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Executive Summary 
Overview 

This deliverable recapitulates the data augmentation techniques and the concept of multi-band (MB) optical 
networks. The general description of data augmentation and its features are presented. The data 
augmentation technique is not only promising for generating synthetic data but also helps reduce the training 
complexity of neural networks (NN). In particular, the investigation focuses on the data augmentation used in 
NN-based optical equalisers. It has been proven that with data augmentation, the dataset size required is 
reduced. The data used in MB networks can be limited because it is beyond the most common band (C-band). 
Therefore, data augmentation becomes useful to generate synthetic data. 
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1. NN-Based Equalisers and its Challenges 
The demand for high-speed data transmission keeps increasing due to upcoming technologies (6G [1], etc.). 
Coherent optical systems have emerged as a key solution to meet this demand. Nonetheless, the presence of 
linear and especially nonlinear distortions in fibre-optic systems limits the achievable information rates [2, 3, 
4]. Various digital signal processing (DSP) techniques have been proposed for nonlinear effects mitigation in 
long-haul systems [3]. Neural networks (NNs) have recently emerged as an effective alternative for channel 
equalisation: the NNs have demonstrated excellent capability to approximate the inverse of the optical 
channel transfer function, potentially outperforming conventional DSP approaches [5, 6, 7]. NNs are 
intrinsically nonlinear, thus they work well with the type of effects that occur in optical networks. Figure 1 is 
an example of the NN-based equaliser’s diagram. However, major challenges still arise, for example, high 
computational complexity and low generalisability. To reduce the computational complexity, there are both 
direct and indirect ways and both in the training and the inference phases. For the training phase, reducing 
complexity is crucial for the efficient and practical deployment of hardware with limited resources. We can 
obtain the lower complexity by various methods, namely, transfer learning or approaches to improve 
generalisation, such as data augmentation, domain randomisation, and semi-supervised learning. For the 
inference phase, different techniques to reduce the computational complexity are: pruning, quantisation, 
knowledge distillation and weight clustering. In this report, we focus on data augmentation. 

 

Figure 1: An example of the NN-based equaliser. 

2.  Data Augmentation  
Data augmentation allows datasets to be more diverse and representative by artificially generating additional 
data points from existing data [8]. This method increases the size of a training dataset by applying various 
transformations to the existing data. With more diverse training data points, the model can the better 
performance and generalisation, resulting in a less-overfitting model. To provide an obvious example of data 
augmentation, we can consider an image as our data. Data augmentation techniques of the images can be 
rotation, cropping, flipping, colour space and noise injection [9]. Figure 2 illustrates the images with the data 
augmentation techniques. For the optical fibre network, data augmentation has also been applied to different 
applications, such as failure management [10] and nonlinear mitigation [11].  
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Figure 2: Examples of colour augmentations tested by [12]. 

Features of Data Augmentation 
1. To increase the training data: Many applications do not have access to big data, and with the 

supervised training, it is data-driven. With data augmentation, the number of training samples can be 
expanded significantly. It is beneficial especially when the original dataset is limited or imbalanced. 
More training data assists the model in capturing a broader range of patterns. 

2. To improve the robustness: Data augmentation introduces variations to the training data. The different 
variations in data help the model to be more robust to changes in the unseen data, improving the 
generalisability. 

3. To reduce the overfitting: With data augmentation, the model learns to focus on the important 
features and becomes less sensitive to irrelevant variations in the data because by adding noises to 
the data, the model learns more diversity in the training data. 

4. To reduce the training complexity: Data augmentation can indirectly reduce the training complexity. 
Ref. [10] shows a modified training dataset can reduce the training time of NN. The model can 
converge faster when the training data is effective. The augmented data provides a more 
comprehensive representation of the real-world variations, allowing the model to generalise better 
with a potentially simpler model structure. 

5. To save computational resources in the inference phase:  Ref. [10] demonstrates that a good quality 
training dataset obtained using data augmentation can save computational resources. 

Data Augmentation in NN-based Equalisers 
Data augmentation used in optical NN-based equalisers is a technique to improve equalisation performance 
and decrease the training complexity of supervised learning in nonlinearity mitigation. In the supervised 
learning tasks, normally a large training dataset is required. The model will also need to be re-trained when 
the channel conditions change. However, big data collection can be challenging.  The efficient use of a limited 
dataset is more desirable for practical implementation. It has been demonstrated that data augmentation 
reduces the size of the dataset up to 6 times while maintaining the optical performance [11]. Data 
augmentation enhances the diversity of the dataset by generating new artificial input samples from the original 
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ones. The model for nonlinear mitigation in optical coherent transmission systems with data augmentation 
has proven to require fewer parameters and, consequently, converges faster, as shown in [11] for the NN 
equalisers. Note that data augmentation is also applied in other sections of optical communications, for 
example, predicting failures [13], failure management [10] and traffic peculiarities [14]. 

