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Abstract

Transient radio frequency interference (RFI) signals represent the most chal-
lenging category of interference to identify and eliminate. To address the issue
of transient RFI encountered during radio astronomy observations, this paper
proposes a feature extraction methodology based on RFI signal peaks. This
approach is utilized to generate feature templates for RFT signals, and a feature
recognition algorithm is designed based on the Dynamic Time Warping (DTW)
algorithm combined with a scoring strategy, thereby implementing RFT signal
identification and classification capabilities. Cross-validation comparisons of
the feature templates were conducted using RFI data provided by the ARRL
official website. Test results demonstrate high similarity between RFI feature
templates and RFT signals of the same category, indicating that the proposed
algorithm can effectively recognize and classify RFI. This algorithm offers a
novel approach for feature extraction and recognition of transient RFI.
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Abstract: Transient radio frequency interference (RFI) signals are among the
most challenging types of interference to identify and eliminate. To address the
problem of transient RFI encountered during radio astronomical observations,
this paper proposes a feature extraction method based on RFI signal peaks.
This method generates characteristic templates for RFI signals, and a feature
recognition algorithm is designed based on the Dynamic Time Warping (DTW)
algorithm and a scoring strategy to achieve RFI signal identification and classifi-
cation. Cross-validation of the feature templates was completed using RFI data
provided by the ARRL website. Test results demonstrate that the RFI feature
templates exhibit high similarity with RFT signals of the same category, indicat-
ing that the algorithm can effectively identify and classify RFI. This approach
provides a novel solution for feature extraction and recognition of transient RFT.

Keywords: RFI; Periodic computation; Feature extraction; Feature recogni-
tion

0 Introduction

With advances in radio astronomy technology, radio telescopes are evolving to-
ward larger apertures and array configurations. Observational facilities such
as China’ s Five-hundred-meter Aperture Spherical radio Telescope (FAST) [1],
the Low-Frequency Array (LOFAR) in the Netherlands [2], and the Very Large
Array (VLA) in New Mexico, USA [3], possess high sensitivity and resolution
capabilities. While these instruments enable the detection of extremely weak
celestial signals, they also receive interference signals. Radio frequency inter-
ference (RFI) signals, which are artificially generated and often several orders
of magnitude stronger than faint astronomical signals, must be effectively sup-
pressed during radio astronomical data processing.

RFT originates from diverse sources. Literature [4] categorizes RFI into exter-
nal and internal types. External RFI refers to wireless interference generated
outside the observatory site, commonly including artificial satellites [5] (such
as BeiDou and GPS navigation satellites), aircraft, nearby base station signals,
and broadcast signals. Internal RFI refers to interference produced by elec-
tronic devices used within the observatory site, such as various digital terminal
equipment, computers, microwave ovens, coffee machines, fluorescent lights, and
other electronic instruments.

RFI mitigation has been a persistent research focus throughout the development
of radio astronomy. Literature [6] notes that astronomical signals are typically
broadband and often vary smoothly over time, whereas most RFI exhibits dis-
tinct differences compared to astronomical signals. For RFI mitigation, litera-
ture [7] proposed the CUSUM method, which is simple and efficient but relies
on single sampling points and is sensitive to noise. To overcome this limitation,
literature [8] introduced the SumThreshold algorithm based on combined thresh-
old representations of adjacent sampling points. Literature [9] utilized singular
value decomposition to address broadband RFI issues in the Giant Metrewave
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Radio Telescope (GMRT). These algorithms are essentially threshold-based and
perform well when processing RFI signals with amplitudes far exceeding astro-
nomical signals. However, for RFI signals with characteristics similar to astro-
nomical signals, threshold-based methods may mistakenly remove astronomical
signals, leading to information loss and affecting the accuracy and effectiveness
of astronomical research.

Transient RFT refers to radio frequency signals emitted during the normal opera-
tion of certain devices or systems. Relays, electric motors, and switching power
supplies all generate transient interference. Since transient interference signals
are broadband, pulsed, and have very short durations, their sources are difficult
to identify. Literature [10] proposed a dictionary-based transient RFI classifica-
tion algorithm that uses a Hidden Markov Model to identify transient RFI as
subsequences and can extract transient RFI sequences from observational data.
This paper proposes a feature extraction and recognition method specifically for
transient RFI, aiming to achieve effective feature extraction and identification
for particular types of transient RFI.

1.1 Signal Period Computation

Observing most RFT signals on the time scale reveals clear periodic fluctuations.
To analyze the characteristic information of RFI signals, windowing processing
is required, where the window size is closely related to the signal’ s periodic
information. Computing the signal period is therefore an important prerequisite
for analyzing its characteristic information.

