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Abstract: Compared with electromagnetic compatibility (EMC) testing in anechoic rooms, open-area
EMC testing takes advantage of in situ and engine running status measurement but suffers from
non-negligible external electromagnetic interference. This paper proposes a novel environmental
interference suppression method (named the EMC environmental interference suppression algorithm
(E2 ISA)) that separates signals from backgrounds via image segmentation and recognizes the near–
far site signal via a group of time-varying features based on the difference in the near-site EM
radiative characteristic. We find that the proposed E2 ISA method, which combines the deep learning
segmentation network with the classical recognition methods, is able to suppress environmental
interference signals accurately. The experiment results show that the accuracy of E2 ISA reaches up
to 95% in the face of VHF (Very High Frequency) EMC testing tasks.

Keywords: open-area EMC testing; near–far site; image segmentation; time–frequency spectrum

1. Introduction

Electromagnetic compatibility (EMC) testing works to ascertain the emissions and
susceptibility of equipment, which play a crucial role in the communication, radar, and
aerospace fields and the automotive industry. At present, EMC measurements can be
implemented in open-area sites [1], screened rooms [2], and anechoic rooms [3]. Among
them, the screened room surrounded by all-metal materials can be isolated from external
electromagnetic interference to a high degree. Anechoic rooms can improve the measure-
ment performance by lining the walls and ceiling with absorbing materials. Suffering from
immovability, neither of them can be applied for in situ measurement or engine running
status measurement. Open-area testing takes EMC measurements on a flat metalized
ground area, and the observed signal is the superposition of the directly arriving signals
and their reflection from the ground. Compared with the screened room and anechoic
room testing, open-area testing is more flexible, which is suitable for in situ measure-
ment or engine running status measurement, but it suffers from non-negligible external
electromagnetic interference.

From the aspect of signal analysis, external electromagnetic interference can be di-
vided into two kinds, frequency-domain separable interference [4] and frequency-domain
nonseparable interference [5]. For the former one, the interference of different equipment
has different frequency regions and can be recognized. For the latter one, the interference
of different equipment occupies the same frequency region, which makes it difficult to
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separate. Since most of the man-made interference is with a single-frequency or narrow-
frequency occupancy, the frequency-domain separable interference plays a dominant role
in open-area EMC testing.

After separating different signals in the frequency domain, segmentation can be ap-
plied for further processing, which can generally be divided into two classes, semantic
segmentation [6] and instance segmentation [7]. Semantic segmentation labels all image
pixels with a set of object categories, and targets in the same category can not be distin-
guished. Recently, segmentation methods based on deep learning have achieved great
progress and have been applied in different fields successfully.

In this paper, an environmental interference suppression method named the EMC
environmental interference suppression algorithm (E2 ISA) is proposed. Firstly, a hybrid
segmentation algorithm that combines U-net with a classical connected component analysis
algorithm is proposed to separate different signals in the time–frequency domain from
the background. Then, a group of feature similarity decision criteria, named SLTVSFs,
are designed to reflect the changes in the statistics of each signal with time. Finally, the
KL divergence, JS divergence, cosine similarity, and Pearson correlation coefficient are
calculated for near–far site recognition.

The organization of this paper is as follows: In Section 2, the system configuration of
our open-area EMC testing method is introduced briefly. In Section 3, the EMC environ-
mental interference suppression algorithm is proposed and analyzed in detail. In Section 4,
a group of experiments with real data are carried out to verify the performance of the
proposed algorithms. A summary is given in Section 5.

2. System Configuration of Open-Area EMC Testing
2.1. Review on EM Radiative Characteristics

In electromagnetic compatibility testing, the signal and interference are transmitted to
the measurement antennas in free space, whose radiative characteristics can be divided
into three fields: the reactive near field, radiative near field, and far field (radiation zone).
The reactive near field is near to 0.159 times the wavelength (referred to as the λ). Given the
allocation of civil aviation bands between 118 MHz and 137 MHz and the operation of the
VHF omnidirectional range (VOR) between 108 MHz and 117.95 MHz, we have focused
our EMC testing specifically on the VHF band to address aviation equipment EMC issues.
Assuming that EMC testing is operated at 100 MHz, the upper bound of the reactive near
field is about 0.5 m , which is shorter than the actual distance between the radiant source
and measurement antenna (which is always larger than 1 m).

