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Abstract
To address the performance degradation caused by narrowband interference
(NBI) in orthogonal frequency division multiplexing (OFDM) systems, two deep
learning (DL)-based narrowband interference cancellation structures are pro-
posed. In both structures, the received signals are first preprocessed separately,
and then a convolutional neural network (CNN) is utilized to extract features
from the preprocessed data in the time domain and obtain interference estimates.
Finally, the interference estimates are subtracted from the received signals. Sim-
ulation results demonstrate that both structures can effectively learn the nar-
rowband interference in OFDM systems and improve system performance.
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1 System Model
We assume ideal synchronization between the transmitter and receiver in the
OFDM system. The OFDM signal has 𝑁 subcarriers. After passing through
an additive white Gaussian noise (AWGN) channel, the received signal can be
expressed as

𝑦 = 𝑥 + 𝑛
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where 𝑥 is the time-domain transmitted signal and 𝑛 is time-domain noise.
When narrowband interference (NBI) 𝑑 is present, the equation becomes

𝑦 = 𝑥 + 𝑛 + 𝑑

where 𝐹 is the discrete Fourier transform (DFT) matrix, 𝐷 is the narrowband
interference vector in the frequency domain, and 𝛽 represents the offset ratio
between the interference and transmitted signal subcarriers. It can be observed
that 𝐷 is a sparse vector whose non-zero elements represent interference compo-
nents at corresponding positions. Assuming the number of interfered subcarriers
is 𝐵, and letting 𝐼 denote the set of indices for these subcarriers, then the 𝑖-th
element of 𝐷 is

𝐷𝑖 = {𝐸𝑗𝑒𝑗2𝜋𝑓𝑐(𝑖−𝑓𝑐)𝛽, 𝑖 ∈ 𝐼
0, otherwise

where 𝐸𝑗 represents the interference amplitude, 𝑓𝑐 is the center frequency off-
set, and 𝛽 is the offset parameter. Figure 1 shows the CNN-residual-iteration
structure.

The received signal 𝑦 contains noise and interference components. The inter-
ference vector 𝑑 includes not only actual interference information but also er-
roneous information propagated from noise during transmission. Therefore, 𝑑
can be written in the form of Equation (5), where 𝑛𝑑 represents the erroneous
component in the noise and NBI vector.

As mentioned earlier, in the architecture, the CNN acts as an interference es-
timator. It extracts time-domain features of interference from the input and
outputs the corresponding interference estimate ̂𝑑. We will discuss the CNN ar-
chitecture in detail later. Subsequently, the estimated interference component

̂𝑑 is subtracted from the received signal 𝑦 to achieve interference cancellation:

̂𝑥 = 𝑦 − ̂𝑑

where ̂𝑥 is the interference-cancelled received signal. The interference vector 𝑑
can be obtained from the signal-to-interference ratio (SIR).

2 Convolutional Neural Network
As a deep learning method, CNNs use local convolution operations to extract
sample features from input data. A typical CNN includes convolutional layers,
activation layers, pooling layers, and fully connected layers. During convolution,
convolution kernels slide across the input vector or feature map, extracting local
features and mapping them to new feature maps. Following convolutional layers
are activation layers, which introduce non-linear features to the feature maps.
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Common activation functions include tanh and rectified linear unit (ReLU). In
pooling layers, feature maps from previous layers are partitioned and average or
maximum values are output, reducing feature map dimensions while preserving
main data characteristics. Finally, fully connected layers connect all previous
feature maps and output corresponding decisions.

During training, CNNs use labeled data to minimize loss functions and obtain
optimal network parameters. In summary, CNNs can fully extract local fea-
tures from input data and train into a stable model. In this paper, considering
that OFDM signals and interference have frequency-domain characteristics, we
attempt to use CNNs to estimate and reconstruct narrowband interference sig-
nals, implementing narrowband interference cancellation in OFDM systems.

3 CNN-Based Interference Cancellation Architecture
In this paper, two deep learning-based OFDM communication architectures
are adopted for narrowband interference cancellation: residual iteration and
threshold filtering, as shown in Figures 1 and 2. In both architectures, the CNN
serves as an interference estimator that estimates interference information from
the time domain.

