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Abstract Kilometric Continuum (KC) is a type of electromagnetic wave widely present in Earth's
magnetosphere and plays a significant role in the coupling of the magnetosphere, ionosphere, and atmosphere.
Identifying KC from satellite spectrogram data is fundamental to scientific study. To address the limited accuracy,
susceptibility to interference, and lack of scalability of traditional methods, this paper proposes a deep learning-
based approach for identifying KC in the magnetosphere. The proposed method employs YOLOv11s as the base
model and introduces

a three-channel preprocessing strategy tailored to the characteristics of satellite spectrograms, in which the raw

spectral intensity, frequency gradient, and frequency positional encoding are fed as independent input channels to
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provide the model with frequency-domain positional information and edge structure features. A spectrum
augmentation technique incorporating frequency shifting and intensity scaling is adopted to expand the training
dataset, thereby enhancing the model's robustness against variations in waveform morphology. Furthermore,
weighted box fusion (WBF) is applied to integrate the predictions from three independently trained models,
thereby

mitigating decision biases associated with individual models. Experimental results on a self-constructed dataset
demonstrate that the proposed method achieves an F1 score of 87.1%, representing an improvement of 6.7
percentage points over the baseline method. Ablation studies reveal that the three-channel processing combined
with frequency-domain augmentation contributes 4.9 percentage points collectively, while weighted box fusion
contributes an additional 1.8 percentage points. The proposed method can effectively reduce both false positives

and missed detection rates of KC, providing reliable technical support for the automatic identification of KC.

Key words Kilometric Continuum; YOLOvI1s; three-channel preprocessing; a spectrogram enhancement;
weighted box fusion
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Fig.1 (a)Original spectrogram generated from satellite data; (b) Processed spectrogram
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2 ik

ASCHEH 1) KC B3R 7B R B 3 B B Je it B an A B ik 47 =i 1 T kb
L, FEASEAE R SRR AR B gt ) = ImiE R BE AR E E E
BRI TR NGRS, AT RIAA Ty ) T AR P 4 TR T BOR MO 1 s o a3
JE EAR N3] YOLOv s 8, (= AAFEESHECE AR )5 580 H InAGE
& (Weighted Box Fusion, WBF) 254G =AM B Fi0ill 25 5L . & e i) BLAR SE IR 7E J5
LEVEAN R

|IMHﬁT|

K3 AzhiRBIr kR A

Fig.3 Flowchart of the proposed automatic identification method
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Fig.4 Architecture diagram of YOLOv11s
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Fig.5 Visualization of the three-channel preprocessing. (a) Original spectrogram; (b) Channel 1:

Grayscale image; (c) Channel 2: Frequency gradient image; (d) Channel 3: Frequency position
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Fig.6 Comparison of detection results of the six models. (a) Ground truth; (b) Detection result of



Model 1; (c) Detection result of Model 2; (d) Detection result of Model 3; (¢) Detection result of
Model B; (f) Detection result of Model D; (g) Detection result of Model A
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