Traditional signal period computation algorithms include the cepstrum method,
autocorrelation function method, average magnitude difference function method,
and wavelet transform method [11]. The autocorrelation function method is
a highly effective algorithm for period estimation of low signal-to-noise ratio
signals [12]. Based on the autocorrelation function method, this paper designs
an autocorrelation convolution sliding algorithm to compute the period of RFI
signals. The algorithm proceeds as follows: (1) Take the absolute value of the
amplitude of an RFT signal segment of length N. (2) Extract a signal segment
of length M from the RFT signal as the sliding window signal. (3) Perform
convolution operations between the sliding window and the RFT signal starting
from the initial position, sliding backward by d sampling points each time. (4)
Repeat step (3) until the sliding window reaches the end of the RFI signal. (5)
Calculate the signal period using the peak information from the convolution
results.

The sliding window size M should be smaller than the RFT signal length N.
In Figure 1, the sliding window size M is set to 181. To compute the period
accurately, the sliding step size d is set to 1. When the sliding window reaches
the end of the RFI signal, zero-padding is required if the remaining signal length
is less than the sliding window signal length. Figure 1 shows the period analysis
of the k7ing-3545khz signal (an mp3 format RFI signal from the ARRL website),
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selecting approximately 0.29 seconds of signal from 0.65s to 0.94s as shown in
Figure 1(a).

1.2 RFI Signal Feature Extraction

Peaks are important characteristic information in RFT signals that can capture
the variation details of signal fluctuations. The RFT signal feature extraction
process consists of the following steps: (1) Select an RFI signal window. (2) Take
the absolute value of the amplitude of the window signal. (3) Obtain the peak
information of the signal window. (4) Preprocess the discrete peak information
to smooth it. (5) Use the processed peak information as the characteristic
information of the RFT signal.

The first step involves selecting an RFT signal window. When extracting fea-
ture information from a signal segment containing RFI, it is necessary to select
a time span that is as short as possible while containing at least one complete
RFT period. The signal period is determined using the RFT signal period com-
putation method proposed in Section 1.1. RFT signals have relatively large
amplitude values compared to other signals, with clear start and end positions.
The algorithm uses the position where the signal amplitude suddenly increases
as the window starting point. The RFI signal feature extraction window size
is related to the computed period. The interference signal window selection for
a computer monitor is shown in Figure 2 [Figure 2: see original paper], with a
window size of NMdMNNM181.

The second step involves taking the absolute value of the signal amplitude to
obtain more peak information. The third step utilizes amplitude characteristics
to acquire the peak information of the window. The fourth step preprocesses
the obtained peak signal by replacing adjacent values with small amplitude
differences with their mean value, thereby smoothing the peak curve, reducing
local fluctuations, narrowing differences among signals of the same category,
and improving recognition efficiency. Figure 3(a) shows the line chart of RFI
signal peak information, which exhibits an unstable fluctuation trend that is
not conducive to subsequent feature recognition. After smoothing, as shown
in Figure 3(b), the curve becomes relatively stable and can reduce differences
among similar signals. The smoothed peak information serves as the feature
template for RFI signal recognition and enables similarity computation.

2 RFI Signal Feature Similarity Algorithm

After extracting features from an unknown signal, the similarity with known
feature templates is calculated to achieve identification and classification of the
unknown RFT signal. The algorithm employs a segmented scoring strategy to
compute the similarity between two sequences. Each sequence can be divided
into multiple segments based on adjacent discrete points. The algorithm com-
pares whether the trends of corresponding segments in the two sequences are
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identical, awarding points for identical trends and deducting points for different
trends.

Before similarity computation, it is necessary to ensure that the two sequences
are in an “aligned” state, meaning that the segments of the two sequences cor-
respond one-to-one. Since the specific details of the signal to be identified are
unknown, the discrete peak information extracted is almost impossible to align
with the feature template, meaning the phase information is not aligned. Conse-
quently, the peak position information and other details need to be readjusted
to calculate similarity.

Literature [13] proposed a method for measuring time series similarity called
Dynamic Time Warping (DTW), which can compare time series of different
lengths [14] and has been widely applied in speech signal processing. In this
algorithm, a smaller Euclidean distance indicates higher similarity between two
sound patterns [15]. The DTW algorithm can calculate the correspondence be-
tween discrete points of two sequences of different lengths when their Euclidean
distance is minimized, as shown in Figure 4 [Figure 4: see original paper], which
illustrates the correspondence between phase points of the two sequences.

