containing MSTIDs events. The FC values 
for each MSTID structure and isolated disturbance removal 
in each map were statistically analyzed to observe whether 
the selection of the threshold T1 effectively removes isolated 
disturbances. Figure 6 presents the validation results of the 
threshold T1 using a selected number of disturbance events. 
The x-axis represents different disturbance structure events, 
while the y-axis represents the FC value corresponding to 

(6)FCi = minimize
i,j∈[1,m],j≠i

n∑
k=1

(
Ct
i,k
− Ct

j,k

Ok

)2

≤ T1

Fig. 6   Statistics of FC values 
for MSTIDs events and isolated 
disturbance events
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each disturbance. The yellow points in the graph represent 
MSTIDs, and the purple points represent isolated distur-
bances that need to be removed. When the threshold T1 is 
set to 40, isolated disturbances and MSTIDs are effectively 
separated. For the 76th disturbance event, the FC value 
of the MSTID exceeds the threshold, indicating that the 
MSTID structure most closely related to it is at a certain 
distance away and may not be adjacent. This could introduce 
errors in propagation parameter calculations; hence, it is also 
removed. Overall, the FC values of MSTIDs are generally 
concentrated in the range of 10–30, while the FC values of 
isolated disturbances are mostly above 50. Therefore, when 
the threshold T1 is set to 40, this filtering criterion performs 
well in removing isolated disturbances.

Calculation of propagation parameters for TIDs

After normalizing the disturbance patterns and removing 
isolated disturbances using filtering criteria, what remains 
are TID structures represented by ellipses. Figure 7 shows 
the calculation method for propagation parameters between 
adjacent TID waves. To mathematically quantify these wave-
like disturbances, this study follows the same definition of 
the pixel coordinate system as in the OpenCV library, which 
is obtained by rotating the traditional Cartesian coordinate 
system clockwise by 90°, with the south direction as the 
positive x-axis direction and the east direction as the positive 
y-axis direction. The green represents disturbance structure 
i, and the blue represents disturbance structure j.

The distance Dctc between the centroids of two adja-
cent disturbed structures can be calculated by the distance 
between two points equation:

However, the wavelength of TIDs is not equal to the dis-
tance between the centers of two waves but should be the 
distance in the direction of propagation. To derive the wave-
length of TIDs, assume the center coordinates of the target 
disturbance structure are (xi, yi) with a major axis angle of 
�i , and the center coordinates of the next disturbance struc-
ture are (xi, yi) with a major axis angle of �j . Then, draw a 
line parallel to the major axis of disturbance i through the 
center of disturbance j. The equation of this parallel line is 
as follows:

The general form of Eq. (9) converted into a linear equa-
tion is as follows:

Then the distance Dctp from perturbation i to perturbation 
j can be calculated by the point-to-straight line equation:

The Dij

ctp describes the calculation of the wavelength 
between adjacent disturbances. However, when conduct-
ing calculations for the entire DTEC map, the distribution 
of disturbances is more dispersed, making it impossible to 
determine which two disturbances are adjacent. This study 
utilizes the n-dimensional Euclidean distance to filter out the 
neighboring disturbance structures of the target disturbance. 
Specifically, the disturbance j that minimizes FCi is con-
sidered the adjacent disturbance to disturbance i. Addition-
ally, a judgment is made: if disturbances i and j are not both 
peaks or both troughs, the distance Dctp from disturbance i 
to disturbance j is half a wavelength; if disturbances i and j 
are both peaks or both troughs, Dctp is a full wavelength. The 
formula for calculating the TIDs propagation parameters of 
the full DTEC map is as follows:

where n represents the number of disturbances in the DTEC 
map, k denotes a specified disturbance; Dk

tcp
 is the distance 

from the kth disturbance to its adjacent disturbance; index(k) 
represents the characteristic index of this disturbance, where 
index(k) is 1 if the adjacent disturbance is a peak or a trough, 

(7)D
ij

ctc =

√
(xi − xj)

