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Abstract—Automatic modulation classification (AMC) based
on convolutional neural networks (CNNs) has shown strong per-
formance using constellation diagram representations. However,
the effect of symbol timing mismatch on these representations
remains insufficiently studied. In this paper, we analyze how
suboptimal sampling alters the structure of constellation dia-
grams and impacts the performance of learning-based classifiers.
A peak-to-average power ratio (PAPR)-based approach is used
to estimate the optimal sampling phase, and controlled timing
offsets are introduced to systematically evaluate their effect.
Both grayscale and RGB histogram-based constellations are
considered and processed using lightweight CNN architectures.
Results obtained on the CSPB.ML.2018 dataset demonstrate that
even small timing offsets induce structured distortions and lead
to significant performance degradation. These results highlight
symbol timing as a critical factor in AMC and underline the
importance of consistent sampling strategies for robust AI-based
receivers.

Index Terms—AMC, AMR, automatic modulation recognition,
classification, cognitive radios, constellations, CNN, sampling
mismatches, vector diagram.

I. INTRODUCTION

Automatic modulation classification (AMC) is a key com-
ponent in modern wireless communication systems, allowing
receivers to determine the modulation scheme of an incoming
signal without prior knowledge of the transmitter configura-
tion. Such capability is particularly important in applications
including cognitive radio, spectrum surveillance, interference
management, and electronic warfare, where communication
devices must operate in dynamic and potentially unknown en-
vironments. Accurate identification of the modulation format
enables adaptive receivers to automatically adjust processing
parameters, improving therefore spectral efficiency, and main-
taining reliable communication in heterogeneous radio sce-
narios. Recent progress in machine learning, especially deep
learning, has significantly advanced the performance of AMC
systems. Instead of relying on manually designed features,
deep neural networks can learn relevant signal characteristics
directly from data. Among the various signal representations
that have been investigated, constellation diagrams provide a
compact and physically interpretable description of modula-
tion behavior in the complex plane. When used as input to
convolutional neural networks (CNNs), these representations
allow efficient extraction of spatial patterns while keeping
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the computational complexity low compared to methods that
operate directly on raw in-phase and quadrature samples. De-
spite the extensive body of work on AMC, most existing stud-
ies focus on robustness to channel impairments such as noise,
carrier frequency offset, or phase rotation. In contrast, the
impact of symbol timing mismatches on constellation-based
representations remains largely unexplored, even though such
mismatches naturally arise in practical receivers due to im-
perfect synchronization and sampling uncertainty. Since con-
stellation diagrams are directly constructed from sampled 1Q
data, even small deviations from the optimal sampling instant
can induce structured distortions that significantly affect the
resulting representation. This paper addresses this gap by
systematically analyzing the effect of sampling offsets on
constellation-based AMC. In particular, we investigate how
deviations from the optimal sampling instant alter the geom-
etry and density distribution of constellation diagrams, and
how these distortions impact the performance of convolutional
neural network classifiers.

The main contributions of this paper are summarized as
follows:

e A systematic and human-interpretable analysis of the
impact of sampling offsets on IQ constellation diagrams,
highlighting the structured distortions induced by subop-
timal sampling.

o A comparative evaluation of histogram-based constella-
tion representations, including grayscale and RGB en-
codings, with respect to their robustness to sampling
mismatches.

o A simulation study demonstrating the effect of training
and inference mismatch in sampling strategies, providing
practical guidelines for the design of robust Al-based
AMC systems.