3.1 Two System Architectures

In the residual iteration architecture, the received signal 𝑦 from Equation (2)
is first fed into the receiver for demodulation and decoding. The receiver’s
corresponding output ̂𝑠0 is re-encoded and modulated at the transmitter side,
with the corresponding output result being ̂𝑥0. The difference between 𝑦 and

̂𝑥0, denoted as ̂𝑑0, serves as input to the convolutional neural network, i.e.,

̂𝑑0 = 𝑦 − ̂𝑥0

In Equation (6), ̂𝑥1 is the received signal after interference removal, which will
again be input to the receiver for demodulation, decoding, and re-encoding. The
final output result is ̂𝑠1.

From the residual iteration architecture, it can be seen that the CNN, as an
interference estimator, receives input ̂𝑑0 derived from the difference between
the received signal and the retransmitted result.

The CNN-threshold filtering structure is shown in Figure 2 [Figure 2: see origi-
nal paper]. Unlike the residual iteration architecture, in the threshold filtering
structure, the received signal 𝑦 first undergoes frequency-domain transformation.
The frequency-domain signal is 𝑌 , the filter threshold is 𝑇 , and the correspond-
ing output after frequency-domain filtering is 𝐷̂. Here, 𝑌𝑖 represents data on
the 𝑖-th subcarrier. During filtering, we first calculate the amplitude |𝑌𝑖| of all
subcarriers in 𝑌 , while taking the threshold 𝑇 as the average amplitude of all
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subcarriers in 𝑌 . Let ̂𝐼 be the set of indices of subcarriers in 𝑌 whose ampli-
tude exceeds the threshold. Then 𝐷̂ can be viewed as the data set in 𝑌 at these
indices. Finally, 𝐷̂ is transformed back to the time domain, i.e., ̂𝑑 = 𝐹 𝐻𝐷̂.
Analyzing the components of ̂𝑑, we find that ̂𝑑 contains real interference, while
the subcarriers in 𝑌 ∖ 𝐷̂ contain signal and noise components. Based on this, ̂𝑑
can be decomposed into

̂𝑑 = 𝑑 + 𝑛𝑑

where 𝑛𝑑 represents the signal and noise components on the interfered sub-
carriers, and 𝑑 represents the actual interference components present on these
subcarriers and the interference components not in ̂𝐼 . Therefore, ̂𝑑 contains
interference information.

Connecting the CNN after the threshold filter attempts to extract interference
features from ̂𝑑 and obtain the corresponding estimate ̂𝑑𝐶𝑁𝑁 . Similar to the
residual iteration architecture, we subtract ̂𝑑𝐶𝑁𝑁 from ̂𝑑 as shown in Equation
(6). The result ̂𝑥 will be input to the receiver for equalization, demodulation, and
decoding, with the final estimated result being ̂𝑠. From the description of both
architectures, it can be seen that this paper generates CNN input data through
two approaches: time-domain residual differences and frequency-domain filter-
ing operations.

3.2 CNN-Based Interference Estimation

Before introducing the CNN architecture, we first explain the necessity of learn-
ing interference from the time domain. Directly estimating interference features
from the frequency domain results in excessive redundancy in the input data,
making it impossible to effectively learn interference frequency-domain informa-
tion. Only the interfered subcarriers and their neighboring subcarriers contain
useful information for interference learning and estimation.

Time-domain received signals include interference components after IFFT trans-
formation. Noting that interference components are sparse in the frequency do-
main, the IFFT transformation is equivalent to a compressed sensing process
that compresses the sparse interference vector. Therefore, in this work, esti-
mating interference information from the time domain is similar to compressed
sensing. However, the data components in the received signal pose challenges
for interference estimation. Directly applying compressed sensing technology to
map frequency-domain interference to the time domain requires prior knowledge
of the interference sparsity pattern at the receiver, which reduces system spec-
tral efficiency. This paper proposes using CNN as a blind estimator to identify
the relationship between the interference vector and received signal without re-
quiring prior information. Since CNNs can extract inherent relationships from
network inputs, we select CNN as the interference estimator.
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Table 1 shows the basic network configuration. The input and output sizes
remain unchanged at 2×𝑁 , where 𝑁 is the number of OFDM signal subcarriers.
Since the input and output data dimensions are not reduced, the CNN in this
paper will only include convolutional layers and activation function layers.