The radiative near field (or Fresnel region) covers the region of the reactive near field to
the Fraunhofer distance [8], which is calculated as 2D2/λ (where D denotes the aperture of
the radiant source). Assuming that D = 0.2 m and λ = 3 m (corresponding to 100 MHz), the
Fraunhofer distance is about 0.0267 m, which indicates that there is no radiative near field
for 100 MHz EMC testing (VHF aeronautical telecommunication band). When λ = 0.03 m
(corresponding to 10 GHz), the Fraunhofer distance is about 2.67 m, which covers the
one-meter EMC testing. In this case, the electric field strength is proportional to the inverse
square of the distance, i.e., 1/r2.

The radiative far field (radiation zone) covers the region out of the radiative near field,
which is the main working zone for VHF band EMC testing. In this case, the electric field
strength is proportional to the inverse distance, i.e., 1/r. If there is a measurement antenna
placed 3 m away from the internal radiant source (such as the device under test (DUT))
and another measurement antenna placed 6 m away from the internal radiant source, there
is a 6 dB falloff between the near-site antenna and far-site antenna. In contrast, if there is
a measurement antenna placed 103 m away from the environmental radiant source and
another measurement antenna placed 106 m away from the environmental radiant source,
there is only a 0.2494 dB falloff between the near-site antenna and far-site antenna (in this
case, we obtain the plane wave approximation). Based on this, we can estimate the distance
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of radiant sources via the two-antenna method by calculating the near–far amplitude falloff
of different signals on the frequency spectrum, which is the principle of this paper.

2.2. Near–Far EMC Testing Configuration

Based on the EM radiative characteristic, our open-area EMC testing system is de-
signed by using a near–far EMC testing configuration similar to that used in the litera-
ture [9,10], which is shown in Figure 1. The symbols “G”, “M”, and “D” refer to the typical
internal interferences of a plane. G denotes the electric generator, M denotes the motor, and
D denotes the other electric devices, such as the digital signal processor (DSP) and digital
flight controller (DFC).

D1

D3

D2
D

4 M

Near-site 

antenna
Spectrum analyzer

Far-site antenna

syn

Environmental interference

Internal 

interference

: Electric generator

M : Motor

D : Electric device, DSP, 

DFC,...

Figure 1. Near–far EMC testing configuration.

There are two omnidirectional measurement antennas connected to two spectrum
analyzers (SA), which are synchronized by setting one of them as the internal trigger and
the other one as the external trigger. One of the measurement antennas (named the near-site
antenna) is placed near the radiant source (or device under test (DUT)) (1 m or 3 m), and
the other one (named the far-site antenna) is placed far away from the radiant source (9 m
or further).

Then, the waterfall figures of the two spectrum analyzers are captured, which contain
both the signal and environmental interference. According to the EM radiative charac-
teristic, when the signal is near the testing site, i.e., the DUT, the received signal falls off
significantly with the distance. As a result, the signal strength of the near-site antenna is
larger than the far-site antenna. In contrast, when the signals come from far away from the
DUT, we consider them to be environmental interference, and the distances to the near-site
and far-site antennas are almost the same. As a result, the signal strengths of the near-site
and far-site antennas are similar. Based on this feature, the environmental interference can
be clearly recognized from the internal signal and easily suppressed.

A shortcoming of the near–far EMC testing configuration is the need to deal with the
frequency spectrum superposition problem. In this case, the internal interference occupies
the same frequency band as the environmental interference. Thus, the two spectrum
analyzers (SAs) acquire the superposition of the internal and environmental interferences.
The effect of the frequency spectrum superposition depends on the relative intensities of the
internal and environmental interferences. If they possess the same intensity, the superposed
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intensity will theoretically range from 0 (exact cancellation) to 2 times the original intensity
(coherent accumulation).

For independent Gaussian stochastic signals, the variance of the superposed signal
is the sum of the variances of the internal and environmental interferences. When the
variance of the internal interference is 10 and the variance of the environmental interference
is 1, the superposed variance will be 0.41 dB larger than that of the desired one (internal
interference), which is acceptable in practice. Conversely, when the variance of the internal
interference is 1 and the variance of the environmental interference is 10, the superposed
variance will be 10.41 dB larger than that of the desired one (internal interference). In
this case, the superposition phenomenon violates the assumption of electromagnetic (EM)
radiative characteristics and greatly deteriorates the recognition and suppression of internal
and environmental interferences. Thus, the frequency spectrum separability should be
examined before employing the near–far EMC open-area testing method.