This paper reviews the state of the art in AMC in Sec-
tion II, with a particular emphasis on learning-based and
constellation-driven approaches. The proposed methodology
is presented in Section III, while the simulation setup is
described in Sections IV, V and VI. Finally, the performance
evaluation and discussion of results are provided in Section
VIIL



2026 9th International Balkan Conference on Communications and Networking (Balkancom)

II. STATE OF THE ART

Automatic modulation classification (AMC) is a well-
established research area.In recent years, deep learning has
renewed interest in AMC by shifting from handcrafted sig-
nal features to data-driven representations. Several surveys,
including those by Zheng et al. [1] and Thakur et al. [2],
highlight the growing role of artificial intelligence and report
consistent performance gains, particularly with convolutional
and recurrent neural networks. Within this paradigm, constel-
lation diagram representations have attracted attention due to
their intuitive visualization of modulation patterns. Doan et
al. [3] map received signals to grayscale constellation images
for CNN-based classification, although such single-channel
representations may limit feature richness. To overcome this,
multi-channel adaptations have been proposed. For instance,
Leblebici et al. [4] generate three-channel images to leverage
standard CNN architectures, but these approaches often rely
on deep and computationally expensive models. Other works
enhance constellation representations through additional pre-
processing. Abdel-Moneim et al. [5] employ Gabor filtering
and thresholding to produce RGB images, improving feature
quality at the cost of increased preprocessing complexity,
which may limit real-time or resource-constrained applica-
tions. In addition, [6] proposed a CNN-based transforma-
tion scheme to improve automatic modulation classification
under severe phase imperfections, demonstrating enhanced
robustness and accuracy in challenging wireless conditions.
Overall, while deep learning-based AMC methods using con-
stellation diagrams achieve strong performance, they often
trade computational efficiency for accuracy through complex
preprocessing or large network architectures. This motivates
the search for approaches that preserve high accuracy while
reducing computational overhead and system complexity.
However, none of these works explicitly analyze the impact of
symbol timing mismatches on modulation classification using
constellation-based representations.

III. DATASET AND INFORMATION FLOW
A. Dataset

The  experiments are  conducted  using  the
CSPB.ML2018R2_NF dataset, which corresponds to
the noise-free version of the CSPB.ML.2018 dataset [7].
This variant is used to isolate the intrinsic properties of the
signal representations without the influence of additive noise.
The dataset consists of synthetically generated baseband
signals with controlled parameter variations. It includes a
range of digital modulation schemes, such as BPSK, QPSK,
8-PSK, 7/4-DQPSK, MSK, and several QAM formats.
Each waveform contains 32,768 complex samples, and the
dataset comprises 112,000 signal realizations. A 70/30 split
is adopted for training and validation. The main generation
parameters are summarized in Table 1.

B. Data Generator and Pipeline

A custom data generator is used to dynamically produce
training samples from the stored complex baseband signals of

the dataset. For each sample, the raw 1Q waveform is loaded
and passed through a configurable preprocessing pipeline,
illustrated in Fig. 1. The pipeline supports the following op-
tional stages, which can be individually enabled or disabled:

1) carrier frequency offset (CFO) correction,

2) rational resampling to avoid fractional sps,

3) root raised cosine (RRC) matched filtering, and

4) symbol-rate sampling, where either the full waveform
or a single symbol-spaced subsequence is retained.

In the latter case, the optimal sampling phase is selected based
on a PAPR-based criterion, or a controlled offset is applied to
simulate suboptimal sampling conditions (see Section VI-A).
The processed IQ samples are then mapped onto a 2D
histogram to form the constellation image, which is returned
alongside its modulation label for training or evaluation. This
modular design allows each processing stage to be systemati-
cally activated or deactivated, enabling controlled ablation of
their individual contributions to classification performance.

CSPB.ML.2018 Original
remaove
noise
CSPB.ML.2018R2_NF
Remove
CFO
Frac sps possible
Resample
and apply
Rx RRC
Integer sps
Select
best
SF?An-lIEFIf Suboptimal
Optimal sampling,
sampling . .
atk Model 1 k+1, B+2, ..
Fig. 1: Overall data-flow diagram of the preprocessing

pipeline. This work focuses on Model 1.