Let 𝐿 represent the number of convolutional layers, with an activation layer fol-
lowing each convolutional layer. Let 𝑘𝑙 and 𝑛𝑙 denote the kernel size and number
of kernels in the 𝑙-th convolutional layer, respectively. The proposed CNN archi-
tecture is similar to that in reference [8]. Regarding the network design, several
points are noteworthy: First, this network does not introduce pooling layers or
fully connected layers. As previously described, during forward and backward
propagation, the data dimension remains 2 × 𝑁 (separating real and imaginary
components) without change. During convolution, zero-padding is used to en-
sure convolution operations do not reduce data dimensions. Second, after IFFT
transformation, time-domain signals contain complex numbers. Therefore, this
network uses the tanh function as the activation function, as shown in Equation
(10), because ReLU cannot effectively map complex number features.

3.3 Network Training Process

To train the CNN into a stable, converged model for practical application, this
section discusses the training and optimization process for the proposed network.
We generate OFDM signals and corresponding narrowband interference accord-
ing to Equations (2) and (3). When generating narrowband interference, 𝐵
represents the interference bandwidth, 𝑓𝑐 is the center frequency offset, and 𝛽 is
the offset parameter. The noise and interference components can be determined
by the signal-to-noise ratio (SNR) and signal-to-interference ratio (SIR). We as-
sume 𝐵 is fixed during training, meaning the number of interfered subcarriers
remains constant. The center subcarrier 𝑓𝑐 is selected from several predeter-
mined positions, and 𝛽 follows a uniform distribution 𝛽 ∼ 𝑈[− 1

2 , 1
2 ]. SNR and

SIR represent signal transmission conditions and determine communication per-
formance. In this paper, 𝑅𝑆𝐼𝑅 and 𝑅𝑆𝑁𝑅 denote the SIR and SNR values used
during training data generation.

We employ mini-batch gradient descent for network training. Since the CNN
model is a regression network, we define the loss function as L2 loss:

Loss = 1
𝑁 ‖ ̂𝑑 − 𝑑‖2

2

During training, we use the Adam optimizer to minimize the loss and update
network parameters. A portion of the training data is selected as the valida-
tion set. Network parameters are updated on the training set while monitoring
performance on the validation set. Training stops early if the validation loss
ceases to decrease. Additionally, the learning rate is appropriately reduced dur-
ing training to decrease parameter update magnitude and ensure convergence.
The learning rate at step 𝑡 is defined as
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𝛼𝑡 = 𝛼0 ⋅ 𝑐step − 𝑡
𝑐step

where 𝛼0 is the initial learning rate, 𝑐step is the total number of training steps,
and 𝑡 is the current step. Although training data volume is substantial, mak-
ing training cost and complexity significant, the proposed architecture remains
valuable for practical applications. We will train the network offline, and the
generated training data will also be produced and stored offline. To ensure the
trained model is stable and applicable to more scenarios, we include as many
diverse situations as possible during training data generation. In practical ap-
plication, the pre-trained CNN model can be used directly.

4 Simulation Results
Unless otherwise specified, all simulations use the parameters in Table 2 . At the
transmitter, binary phase shift keying (BPSK) modulation and‘1/3’rate Turbo
coding are used. For each (SIR, SNR) scenario, we generate 500 frames (select-
ing 100 as the validation set), with each frame containing 10 Turbo blocks of
length 194, i.e., 101 OFDM symbols per frame. To evaluate system performance,
we select the “frequency-domain threshold filtering”method from reference [3]
as the baseline. We first calculate the amplitude of each OFDM subcarrier and
the corresponding threshold, then null data on subcarriers whose amplitude
exceeds the threshold. Since multiple network structures are evaluated, we de-
note ‘CNNk_i’as a CNN with 𝑘 convolutional layers in configuration 𝑖, e.g.,
‘CNN5_0’. Network training and testing are completed on TensorFlow, while

other system components are built and simulated in MATLAB.

4.1 Network Structure Selection

As previously mentioned, the CNN extracts interference features from the time
domain and outputs the estimated interference vector. Therefore, the network
structure significantly impacts system performance. We trained several CNN
structures shown in Table 3 and compared their loss functions and correspond-
ing system performance. Ultimately, we determined that CNN5_5 provides
the most stable training effect and good performance on the test set for both
architectures.

When comparing various models, we observed that increasing network depth
beyond 𝐿 = 5 yields minimal improvement in learning performance. Analysis
suggests this is because the input data contains many low-level features but
few high-level features, making deeper networks unnecessary. Increasing kernel
size actually degrades performance, likely because convolution kernels process
local information in the input signal. Given the input data dimensions, larger
kernels cannot effectively extract local features. However, increasing network
width improves learning performance, indicating that input data still contains
numerous low-level features for CNN extraction. We also attempted removing
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the frequency-domain filter in Figure 2 and estimating interference directly from
the time-domain received signal. While the CNN could still learn interference
features, performance improvement was limited compared to including the fil-
ter. We attribute this to the presence of many useful signals not affected by
interference in the time-domain received signal, which impacts interference es-
timation accuracy. Although threshold filtering may remove some interfered
information, making CNN input incomplete, the overall system performance is
still better than without filtering.

