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Abstract: Ultra-wideband systems expand the optical bandwidth in wavelength-division multi-
plexed (WDM) systems to provide increased capacity using the existing fiber infrastructure. In
ultra-wideband transmission, power is transferred from shorter-wavelength WDM channels to
longer-wavelength WDM channels due to inelastic inter-channel stimulated Raman scattering.
Thus, managing launch power is necessary to improve the overall data throughput. While the
launch power optimization problem can be solved by the particle swarm optimization method
it is sensitive to the objective value and requires intensive objective calculations. Hence, we
first propose a fast and accurate data-driven deep neural network-based physical layer in this
paper which can achieve 99% − 100% throughput compared to the semi-analytical approach with
more than 2 orders of magnitude improvement in computational time. To further reduce the
computational time, we propose an iterative greedy algorithm enabled by the inverse model to
well approximate a sub-optimal solution with less than 6% performance degradation but almost 3
orders of magnitude reduction in computational time.
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1. Introduction

The relentless growth in data traffic in optical fiber communication systems over the past decades
is driven by the increase of the internet services such as high-definition video streaming and the
Internet of things (IoT). To satisfy this increasing demand, developing new strategies has become
imperative. Generally, there are two main approaches: space-division multiplexing (SDM) [1]
and ultra-wideband (UWB) wavelength-division multiplexing (WDM) [2]. SDM involves using
multicore fiber (MCF) and multimode fiber (MMF), which spatially separate channels by using
independent cores and modes respectively. Although the SDM has been demonstrated to achieve
high throughput and long reach in optical fiber communication system, it still have much more
work to do to be competitive with the existing single-mode fiber (SMF) [1]. On the other hand,
the exploitation of the fiber transmission bandwidth beyond the conventional C−band combined
with erbium-doped fiber amplifiers (EDFA) and other newly developed optical amplifiers is a
more achievable solution [3].

The quality of transmission (QoT) of the optical fiber communication system can be calculated
by using the split-step Fourier method (SSFM) to numerically solve the Manakov equation. The
signal-to-noise ratio (SNR) is constrained due to a combination of the amplified spontaneous
emission (ASE) noise and the fiber nonlinearity associated with optical power. In UWB systems,
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interchannel stimulated Raman scattering (ISRS) has a significant impact on optical power,
causing power to shift from shorter to longer wavelengths, which must be taken into account.
It will further increase the time to obtain the numerical solution. The Gaussian noise (GN)
model derived from perturbation analysis can provide an efficient analytic approximation of fiber
nonlinear interference (NLI) [4]. The GN model with the presence of the ISRS can be found in
[5], which can account for arbitrary power profiles and wavelength-dependent fiber parameters.
The closed-form approximation of the ISRS GN model is proposed in [6], which provides a rapid
estimate without any time-consuming integral evaluations.

The launch power control strategies have recently attracted a lot of attention which is enabled
by the recent developments of accurate physical models. In [7], a simulated annealing (SA)
algorithm is proposed to search for the optimal power slopes and offsets of

(︁
C+L+S

)︁
−band. It has

been shown that managing power profiles by introducing a pre-tilt and an offset from dynamically
configuring amplifiers can improve the performance in

(︁
C + L

)︁
−band links and optical network

[8,9]. The key advantages of implementing the per wavelength launch power optimization
enhanced with the optimal allocation of modulated signal bandwidth in the UWB point-to-point
transmission systems have been recently demonstrated in [10,11]. Machine learning (ML) is
recently exploited to be a scalable and efficient approach in optical fiber communication systems
[12]. ML-based approaches are proposed to predict the characteristics of fiber-optic systems
including the stimulated Raman scattering effect in [13,14]. A launch power controlled, digital
twin assisted flat SNR optimization approach is proposed for

(︁
C+L

)︁
−band in [15].

This paper is an extension of the work we presented at the 2024 Optical Fiber Communications
Conference and Exhibition (OFC) [16]. We investigate the way to reduce the computational
complexity by using a surrogate model to replace the time-consuming physical layer calculations.
We propose a novel more effective deep neural network (DNN) based approach in conjunction
with particle swarm optimization (PSO) for launch power optimization in point-to-point optical
transmission to increase the overall throughput. We also investigate using the inverse model
to maximize the system throughput. Inverse models in modern photonics and optical fibre
communication systems attract much attention in optimizing system performance, designing
new devices, and compensating for various transmission impairments [17,18]. These models
essentially work by predicting the necessary input conditions or system configurations to achieve
a desired output, thereby reversing the conventional forward model. We implemented the inverse
physical layer model by gradient descent and applied an iterative greedy algorithm to solve the
throughput maximization problem. The performance is evaluated by bench-marking with the
numerical approach. The proposed approach is comparable with the numerical approach without
performance degradation and outperforms it in terms of computational complexity.

The paper is organized as follows: Section 2 discusses the detailed physical layer calculation
and the proposed DNN structure of the launch power optimization problem. Then, the launch
power optimization approaches considered in this paper are presented in Section 3. Section 4
contains the simulation setup and the performance evaluations of the proposed approach. Key
results are concluded in Section 5.