Based on the DTW algorithm, this paper designs an RFI signal feature similarity
computation algorithm with the following process: (1) Use the DTW algorithm
to calculate the correspondence between discrete points of two sequence groups
under the condition of minimum Euclidean distance. (2) Calculate the weight
values of the discrete points of the unknown signal. (3) Compare segments: if the
trends of corresponding segments are identical, the similarity score increases; if
the trends differ, the score decreases. (4) Accumulate the scores of all segments,
where the total score represents the similarity between the two sequences.

The first step of the RFI signal feature similarity computation algorithm uses
the DTW algorithm to obtain the correspondence between discrete points of
the sequences to be compared under minimum Euclidean distance, preparing
for subsequent calculations. The second step calculates the weight values of the
discrete points of the compared sequence using the method shown in Equation
(1), where D represents the number of discrete points in the sequence, S(t)
represents the amplitude value of the t-th discrete point, and W(t) is the weight
value of the t-th discrete point. Larger discrete values have greater weights and
stronger representativeness in signal features. To constrain the similarity value
between -1 and 1, the weights of the first and last points are set to 0.

The third step computes sequence similarity using a segmented scoring accu-
mulation method. The DTW algorithm calculates the correspondence of each
segment, and segmented comparison is performed. As shown in Figure 4, the
segments of the two sequences exhibit three situations: identical trends, dif-
ferent trends, and one-to-many correspondence. Points are added for identical
trends as shown in Equation (2), where score represents the cumulative similar-
ity score between the two sequences, M[i] is the weight of the i-th segment with
a value equal to the average of the weights of the two discrete points in the seg-
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ment (M[i] = 0.5 x (W]i] + WJi+1])). Points are deducted for different trends
as shown in Equation (3). No points are added or deducted for one-to-many
situations. After calculating and accumulating the scores of all segments, the
similarity value between the two sequences is obtained.

Experimental Validation

The experiment selected interference sources provided on the ARRL website
as experimental data, choosing seven RFI sources for cross-testing. The basic
information is shown in Table 1 . To facilitate feature extraction and subsequent
identification testing of RFI signals, the RFI signal period computation method
proposed in Section 1.1 was used to obtain the period sampling points of each
experimental dataset for the next steps of feature extraction and identification
testing.

Ten periods of each signal were randomly selected as test data, and correspond-
ing candidate feature templates were extracted for cross-testing with other sig-
nals. The candidate template with high similarity to the same signal and low
similarity to other signals was selected as the optimal template. As shown in
Figure 5 [Figure 5: see original paper], (a) selects k7_ 2 as the feature template
for k7ing-3545khz, (b) selects ks_ 9 as the feature template for ks2am-streetlight,
(c) selects mo_ 4 as the feature template for monitor, (d) selects n6_ {10} as the
feature template for n6rece-sps-carrier, (e) selects pl_8 as the feature template
for ple-4, (f) selects au_7 as the feature template for ausoth, and (g) selects
ot_ 4 as the feature template for 181200th25.

The data from the group containing the optimal feature template for each signal
were extracted, with results shown in Table 2 . The similarity of the same sig-
nal is the largest in its row, indicating that the extracted RFI feature templates
can correctly identify the RFI source. The algorithm’ s similarity computation
is based on the feature template, and weight calculation depends only on the
feature template. Therefore, when calculating the similarity between two se-
quences, the weight values are related only to the feature template, resulting in
different values for symmetric positions across the diagonal. Differences within
the same signal across different periods cause the similarity of the same signal
to be less than 1.

Some values in Table 2 are relatively high, such as the value 0.726 in the n6rce-
sps-carrier row and plc-4 column. Analysis reveals that this occurs because
the amplitude fluctuation trends of the compared sequence pair are relatively
consistent, leading to high similarity. Future work will continue to optimize the
algorithm to improve recognition accuracy.

Conclusion

This paper designed a sliding convolution period computation algorithm that
uses peak intervals after convolution to calculate the average signal period.
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Based on the designed peak extraction algorithm, signal feature template ex-
traction was implemented. A signal feature recognition algorithm was designed
based on the DTW algorithm and scoring strategy, enabling identification and
classification of unknown signals. Cross-correlation and autocorrelation calcula-
tions were performed on RFI data downloaded from the ARRL website. Exper-
imental results demonstrate that the templates generated by the proposed algo-
rithm exhibit significantly higher similarity with original signals than with other
signals, indicating that the algorithm can effectively extract feature information
and generate signal characteristic templates. The RFI feature recognition algo-
rithm can correctly classify RFI. The proposed method enables fine-grained
identification and labeling of RFI and is expected to provide a new solution for
RFT feature recognition and labeling in radio astronomy.

The algorithm implementation code and experimental data for this paper have
been open-sourced in a Gitee repository.
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