4.2 Network Performance Verification

In previous simulations, training and test sets were generated under identical
conditions (SNR, SIR, 𝐵, 𝑓𝑐, 𝛽). However, in practical scenarios, these con-
ditions may differ between training and application. Therefore, the proposed
system needs robustness—effective interference learning and performance im-
provement under conditions different from training.

We test the trained CNN model under various scenarios to verify robustness.
First, we evaluate system performance under different SIRs, fixing the SIR set
to [−6 ∶ 1 ∶ −3] dB and using the CNN5_4 model. The resulting performance
curves are shown in Figure 3 [Figure 3: see original paper].

As shown in Figure 3, both proposed architectures reduce the bit error rate of
interfered OFDM systems and improve performance. Compared to frequency-
domain threshold filtering, the deep learning-based frequency-domain filtering
architecture can more effectively estimate interference features and improve
system performance. While the residual iteration architecture only slightly
improves communication performance, the threshold filtering architecture can
more accurately learn interference information and provide greater performance
gains. Analysis suggests that due to excessive erroneous information, the CNN
input in the residual iteration architecture contains too much redundant infor-
mation, affecting learning effectiveness.

To fully evaluate network performance, we also simulate system performance
under different SNRs. The results are shown in Figure 4 [Figure 4: see origi-
nal paper]. The curves demonstrate that the CNN-threshold filtering structure
achieves excellent interference cancellation across various SNRs. The“no inter-
ference cancellation”curve shows that narrowband interference is the primary
factor affecting OFDM communication performance.

During training data generation, the number of interfered subcarriers was fixed
at 𝐵 = 7. Next, we test system performance with different interference band-
widths. Figure 5 [Figure 5: see original paper] shows simulation results at SIR
= -4 dB. As the number of interfered subcarriers increases, the system bit error
rate rises, but the proposed CNN-threshold filtering structure can still effec-
tively learn interference features and reduce error rates. Compared to threshold
filtering, the performance improvement of the CNN-based approach becomes
more significant as more subcarriers are interfered.
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Furthermore, during training, the interference center frequency 𝑓𝑐 was limited
to a few positions. In practice, the interference center frequency may not align
with training scenarios. Therefore, we test system stability under frequency
offset conditions. As shown in Table 2, we define a center frequency every 16
subcarriers. In this simulation, we assume the center frequency in the test set
is offset by 4-8 subcarriers relative to the training set, with other conditions
unchanged. The results are shown in Figure 6 [Figure 6: see original paper].
The “no cancellation”and “frequency-domain filtering”methods show little
variation with subcarrier offset. However, the performance of our proposed
structure degrades as the offset increases. Nevertheless, even when the offset
reaches 7-8 subcarriers (making interfered subcarriers non-overlapping between
training and test sets), the system can still estimate and cancel interference
accurately. When the offset is no more than 5 subcarriers, the proposed model
outperforms frequency-domain filtering.
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5 Conclusion
This paper addresses OFDM systems and deep learning technology, investigat-
ing narrowband interference cancellation in OFDM systems. We first analyze
and evaluate traditional narrowband interference cancellation methods and their
limitations. We then introduce the application of deep learning in physical layer
communications. Two deep learning-based architectures are proposed: residual
iteration and threshold filtering. By learning the mechanism of OFDM narrow-
band interference cancellation, we utilize convolutional neural networks to learn
interference information from the time domain and perform cancellation.

Combined with the actual interference model, we design a CNN regression
network for interference learning and estimation. The learned interference is
subtracted from the received signal in the time domain, and the interference-
cancelled signal is processed by the receiver to obtain the final result. Simulation
results demonstrate that both proposed architectures can effectively learn inter-
ference features and achieve accurate estimation. The CNN-threshold filtering
structure provides better interference estimation than the CNN-residual itera-
tion structure. This work represents the first introduction of deep learning into
OFDM narrowband interference cancellation. The deep learning-based interfer-
ence cancellation architecture can accurately estimate and cancel narrowband
interference without increasing system complexity, making it applicable to var-
ious scenarios.

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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