3. Open-Area Environmental Interference Suppression Model

A deep-learning-based environmental interference suppression method is proposed
in this section, named the EMC environmental interference suppression algorithm (E2 ISA),
which can suppress the environmental interferences from the internal signal accurately
and efficiently.

3.1. Environmental Interference Suppression Framework

A diagram of the environmental interference suppression framework is shown in
Figure 2. Since the signal strengths of the near SA waterfall are often stronger than and
similar to those of the far SA waterfall, segmentation is processed on the near SA waterfall,
and a group of segmentation layers containing a signal, an environmental interference or the
background in each segmentation layer can be obtained. By utilizing these segmentation
layers, the waterfalls of each signal or interference in the near and far waterfalls can
be captured.

Near SA Waterfall Far SA Waterfall

Instance Segmentation

SLTVSF

Near 2

SLTVSF

Near N

Feature Similarity Calculation & Decision

Internal Signal
Environmental 

Interference
Background Noise

 SLTVSF

Near 1

SLTVSF

Far 2

SLTVSF

Far N

 SLTVSF

Far 1

Seg Layer 1Seg Layer 1Seg Layer 1Seg Layer 1~N

Near SA Waterfall Separation Far SA Waterfall Separation

Signal Combination

Figure 2. Diagram of E2 ISA.
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Near and far Single-Layer Time-Varying Statistical Feature (SLTVSF) curves of each
signal, including the average vs. time curve, standard deviation vs. time curve, and
maximum vs. time curve, are calculated by both the near SA waterfall and far SA waterfall.
Then, the similarities between near and far SLTVSF curves can be calculated by the Kullback–
Leibler (KL) divergence, Jensen–Shannon (JS) divergence, and cross entropy. By using these
similarity measures, we can determine the category of each signal.

Finally, according to the classification of the segmentation layer, they are divided into
three categories: the signal, environmental interference, and background. Then, we can
obtain three SA waterfalls, the signal, environmental interference, and background. In
other words, an SA waterfall that contains the internal signals and background can only be
acquired under the condition that the environmental interferences are well suppressed.

Note that, since the environmental interference suppression framework is based on
the frequency-domain separable assumption, the interference suppression performance
is determined by the separability of signals and the frequency resolution of the SA. For
the typical frequency-domain separable case, a 10 dB or higher interference suppression
performance can be achieved. Firstly, we need to perform the segmentation of the near-
site waterfall map through the U-net network. Then, we need to separate the detected
signal regions through connected domain detection to obtain multiple channel signal
regions and then take the same location region in the far-site waterfall map to calculate
the sliding statistics of each channel of the near-site waterfall map and far-site waterfall
map, respectively.

3.2. Hybrid Segmentation Algorithm

For the environmental interference suppression problem, we need to separate different
signals for further judgment. The signal segmentation algorithm proposed in this paper
includes two parts, U-Net and a connected component analysis [11], which are is shown in
the diagram in Figure 3.

connected 

component

 analysis

contracting 

path

expansive 

path

copy and crop

signal

background

signal 1~N

connected component analysis

background

connected 

component

 analysis

contracting 

path

expansive 

path

copy and crop

signal

background

signal 1~N

connected component analysis

background

Figure 3. Hybrid segmentation network model.

As a typical computer vision problem, segmentation converts the input images into a
group of masks with highlighted regions of interest by assigning a category ID pixel-by-
pixel according to the object of interest to which it belongs. At present, the most popular
segmentation algorithm is based on deep networks, such as VGG [12], Resnet [13], and so
on. Due to the existence of down-pooling steps, the standard convolution neural network
(CNN) always leads to a loss of spatial resolution and poor segmentation performance [14].
As a result, U-net [15] has been widely applied for segmentation tasks.
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U-net can be divided into three main parts, which consist of the contracting path,
expansive path, and copy and crop. The contracting path is a typical convolutional network
with a repetitive structure. Each repetition has two convolution layers (kernel size = 3 × 3)
and a max pooling layer with a step size of 2. We double the number of feature channels
after each down-sampling. The image dimensions are reduced to 1/16 of the original one
after four down-samplings. The expansive path consists of four deconvolutional blocks
symmetric to the contracting path, with each deconvolution expanding the size of each
feature map by two (up-pooling), halving the channel number, and concatenating the
corresponding feature map in the contracting path. The four concatenation operations (also
called skip connections) merge the deep and shallow feature information [16] (cropping
might be necessary to ensure the feature dimensions are consistent). Through the fusion
of low-level features and high-level features, the network can retain more high-resolution
details and greatly improve the image segmentation accuracy.