In nonlinear mitigation, the NN aims to predict the transmitted signal 𝑢𝑢(0, 𝑡𝑡),  from the received one 𝑢𝑢(𝑧𝑧, 𝑡𝑡). 
The dataset then follows the Manakov equations which describe the averaged evolution of a dual-polarised 
(DP) optical signal along an optical fiber link: 

𝜕𝜕𝑢𝑢ℎ/𝑣𝑣

𝜕𝜕𝜕𝜕
=
−𝛼𝛼(𝑧𝑧)

2
𝑢𝑢ℎ/𝑣𝑣 − 𝑖𝑖

𝛽𝛽2(𝑧𝑧)
2

𝜕𝜕2𝑢𝑢ℎ/𝑣𝑣

𝜕𝜕𝑡𝑡2
+ 𝑖𝑖

8𝛾𝛾(𝑧𝑧)
9

(|𝑢𝑢ℎ|2 + |𝑢𝑢𝑣𝑣|2)𝑢𝑢ℎ/𝑣𝑣 +  𝜉𝜉(𝑧𝑧, 𝑡𝑡) 

Where 𝑢𝑢ℎ(𝑧𝑧, 𝑡𝑡) and 𝑢𝑢𝑣𝑣(𝑧𝑧, 𝑡𝑡) are the horizontal (h) and vertical (v) polarisations of the optical signal waveform 
𝑢𝑢(𝑧𝑧, 𝑡𝑡),  𝛼𝛼(𝑧𝑧) is the attenuation, 𝛽𝛽2(𝑧𝑧) is the group velocity dispersion (GVD) coefficient, 𝛾𝛾(𝑧𝑧)) is the effective 
nonlinear coefficient and 𝜉𝜉(𝑧𝑧, 𝑡𝑡) is the amplified spontaneous emission (ASE) noise injected by optical 
amplifiers.  

For the data augmentation in this case from Ref. [11], the signal is transformed by three methods: 

1. the discrete phase shift: (Δ𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑) − �𝑢𝑢�ℎ/𝑣𝑣(0, 𝑡𝑡)𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖 ,  𝑢𝑢�ℎ/𝑣𝑣(𝑧𝑧, 𝑡𝑡)𝑒𝑒𝑒𝑒𝑒𝑒𝑖𝑖𝑖𝑖�, ∀𝜑𝜑 ∈ �0, 𝜋𝜋
2

,𝜋𝜋, 3𝜋𝜋
2
� 

2. the time-inversion: (𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖) − �𝑢𝑢ℎ/𝑣𝑣(0,−𝑡𝑡),𝑢𝑢ℎ/𝑣𝑣(𝑧𝑧,−𝑡𝑡)� 
3. the polarisation swapping: �𝐻𝐻/𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠� − {𝑢𝑢𝑢𝑢↔𝑣𝑣(0, 𝑡𝑡),𝑢𝑢ℎ↔𝑣𝑣(𝑧𝑧, 𝑡𝑡)}. 

Ref. [11] proposed to do the transformation of the dataset at every training epoch by replacing a randomly 
chosen part of the original dataset with the data points generated by the data augmentation methods 
mentioned. A randomly chosen discrete phase shift Δ𝜑𝜑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 is applied to every dataset object, while the time-
inversion 𝑡𝑡𝑖𝑖𝑖𝑖𝑖𝑖  and polarisation swapping 𝐻𝐻/𝑉𝑉𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 are applied separately to randomly chosen halves of the 
dataset objects. 

 

Figure 3: Data augmentation in numerical setup [11]. 
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Figure 4: Data augmentation in experimental setup [11]. 

Figure 3 and Figure 4 show the integration of the data augmentation scheme in the numerical and 
experimental setup, respectively. To augment the received signal features, like nonlinear perturbation triplets 
(NPTs), one can, the transformations (AUG) in Figure 3 can be applied to the received signal 𝑢𝑢(𝑧𝑧, 𝑡𝑡) and then 
perform the feature extraction (FE). It is worth noting that this data augmentation is used after conventional 
digital signal processing (DSP). 

Their results in Figure 5 (numerical) and Figure 6 (experimental) show the BER for different training data size 
(𝑁𝑁𝑡𝑡𝑡𝑡) without data augmentation (pure data) and with data augmentation (joint aug). The dashed line 
illustrated the BER before nonlinear compensation (NLC). Note that in the experimental study, the time-
inversion was excluded.  

 
Figure 5: Numerical study of the dependence of BER (after SL-
NLC) on the size of dataset [11]. 

 
Figure 6: Experimental study of the dependence of BER after SL-
NLC on the size of dataset [11]. 