2 + (yi − yj)
2

(8)y − yj = tan �i(x − xj)

(9)tan �ix − y + (yj − tan �ixj) = 0

(10)D
ij

ctp =

���tan �ixi − yi + yj − tan �ixj
���√

(tan �i)
2 + (−1)2

(11)

⎧⎪⎪⎨⎪⎪⎩

Wavelength =

∑n

k=1
Dk

ctp
⋅index(k)

n

Extension length =

∑n

k=1
ak

n

Extension angle =
∑n

k=1 �180◦−�k�
n

Fig. 7   Schematic diagram of propagation parameters calculation 
between adjacent wave-like structures of TIDs
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and index(k) is 2 if it is not; ak is the major axis of the kth 
disturbance structure and �k is the angle between the major 
axis of the kth disturbance structure and the north direction.

Results and discussion

This section first discusses the training results of Cascade 
Mask R-CNN and Mask R-CNN models. Then, it shows the 
results of wave disturbance after normalization processing 
and removal of isolated disturbances. Finally, the propaga-
tion parameters of TIDs are calculated.

Model training results

To further enhance model training, this study simultane-
ously used the Mask R-CNN and the Cascade Mask R-CNN 
model to extract TIDs and compared the results. Figure 8 
illustrates the variation of bounding box and mask accuracy 
with epochs during the training of both models. In Fig. 8, 
the horizontal axis represents the number of training epochs, 
while the vertical axes (bbox_mAP_50 and segm_mAP_50) 
denote the accuracies of the bounding boxes and masks, 
respectively. The blue and yellow lines represent the training 
curves of Mask R-CNN and Cascade Mask R-CNN, and the 
red dots indicate the epochs with the highest accuracy during 
the training process for both networks. Figure 8a illustrates 
that the training curve of Cascade Mask R-CNN consistently 
outperforms that of Mask R-CNN, with the bounding box 

Fig. 8   Bounding box and mask accuracy of Mask R-CNN and Cascade Mask R-CNN models

Fig. 9   Loss and mAP of the European regional model with different learning rate settings
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accuracy reaching 71.15%, approximately 4.7% higher than 
that of Mask R-CNN. Figure 8b displays the mask accuracy 
of the two models, with the Cascade Mask R-CNN achiev-
ing an accuracy of 75.6%, representing an improvement of 
around 3.6% compared to the Mask R-CNN model.

In model training, different parameters have varying 
impacts on the results. Therefore, adjusting appropriate 
parameters can improve model accuracy while accelerat-
ing convergence. Figures 9 and 10 show the loss and mAP 
curves for the European and global TIDs datasets under dif-
ferent learning rate settings, respectively. As seen in Fig. 9, 
for the European region, when the number of iterations is 
set to 30, the batch size is 2, the learning rate is 0.01, the 
momentum is set to 0.9, weight decay is 0.00001, and the 
learning rate decay mechanism reduces the learning rate 
to one-tenth of its original value after 15 iterations, the 
model achieves optimal results. The bounding box accuracy 
(mAP50) reaches 85.11%, and the mask accuracy reaches 
79.34%. Figure 10 demonstrates that for the global region, 
when the number of iterations is set to 30, the batch size is 
2, the learning rate is 0.005, the momentum is 0.9, weight 
decay is 0.00001, and the learning rate decay mechanism 

reduces the learning rate to one-fifth of its original value 
after the 10th and 19th iterations, the model yields a bound-
ing box accuracy (mAP50) of 66.68% and a mask accuracy 
of 73.37%.

Table 1 further summarizes the bounding box accuracy 
of models for different regions after training. As shown 
in Table 1, the mAP50 values for the European and global 
region models are 85.11% and 66.68%, respectively. The 
lower mAP50 for the global region could be attributed to the 
relative scarcity of global LSTIDs events, which may result 
in a slightly weaker generalization ability for the model. For 
both the European and global regions, the mAPsmall value is 
− 1, indicating that no accuracy data is available for small 
bounding boxes. This suggests that the detected disturbance 
boundaries were relatively large, and no small bounding 
boxes were identified. This phenomenon may be related to 
image resolution as well as the specific disturbance char-
acteristics and observation conditions in different regions.