TABLE I: CSPB.ML.2018 dataset parameter ranges

Parameters [8]
Modulations

BPSK, QPSK, 7-DQPSK, 8-PSK,
MSK, 16-QAM, 64-QAM, 256-QAM
1 to 15 samples

Base symbol period

Carrier offset (normalized) [Hz] [—1073,1073]
Roll-off factor [0.1, 1]
SNR[dB] [-2, 12.8]
Up-Down sample factors (1,1) and (3,2) to (10,9)
Noise spectral density [dB] 0
Signal length [samples] 32,768
Number of waveforms 112,000
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IV. CONSTELLATIONS

Gray constellation diagrams correspond to two-dimensional
histograms of the in-phase and quadrature components, where
each bin stores the number of samples within its boundaries
and the intensity is proportional to this count. The resulting
histogram is represented in grayscale, with darker bins in-
dicating higher sample densities, and is used as input to the
neural network. Constellation diagrams are generated from IQ
samples, with each waveform producing a single representa-
tion. In this work, two types of constellations are considered,
both derived from an IQ histogram of the waveform samples.
A density-based binning procedure maps the IQ plane into
a discrete grid, yielding a two-dimensional intensity map
where pixel values reflect local sample density, enabling the
network to capture spatial patterns relevant for modulation
classification. The histogram resolution is set to 128 x 128,
resulting in images of the same size. This resolution was se-
lected empirically based on preliminary experiments, although
larger sizes have been explored in previous studies. RGB
representations extend grayscale by encoding bin intensities
using the Turbo colormap, mapping low densities to blue and
high densities to red, with intermediate values represented
by a continuous gradient. Each bin is thus represented by
three components (Red, Green, Blue), forming a three-channel
image suitable for convolutional neural networks. Examples
of RGB constellation diagrams for BPSK, QPSK, 8-PSK,
and 16-QAM signals at an SNR of approximately 8 dB are
presented in Fig. 2.

BPSK canstellation QPSK constellation

BPSK constellation 16QAM constellation

Fig. 2: RGB constellation visualization applied to the original
CSPB.ML.2018 dataset.

V. NEURAL NETWORK MODELS

Automatic modulation classification is formulated as a
multiclass classification problem requiring robust feature ex-
traction. Convolutional neural networks are used due to their
effectiveness in learning spatial features from image-based

IQ representations. All models share a common architecture
consisting of convolutional feature extraction layers followed
by fully connected classification layers. Variations are limited
to the input representation and convolution type, enabling con-
trolled comparison. Key architectural and training parameters
are summarized in Table II. ReLU activations are used in
hidden layers and softmax in the output layer. Weights are
initialized using He normal and Glorot uniform initializers,
and training is performed using the Adam optimizer with a
learning rate of 0.001. Dropout is applied after convolutional
layers to mitigate overfitting. Two CNN variants are consid-
ered. The baseline model processes single-channel grayscale
constellation images obtained from direct IQ mapping, while
the proposed model processes three-channel RGB tensors
of size 3 x 128 x 128 generated via histogram-based IQ
mapping. Both architectures consist of two convolutional
layers followed by flattening and a fully connected classifier.
The grayscale CNN uses 40 filters of size 2 x 8 in the first
convolutional layer and 10 filters of size 1 x 4 in the second,
each followed by ReLU activation and dropout. The resulting
feature maps are flattened and passed to a fully connected
layer with 128 neurons and an 8-neuron softmax output layer.
The RGB CNN mirrors this architecture, with differences
confined to the input and convolution type. Separable convo-
lutions are employed, decomposing standard convolution into
depth- and pointwise operations to reduce the parameter count
while maintaining expressive capacity. The extracted features
are processed by the same fully connected and softmax layers,
enabling direct comparison with the baseline.

TABLE II: Architecture parameters

Parameter Value Remarks
CNN kernels layer 1 40 activation="ReLU”
Dropout 50%
CNN kernels layer 2 10 activation="ReLU”
Dropout 50%
Dense nodes layer 1 128 activation="ReLU”
Aggregation layer nodes 8 activation="softmax’

V1. MODEL AND SIMULATIONS
A. Symbol Sampling Model

After demodulation and matched filtering, the received
baseband signal (including root raised cosine filtering) is
represented as the discrete-time complex sequence

where I[n] and Q[n] denote the in-phase and quadrature
components.