U-net is trained by using mean square error (MSE) loss, which is defined in this paper
as follows:

MSE(y, y′) =

n
∑

i=1
(yi − y′ i)

2

n
, (1)

where n denotes the number of samples, yi denotes the true target value, and y′i denotes
the predicted value. The gradient of the MSE decreases as the errors decrease and behaves
as sound convergence, even with a fixed learning rate.

Since U-net uses image tiles for training, the amount of training data is much larger
than the number of training images, which makes the network invariant and robust with a
small number of samples.

Theoretically, the U-net segmentation model can separate different objects in the
images. But, for the environmental interference suppression problem, we find it hard for
U-net to separate the different signals in the waterfall graph due to the following reasons.
Firstly, since the broadcasting and other communication signals are phase-modulated
random signals, their time–frequency characteristics in the waterfall graph is similar, i.e.,
there are almost no texture features for U-net to learn. Secondly, since the signals are volatile,
it is hard to construct a stable training dataset for different EMC testing. Fortunately, the
signals of different sources always occupy different regions in the time–frequency spectrum,
and we can separate different signals via the classical segmentation algorithm based on the
connected component analysis.

The connected component [17] is generally an image region (Blob) composed of fore-
ground pixels with the same pixel value and adjacent locations in the image. Connected
component analysis [18] refers to finding and marking each connected area in an image,
which has been widely applied for character segmentation extraction [19], visual track-
ing [20], and medical image processing [21]. The most popular connected component
analysis algorithms include the two-pass method [14] and seed-filling method [22]. Usually,
the object processed by connectivity analysis is a binary image.

There are basic algorithms and improved algorithms for connected component anal-
ysis. The most common algorithms are as follows: (1) the two-pass method and (2) the
seed-filling method. The two-pass method can find and mark all the connected areas in the
image by scanning the image twice. The specific steps are as follows: In the first scan, a
label is assigned to each pixel position. In the scanning process, the pixel set in the same
connected region may be assigned one or more different labels. Therefore, these labels
belonging to the same connected region but with different values need to be merged; that
is, the equal relationship between them should be recorded. In the second scan, the pixels
labeled with equality are grouped into a connected component and assigned the same
label (usually the minimum of equal labels). The idea of the seed-filling algorithm is as
follows: A foreground pixel is selected as a seed, and the foreground pixels adjacent to
the seed are merged into the same pixel set according to the two basic conditions of the
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connected area (pixels with the same value and adjacent locations). The resulting pixel set
is a connected area.

Because the two-pass method is more simple, stable, and much faster than that of the
seed-filling algorithm, the two-pass method is chosen for signal segmentation.

3.3. Feature Similarity Decision Criterion

Although the actual signals in EMC tests exhibit stochastic properties due to their
modulating characteristics or noise effect, the statistics of these stochastic signals might
vary gradually with time due to the changes in the distance, working mode, switching, and
man-made operations. Thus, it is wise to calculate the statistic of each signal over time,
namely the SLTVSFs, in order to better evaluate the non-stationary random signal. With the
separated signal time–frequency spectrum, we can calculate the SLTVSFs via the weighted
sliding statistics method [23]. Four SLTVSFs are used in this paper, the average, standard
deviation, maximum, and bandwidth, which are defined as follows:

SLTVSFmean =
1
n ∑

xi∈Ω
xi, (2)

SLTVSFstd =

√
1
n

n

∑
i=1

(xi − µ)2, (3)

SLTVSFmax = max
xi∈Ω

{xi}, (4)

SLTVSFBW = fmax − fmin, (5)

where Ω denotes the segmented area, xi denotes a single datum inside Ω, µ denotes the
SLTVSF mean, and fmax and fmin denote the maximum and minimum frequencies of
the region.

The moving average is obtained by calculating the average of a datum and its 2D
adjacent, which is the most basic statistic reflecting the trend of signal energy changes.
The moving standard deviation is obtained by calculating the standard deviation of a
datum and its 2D adjacent, which can reflect the randomness of the signals. The moving
maximum (minimum) value is the maximum (minimum) value of the signal in the sliding
window, which reflects the maximum (minimum) peak value of the signal amplitude in the
frequency domain.

By using the weighted sliding statistics method, a group of low-pass filtering is
imposed on the SLTVSF curves, which can weaken the influence of instantaneous random
fluctuations on the signal trend and reflect the time-varying features of different signals
clearly. According to the requirement of signal analysis precision, the weighting range
should be appropriately selected and adjusted.