Table 2 shows the mask accuracy of the models for differ-
ent regions after training. As shown in Table 2, when the IoU 
threshold is set to 50%, the mAP50 for the European region 
model is 79.34%, which is approximately 6% lower than 

Fig. 10   Loss and accuracy mAP of the global model with different learning rate settings

Table 1   Model bounding box 
training accuracies for the 
European and global region 
models

Area mAP50:5:95 mAP50 mAP75 mAPsmall mAPmedium mAPlarge

Europe 0.4189 0.8511 0.3286  − 1.0000 0.3792 0.5626
Global 0.3372 0.6668 0.3396  − 1.0000 0.3613 0.3572

Table 2   Model mask training 
accuracies for the European and 
global region models

Area mAP50:5:95 mAP50 mAP75 mAPsmall mAPmedium mAPlarge

Europe 0.4407 0.7934 0.4254  − 1.0000 0.3817 0.6272
Global 0.4007 0.7337 0.4792  − 1.0000 0.44616 0.4787
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the bounding box accuracy. For the global region model, 
the mAP50 is 73.37%, which represents an 8% improvement 
over the bounding box accuracy. Similar to the bounding box 
results, no small masks were detected in either the European 
or global regions.

TIDs extraction and propagation parameter 
calculation

By processing the DTEC maps in the European region using 
the trained model, the TIDs components contained within 
the maps can be extracted. Figure 11 illustrates the iono-
spheric disturbance extraction results for both the European 

and global region models. Figure 11a, b display the original 
DTEC maps of the European and global regions, respec-
tively. Figure 11c, d show the manually annotated labels 
for the European and global region models, which are con-
sidered ground-truth masks. Figure 11e, f present the out-
put results from the networks of the European and global 
region models, respectively. To better distinguish the crest 
and trough structures, the same colors are used to label the 
same categories in the mask display, with blue and green 
representing trough and crest regions, respectively. As seen 
in Fig. 11, the network training results for both the Euro-
pean and global region models are quite effective, with 
the extracted ionospheric disturbance information closely 

Fig. 11   ionospheric disturbance extraction results for the European regional (left) and global-scale (right) models
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matching the manually annotated labels. The crest and 
trough structures are clearly visible in both regions.

Figure 12 demonstrates the extraction and parameter cal-
culation results of MSTIDs in the European region. At the 
time shown in Fig. 12, an MSTID event was observed in the 
European region. Figure 12a shows the original DTEC map, 
while Fig. 12b presents the mask image of the disturbance 
extraction result from the network output. Figure 12c depicts 
the image after being processed using a shape normaliza-
tion method, and Fig. 12d shows the result after applying 
the isolated disturbance removal method based on filter-
ing criteria. Since no isolated disturbances were present in 
Fig. 12, no disturbances were filtered out, and thus, there 
is no difference between Fig. 12c, d. After parameter cal-
culation, the MSTIDs wavelength was determined to be 
304.47 km, the propagation angle of the disturbance was 

89.13°, and the disturbance extension length was 320.78 km. 
These results align well with the actual MSTIDs propagation 
characteristics.

Similar to Fig.  12, Fig.  13 shows the extraction and 
parameter calculation results for LSTIDs in the global 
region. At the time depicted in Fig. 13, an LSTIDs event 
occurred globally, and alternating crest and trough structures 
were observable in the China region. As in Fig. 12, there 
were no isolated disturbances in Fig. 13, so no disturbances 
were filtered out. By calculating the disturbance propagation 
parameters, the wavelength of the ionospheric LSTIDs in 
Fig. 13 was determined to be 1262.62 km, the propagation 
angle of the disturbance was 94.67°, and the disturbance 
extension length was 1343.50 km. These results align well 
with the actual LSTIDs propagation characteristics.