Let S denote the number of samples per symbol. In the
ideal case, symbols are recovered by sampling at the optimal
instants, yielding

xs[k] = xrrc[kSL )

where k is the symbol index.
In practice, the optimal sampling phase is unknown and
must be estimated. To obtain a reference sampling phase, we
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employ a peak-to-average power ratio (PAPR) criterion. The
signal x,.c[n] is partitioned into S subsequences correspond-
ing to offsets £ € {0,...,5 — 1}

xe[m] = Xyprc [ + mS].

where m indexes the samples within the subsequence as-
sociated with offset ¢, with m = 0,..., M — 1, such that
consecutive values of m are separated by one symbol period
(i.e., S samples).
The average power associated with each offset is computed
as
] Mol

2
Pg = M Z |xrrc[é+m5]| 5

m=0
where M is the number of samples in each subsequence. To
ensure comparability across offsets, the powers are normal-
ized as P
=
S Zz‘:o P
The reference sampling phase is then defined as

k* = arg max Py,

which corresponds to the offset best aligned with the symbol
peaks.

Rather than relying solely on this estimated optimal phase,
we introduce controlled sampling offsets to study the effect of
timing mismatch. The sampled symbol sequence is therefore
defined as

xs[k] = TpekS + k% + A, 3)

where A € {0,41,42,...} denotes an integer sampling
offset relative to the estimated optimal phase.

When A = 0, sampling aligns with the estimated optimal
instant, and the constellation points are tightly concentrated
around their ideal positions. For A # 0, the sampling instant
falls between two consecutive symbol periods, capturing
the signal during its transition from one constellation point
to the next. This introduces structured trajectory artifacts
in the constellation diagram, as the sampled values reflect
interpolated states between adjacent symbols rather than their
ideal locations, producing the point splitting and geometric
distortions visible in Figs. 3—4. The sampled sequence x[k]
is subsequently used to construct constellation diagrams or
density-based histogram representations that serve as inputs
to the neural network classifier.

B. Histogram Normalization

Constellation-like representations are obtained by mapping
I/Q samples onto two-dimensional histograms. The choice of
normalization is critical as it directly affects the preservation
of signal structure and discriminative features, especially
under low-SNR conditions. Two normalization strategies are
considered. The first applies a logarithmic compression fol-
lowed by max normalization. The log(l + z) or loglp
transform (natural logarithm) reduces the dynamic range of

histogram counts while preserving relative differences be-
tween bins, and the result is scaled by the maximum value to
constrain it to [0,1]. This approach enhances low-intensity
regions while avoiding domination by high-density bins.
The second strategy is used for RGB representations. The
histogram is first max-normalized to the range [0, 1], without
enforcing a probabilistic interpretation. A fixed colormap is
then applied to generate a three-channel RGB image, enabling
the network to exploit color-coded intensity variations. This
transformation can be interpreted as a structured nonlinear
embedding of density values into a higher-dimensional feature
space, improving separability for CNN-based learning and
enabling efficient channel-wise feature extraction [9].

Let H € RV*N denote the histogram with bin values H. i
and let ¢ > 0 ensure numerical stability. The logarithmic
normalization is defined as

log(1+ H)
maxm log(l + H,’J) + 6'

Hiog = @)

For the RGB representation, max normalization is given by
H

)
max; ; H; ; + €

Hrgb = @)

after which a colormap is applied to obtain the RGB image.

VII. VISUAL SIGNATURES AND RESULTS

Figures 3—4 illustrate IQ constellation diagrams for differ-
ent modulation schemes, obtained at the optimal sampling
instant as well as with sampling delays of +1, -1, and +2
samples. In order of appearance, the samples for BPSK are
distributed along the in-phase axis, while QPSK forms its
characteristic diamond-shaped constellation. The 8-PSK mod-
ulation produces circular patterns, whereas DQPSK results in
square-like structures. Finally, MSK shows convergence of
its ideal sampling points, while QAM constellations exhibit a
dispersion of points similar to additive white Gaussian noise
(AWGN). Across all modulation schemes, deviations from
the optimal sampling phase introduce structured distortions
consistent with inter-symbol interference (ISI), including con-
stellation spreading, point splitting, and trajectory deforma-
tion. These effects directly alter the density distribution of
histogram representations, leading to the observed degradation
in classification accuracy. Table III quantifies this effect for
two training configurations: training using only the optimal
sampling instant and training using the full waveform.