 
For the numerical case, the joint augmentation showed the same BER achieved when the dataset is 6 times 
smaller than the pure dataset. In the experiment, the reduction of the dataset size by 4 times is obtained by 
the joint augmentation and it still maintains the same BER after the DNN [11]. 
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3. Multi-Band Optical Networks 
Due to the increasing IP traffic demand resulting from 5G, high-capacity access traffic and cloud services, the 
backbone optical network infrastructure can be loaded. Therefore, the per-fibre throughput enabled by the 
coherent transmission technologies is no longer sufficient to support the envisioned IP traffic explosion [15]. 
To upgrade the infrastructures to deal with the insufficient per-fibre throughput without deploying new fibres, 
multi-band (MB) transmission can be a promising solution. MB maximises the per-fibre transmission by 
exploiting spectral bands beyond the C-band which are O, E, S, and L bands. MB aims to transmit the signal 
over the entire low-loss optical spectrum of single-mode fibres (SMF), which is in the range from 1260 nm to 
1625 nm. With different bands, the nonlinearity and the fibre loss vary.  

MB networks utilise multiple optical bands to transmit signals through wavelength division multiplexing in 
SMF. This technology enables the networks to achieve an optical bandwidth up to ten times greater than 
conventional systems, which are limited to using only the C-band. The primary objective of MB is to maximise 
the return on investment for existing optical infrastructure. Already, the extension to the L-band is 
commercially available [16]. Despite the degradation of the generalised optical signal-to-noise ratio (GSNR) 
caused by using more bands in the C-band, MB-based systems can handle larger data traffic [17]. However, to 
expand to other bands, factors like fibre loss, dispersion, and nonlinearity of each band need to be carefully 
considered. In Figure 9, the dispersion and fibre loss characteristics of each band are depicted, revealing that 
the C and L bands have the lowest fibre loss, while the E band exhibits the least dispersion. 

 

Figure 7 : Loss (red line) and dispersion (green line) characteristics in each optical band [16]. 

When considering throughput, the addition of more bands has the potential to increase overall data transfer 
rates. However, it is important to note that simply widening the band may not always guarantee higher 
capacity due to limitations imposed by nonlinearity and fibre loss. Figure 6, as referenced in [16], illustrates 
the relationship between total throughput, channel number, and the contribution of the next-channel 
information rate. The combined C+L band offers higher throughput. Incorporating the S-band appears to 
increase throughput efficiently. Nonetheless, the attractiveness of the E-band diminishes after accounting for 
its range, as the added channels do not significantly enhance throughput. Notably, the O-band did not 
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demonstrate a noticeable improvement in throughput, aligning with similar trends found in other studies [18] 
[19]. 

 

Figure 8: Red solid line: total system throughput vs. number of WDM channels at the end of a 10x100km SMF link. Channels are 
progressively added in the bands shown by the band indicator at the bottom of the figure. Red dashed line: linear extrapolation with 

same slope as for the C band. Green dots: bits/symbol carried by the next added channels; dashes: smoothed version [16]. 

Ref. [20] shows the simulation of MB. The entire physical configuration of the multiband setup is depicted in 
Figure 9. To generate the WDM (wavelength division multiplexing) comb, a 32-GBaud 16QAM transmitter is 
employed, encompassing the L-, C-, and S- frequency bands. Each pulse within the system has a bandwidth of 
60 GHz, and a raised cosine filter with a roll-off factor of 0.06 is utilised. The propagation of the optical signal 
as it travels through the optical fibre is controlled by the Generalized Non-Linear Schrödinger Equation 
(GNLSE). 

 

Figure 9: Physical layout of the multiband setup 

4. Data Augmentation for Multi Band Optical Networks 
The data collection in MB optical networks is computationally expensive [20] in the simulation and in the 
experimental, it is still not as available as in the original C-band. The modelling of MB consists of both linear 
and non-linear effects. The researchers have proposed a variety of MB simulators using different models to 
simulate the SRS effects and other nonlinear impairments, for example, Gaussian Noise model and Split step 
methods. Split-step Fourier Method (SSFM) is one of the most popular models to solve the nonlinear 
Schrodinger equation in optical networks. When there is an increment in bandwidth, the SSFM method can be 
more challenging due to smaller step size requirements and increased computation complexity [20]. However, 
to work with machine learning or NN, a large enough dataset is crucial for a data-driven model. With the 
computational complexity and the limitation in the data generation/collection in the MB system, data 
augmentation can be a promising solution to increase the dataset size in MB systems. 
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CONCLUSION 
Data augmentation has shown to be one promising way in generating synthetic data and in reducing the 
training complexity of the NN-based equalisers. It is very powerful in decreasing the dataset size for the NN to 
train on and still results in the same level of performance. The benefits of data augmentation have been 
presented. With the MB structure, more nonlinearity is introduced. Adding more bands can lead to more 
throughput but it is not necessary that the wider band provides more throughput due to the nonlinearity and 
fibre attenuation. The training of the data-driven NN-based equalisers can be more challenging. Also, data 
collection in MB optical networks is computationally expensive. Therefore, data augmentation can be a 
promising solution to increase the dataset size in MB systems and reduce the training complexity. 
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