Fig. 12   MSTID extraction results in the European regional area
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Figure 14 shows the propagation parameter calculation 
results for all MSTIDs in the European region of the data-
set. The wavelength statistics in Fig. 14a show an average 
wavelength of 301.79 km (standard deviation of 78.87 km), 
with the overall distribution ranging from 100 to 500 km, 
and the highest frequency occurring in the 300–325 km 
range. The disturbance extent length results in Fig. 14b 
show an average extent length of 331.54  km (standard 
deviation of 107.81 km), with more than 70% of the dis-
turbances concentrated in the 200–400 km range. The dis-
turbance extent angle results in Fig. 14c show an average 
extent angle of 82.25° (standard deviation of 16.02°). Since 
the wave’s extension direction is perpendicular to its prop-
agation direction, the disturbance extent angle represents 
the angle between the disturbance extension direction and 
the north direction. As shown in Fig. 14c, the disturbance 
extension angles of MSTIDs in the European region are 
concentrated between 50° and 100°, with a peak direction 
around 80°–90°, indicating that the propagation direction 
is primarily north-to-south. The occurrence time results in 
Fig. 14d show that MSTIDs in the European region occur 
predominantly between 19:00 UTC and 23:00 UTC (local 
time approximately 20:00–24:00), indicating a higher prob-
ability of MSTID occurrence in the evening to midnight 
hours.

Conclusions

TIDs detection and propagation parameter calculation are 
essential foundations for ionospheric disturbance monitoring 
and early warning. In this study, based on the deep learning 
instance segmentation multi-stage method Cascade Mask 
R-CNN model and using high spatio-temporal resolution 
GNSS observation data, an intelligent method for TIDs wave 
disturbance recognition is proposed. The paper provides a 
detailed introduction to the deep learning-based ionospheric 
disturbance intelligent recognition method and related steps, 
including TIDs dataset creation, model training strategies, 
and TIDs propagation parameter calculation methods. By 
comparing the instance segmentation results of the Cascade 
Mask R-CNN model with the classical Mask R-CNN model 
on global LSTIDs and European MSTIDs data, the study 
demonstrates superior performance of the Cascade Mask 
R-CNN in both image processing accuracy and training 
convergence speed. Specifically, the Cascade Mask R-CNN 
improves bounding box accuracy by approximately 4.7% and 
mask accuracy by approximately 3.6%. The bounding box 
accuracy (mAP50) for the European region model reaches 
85.11%, while mask accuracy reaches 79.34%. For the 
global region model, the bounding box accuracy (mAP50) 
reaches 66.68%, with a mask accuracy of 73.37%. Addi-
tionally, using the least squares ellipse fitting method, the 

Fig. 13   LSTID extraction results in the global area (without isolated perturbations)



	 GPS Solutions (2025) 29:118118  Page 14 of 17

study normalizes irregular disturbance shapes. Isolated dis-
turbances are filtered and removed using a filtering criterion 
and a nonlinear programming solver. Results indicate that 
setting the threshold T1 to 40 effectively filters out isolated 
disturbances while retaining TIDs components. Further-
more, the TIDs propagation parameter calculations from the 
DTEC maps in different regions using the Cascade Mask 
R-CNN closely align with the actual results. It is worth not-
ing that our method is currently limited to detecting TIDs 
as plane waves and is not applicable to the complex upward 
propagation phenomena of MSTIDs induced by events 
such as solar eclipses, tsunamis, and typhoons. In addition, 
although this study focuses on the detection accuracy of 
wave-like structures, we acknowledge that a deeper analy-
sis of the model’s uncertainty and confidence is important 
to evaluate the reliability of the detection results. In future 
work, we aim to incorporate uncertainty quantification into 
our framework to further enhance the interpretability and 

robustness of the model’s outputs. As a future outlook, we 
also hope to develop our approach further when a sufficient 
amount of three-dimensional electron density data capable 
of describing MSTIDs structures becomes available.
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