These experiments are conducted for both grayscale rep-
resentations with loglp normalization and RGB based repre-
sentations. In Table III, *Best sample’ refers to models trained
using only the optimal sampling instant, while ’All samples’
corresponds to training performed on the full waveform. The
test cases k*, k* + 1, k* + 2, etc., denote evaluation at the
optimal sampling phase and at increasing sampling offsets,
respectively. The results show that classification accuracy
degrades as the sampling offset increases. Furthermore, a
mismatch between training and evaluation conditions leads
to a significant performance drop. Validation is performed
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mod=bpsk SNR=None phi=None mod=bpsk SNR=None phi=None k=1

mod=gpsk SNR=None phi=None mod=qpsk SNR=None phi=None k=1

mod=8psk SNR=None phi=None mod=8psk SNR=None phi=None k=1

mod=dgpsk SNR=None phi=None mod=dqpsk SNR=None phi=None k=1

using both the optimal sampling instant and sampling delays
ranging from -1 to 4 samples. For reference, when both
training and validation are conducted on the full waveform,
the classification accuracies reach 99.7% and 99.5% for loglp
and RGB normalization, respectively. From these results,
several conclusions can be drawn. First, in applications where
communication parameters are known or can be accurately
estimated, high classification performance can be achieved
even with lightweight models, as opposed to the more com-

mod=bpsk SNR=None phi=None k=-1 mod=bpsk SNR=None phi=None k=2

mod=qpsk SNR=None phi=None k=-1 mod=gpsk SNR=None phi=None k=2

mod=8psk SNR=None phi=None k=-1 mod=8psk SNR=None phi=None k=2

mod=dqpsk SNR=None phi=None k=-1

Fig. 3: Constellation diagrams of BPSK, QPSK, 8-PSK, DQPSK (rows) for four sampling offsets k* = 0,1, —1,2 (columns)

mod=dgpsk SNR=None phi=None k=2

plex architectures typically employed in the literature. How-
ever, classification accuracy degrades as the sampling offset
increases or when the optimal sampling instant is incorrectly
selected. The results further highlight the importance of con-
sistency between training and inference conditions. Models
trained on full waveforms do not generalize effectively when
evaluated on single-sample representations, and conversely,
training on optimally sampled data does not ensure robustness
to sampling offsets. Overall, this work demonstrates that
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mod=msk SNR=None phi=None mod=msk SNR=None phi=None k=1

mod=msk SNR=None phi=None k=-1 mod=msk SNR=None phi=None k=2

mod=16gam SNR=None phi=None mod=16gam SNR=None phi=None k=1

TABLE III: Validation accuracy (%) under different training
strategies and sampling offsets. Here, k* denotes the optimal
sampling instant, and k* + A represents a sampling offset of
A samples. Gray denotes grayscale histogram representations
with loglp normalization.

Trained on Best sample All samples

Test case | Gray + Loglp | RGB | Gray + Loglp | RGB
A=0 96.0 95.8 77.9 74.8
A=-1 73.9 78.1 66.0 67.1
A=1 83.2 85.5 70.3 71.2
A=2 65.7 68.6 63.8 64.6
A=3 55.6 57.4 61.1 60.5
A=4 58.3 59 62.5 59.5

symbol sampling is not merely a preprocessing detail
but a key factor influencing the reliability of learning-
based modulation classifiers. From a practical perspective,
the results advocate for the consistent use of all available
samples during both training and inference, thereby leveraging
oversampling not only as a classical digital signal processing
technique but also as an effective strategy to improve robust-
ness in Al-based receivers.
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