The similarity criteria of SLTVSFs are obtained by calculating the KL divergence, JS
divergence, cosine similarity, and Pearson correlation coefficient, respectively, which are
defined as follows:

KL(N||F) = ∑
i∈Ω

N(i)
[

ln
(

N(i)
F(i)

)]
, (6)

JS(N||F) = 1
2 ∑

i∈Ω
N(i)

[
ln
(

N(i)
F(i)

)]
+

1
2 ∑

i∈Ω
F(i)

[
ln
(

F(i)
N(i)

)]
, (7)

COS =

∑
i∈Ω

(NiFi)√
∑

i∈Ω
(Ni)

2
√

∑
i∈Ω

(Fi)
2
=

⟨N, F⟩
|N||F| , (8)

ρNF =
E(⟨N, F⟩)− ⟨E(N), E(F)⟩√

E(N2)− E2(N)
√

E(F2)− E2(F)
, (9)
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where <x,y> denotes the inner product of two vectors, N denotes the signal that is detected
from the near site, F denotes the signal of the near site, and Ω denotes the area of a single
signal of the near site.

KL divergence, also known as relative entropy, is an indicator to measure the matching
degree of two probability distributions. The greater the KL divergence is, the greater the
distribution difference is and the lower the matching degree is. JS divergence overcomes
the asymmetry of KL divergence, which is more accurate in similarity judgment. Cosine
similarity is used to evaluate the similarity of two vectors by calculating the cosine value
of their angle. When the calculated cosine angle is 0◦, the similarity of the two vectors
is the highest. The Pearson correlation coefficient is the quantity of linear correlation of
vectors. When the Pearson correlation coefficient is close to ±1, the two vectors are mostly
linearly dependent.

Based on the above similarity criteria, we design a fusion decision logic as shown
in Figure 4, which determines whether the signal is a near-site signal, far-site signal, or
background signal.

Input

SLTVSF-BW

> TH?

SLTVSF-Mean 

difference

>TH?

Similarity 

criterions

>TH? 

Internal

Signal

Environmental 

Interference

Yes

Yes

Yes

No

No

No

Input

SLTVSF-BW

> TH?

SLTVSF-Mean 

difference

>TH?

Similarity 

criterions

>TH? 

Internal

Signal

Environmental 

Interference

Yes

Yes

Yes

No

No

No

Figure 4. Fusion decision logic model.

Firstly, we need to judge whether the detected signal is a single-frequency signal. If
the SLTVSF BW is too large, it must be an external interference signal.

Secondly, if the SLTVSF mean of the near site is far larger than that of the far site, it
indicates that the signal energy fades rapidly with distance, which means it is more possible
it is a near-site signal rather than a far-site environmental interference.

Thirdly, if the SLTVSF mean difference between the near and far sites is not large, it is
difficult to judge whether it is an external interference signal based on this basis. Because
the energy difference of narrow-band external interference signals in the same frequency
band may be small and the main difference lies in the energy distribution of the signal, it is
necessary to utilize the above similarity criteria of SLTVSFs to make a decision. We compare
the weighted sum of the KL divergence, JS divergence, cosine similarity, and correlation
coefficient with the threshold value. If the weighted sum is larger than the threshold, it
indicates that the energy distribution between near and far sites varies a lot.
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4. Experimental Analysis
4.1. Experiment Description

In order to verify the effectiveness and performance of the proposed E2 ISA, which
aims to solve the aviation equipment EMC problem, a group of environmental interference
suppression experiments was conducted in an open area, operating at a VHF (approxi-
mately 100 MHz), as shown in Figure 5.

Far measurement antenna Near measurement antenna Agilent 9020A

Radiating antenna

Figure 5. Open-area experiment illustration.

Two Agilent 9020A signal analyzers [24] were used to acquire the near and far EMC
signals by connecting to two omnidirectional antennas with a frequency scope of 20 MHz
to 500 MHz whose gains are the same at different directions. The test frequency covered the
FM broadcast frequency band to generate external far-site interference signals. Near-site
interference signals were generated by a Agilent 8267D PSG Vector Signal Generator [25],
which generated near-site interference signals of different frequencies. Before testing, it was
necessary to perform the calibration by placing the near-testing and far-testing antennas
together to eliminate the offset of the different equipment. Similar to the literature [10], all
antennas in our experiments remained stationary during each test.

The one-meter and three-meter methods were both used in the tests. In the one-meter
test, the near-site antenna was placed one meter away from the radiating antenna, and
the far-site antenna was located nine meters away from the radiating antenna. In the
three-meter test, the near-site antenna was placed three meters away from the radiating
antenna, and the far-site antenna was placed nine meters away from the radiating antenna.

After data acquisition, we selected 129 waterfall images at random as the training set,
which was labeled by the “labelme” tool, as shown in Figure 6. Horizontal and vertical
reflections were carried out on the training set for data augmentation.

Figure 6. Training set.

4.2. Analysis of Segmentation Performance

In the open-area EMC testing, the signal might be a single-frequency or a narrow-band
signal, which expresses differences in the waterfall images and the effect of the testing
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parameters, and will be discussed in the following sub-section in detail. As shown in
Figure 7, when there is only one single-frequency signal or one narrow-band signal in
the waterfall, the segmentation method behaves well, and the segmentation region can
completely cover the original signal accurately.

Figure 7. Segmentation results for single signals.

The segmentation results of the multiple-signal waterfall images are shown in Figure 8,
which includes a single-frequency signal and three narrow-band signals. The second one
is rather dimmer than the others. As can be seen from Figure 8, each signal is segmented
successively. Compared to the single-signal case, the multiple signals have less effect on
the segmentation performance. Furthermore, there is no adhesion among different signals,
which is crucial for the following operation based on the connectivity.

Figure 8. Segmentation results for multiple signals.

In some special cases, an incomplete signal appears at the edge of the waterfall image,
which is shown in Figure 9. From the result, we find that sound segmentation results can
still be achieved, which shows the robustness of the proposed method. Furthermore, we
find that some tiny pieces appear in the segmentation result corresponding to a very dim
signal (almost invisible to the naked eye). Theoretically, they can be suppressed by setting
a higher threshold, but this will lead to a loss of sensitivity. Thus, these fragments are
retained during segmentation and suppressed during the connectivity detection phase by
calculating the area of each segmented region.

Figure 9. Segmentation results for abnormal testing.
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4.3. Analysis of Suppression Performance

After segmentation, we compare the corresponding regions of the near-testing and the
far-testing images to judge the belongings of each signal. As shown in Figure 10, there are
four segments of signals. By comparing the signal bandwidth and energy differences, we
find that for the signal in the red box, the energy difference between the near testing and
the far testing is huge, which indicates that it is more likely to be a target signal rather than
an external interference signal. In contrast, the signal in the black box has a small energy
difference between the near and far tests and should therefore be considered external
interference and be properly suppressed. This result is shown in Figure 10c.

Figure 10. Comparison of near–far SA waterfalls and supression results: (a) near-site SA waterfall;
(b) far-site SA waterfall; (c) suppression results.

As shown in Figure 11, there are two time-varying signals generated during exper-
iments. By judging the difference between near and far testing SLTVSF curves using JS
divergence, KL divergence, cosine distance, and linear similarity, we state that the left-side
signals have different time-varying features and should be judged as internal interference.
In contrast, the right-side signals have similar time-varying features and should be judged
as external interference.

We use accuracy to assess the effectiveness of segmentation, which refers to the
percentage of correctly classified samples in the total samples and is defined as follows:

ACC =
ncorrect

ntotal
, (10)

where ACC denotes the accuracy of segmentation, ncorrect denotes the number of correctly
classified samples, and ntotal denotes the total number of samples.

The internal interference recognition accuracy is counted based on the experiment sets.
As shown in Table 1, we find that the E2 ISA accuracy is 96.2%.

Table 1. Different types of internal interference recognition results.

Signal Class Single-Frequency Narrow-Band Incomplete Total

Number 4 45 4 53
Correct 4 43 4 51
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Figure 11. Signals with time-varying features.

Whole-band internal interference testing curves with and without E2 ISA are shown
in Figure 12. We find that E2 ISA can suppress the majority of the external interference and
obtain clean EMC testing results.
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Figure 12. Whole−band internal interference testing curves with and without E2 ISA (there are
five internal interference signals and massive environmental interference, which are all suppressed
clearly): (a) whole−band internal interference testing curves without suppression; (b) whole−band
internal interference testing curves with suppression.
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5. Conclusions

This paper focuses on the open-area environmental interference suppression prob-
lem for EMC testing. We find that the proposed E2 ISA method, which combines the
deep learning segmentation network with the classical recognition methods, can suppress
environmental interference signals accurately. Experimental results show that the accu-
racy of E2 ISA reached 96.2% in the face of VHF EMC testing, and all the environmental
interference signals were suppressed properly.
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