2. Physical layer

2.1. Analytical model

It is customary to introduce the effective SNR vector SNR ≜ SNR (fk) ∀ k = {1, . . . , Nch} under
the locally-white noise assumption can be decomposed as follows:

SNR (fk) ≈
P (fk)

σ2
ASE (fk) + σ

2
NLI (fk)

, (1)
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where fk is the relative frequency of k-th channel. The overall spectrum of ASE noise power for
all spans can be expressed as follows:

σ2
ASE (fk) = Nspan10NF (fk)/10 h

(︁
f0 + fk

)︁ [︁
G(Ls, fk) − 1

]︁
(1 + r)Rs, (2)

where NF stands for the noise figure , h is the Planck constant, f0 is the carrier signal frequency,
Ls is the fiber span length, and r is the roll-off factor, Rs is the symbol rate, and Nspan is the
number of identical fiber spans in a link. The ideal optical amplifier gain at the end of each
span can be defined as follows G (z, fk) ≜ P(0, fk) P−1(z, fk) (cf., [11, Eq. (7)]). Without loss of
generality, this assumption, i.e., identical spans and identical ideal lumped optical amplifiers, was
made to simplify computations at the physical layer. The NLI noise power can be represented as

σ2
NLI (fk) = η

(SPM)

kk P3(fk) + P(fk)
∑︂
l≠k
η
(XPM)

kl P2(fl) , (3)

where the matrix η ≜ ηkl ∀ {k, l} = {1, . . . , Nch} evaluates the amount of noise due to NLI
indicated in Fig. 2 and Nch is the total number of WDM channels. The approximate closed-form
expressions for self-phase modulation (SPM) η(SPM), cross-phase modulation (XPM) η(XPM) NLI
noise coefficients spectral profiles in Eq. (3) can be readily found in [6]. The impact of four-wave
mixing (FWM) is neglected owing to the presence of a large amount of chromatic dispersion in a
link.

Fig. 1. Wavelength-dependent (a) fiber attenuation and (b) Raman gain spectrum of the
standard single mode fiber (SMF)

To obtain the amplifier gain, which entirely compensates both the fibre loss and the power
spectral tilt due to and ISRS effect, one needs to solve the Raman coupled ordinary differential
equations (ODEs) [19]:

dP(z, fk)
dz

= −α(fk)P(z, fk) −
Nch∑︂

l=k+1

fl
fk

gR(|fl − fk |)P(z, fl)P(z, fk)

+

k−1∑︂
l=1

gR(|fl − fk |)P(z, fl)P(z, fk) ,

(4)

where gR(|fl − fk |) denotes the polarization-averaged Raman gain spectrum normalized by the
fiber effective mode area Aeff(fk) as a function of frequency separation and α(fk) is the fiber loss,
as shown in Fig. 1.
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Fig. 2. Schematics for SNR prediction using ISRS GN model with f -dependent parameters
Cr(fk), α(1)(fk) and α(2)(fk) in Eq. (6) by (1) numerically solving Raman ODEs followed a
nonlinear regression, (2) a fully-connected DNN, and (3) triangle-approximation.

Given the triangle approximation of the Raman gain spectrum, Eq. (4) has an approximated
analytical solution [20]:

G (z, fk) ≈
exp (α(fk) z)

Ptot exp (−fkCrLeffPtot)

∑︂
l

P (fk) exp
[︁
− (fk − fl)CrLeffPtot

]︁
, (5)

where Ptot =
∑︁Nch

k=1 P (fk) defines the total optical launch power, Cr is the Raman gain slope, and
Leff is the fiber effective length. Note that the approximation is not accurate sufficiently if the
overall modulated signal bandwidth exceeds 15 THz. In order to get the exact solution for Eq. (4),
one needs to numerically solve the coupled Raman ODEs via, e.g., the Runge-Kutta (RK) method.
It is customary to fit the obtained numerical solution as follows [6]:

G (z, fk) ≈
{︃ (︃

1 −
PtotfkCr (fk)
α(2)(fk)

)︃
exp

(︂
−α(1)(fk) z

)︂
+

PtotfkCr (fk)
α(2)(fk)

exp
[︂
−

(︂
α(1)(fk) + α(2)(fk)

)︂
z
]︂ }︃−1, (6)

where Cr(fk), α(1)(fk) and α(2)(fk) are the f−dependent nonlinear regression fitting parameters,
which account for the actual Raman gain spectrum.

The ultimate throughput is upper-bounded by the Shannon capacity of the additive white
Gaussian noise (AWGN) channel, it then reads

Ctot = 2Rs

Nch∑︂
k=1

log2
(︁
1 + SNR (fk)

)︁
. (7)

2.2. Deep neural network

In this paper, we propose to use a DNN to significantly reduce the computational time at the
physical layer as an efficient alternative method of numerically solving coupled Raman ODEs via
the Runge-Kutta (RK) method in conjunction with the nonlinear regression (NLR) to find the
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f−dependent parameters Cr(fk), α(1)(fk) and α(2)(fk) for closed-form ISRS GN model which is
conventionally a fairly time-consuming process. We also compare the closed-form ISRS GN
model with triangle-approximation. The process of above three cases can be described by the
schematic shown in Fig. 2. The DNN model can be potentially experimental data-driven if the
training data is the actual power evolution in the fiber to be used in a more practical scenario. In
this paper, we used only simulation data to train the DNN model, with details of data generation
and model training discussed in Section 4.

3. Launch power optimization

3.1. Particle swarm optimization

The impact of launch power on the system performance is nonlinear due to the presence of
fiber nonlinearity, such as the nonlinear inter-channel interference (the optical Kerr effect) and
ISRS. To maximize the system performance, an unconstrained Nch−dimensional non-convex
optimization problem needs to be solved [11,21], which can be expressed as follows:

Popt (fk) = arg max
P(fk)

Ctot, (8)

where Ctot is the total throughput of the nonlinear channel with launch power profile P (fk)
calculated by Eq. (7) as the objective function. Our goal is to find the optimal launch power
allocation Popt (fk) to maximize the total throughput. To tackle this problem, the global search
numerical optimization algorithms are vital. In this paper, we consider PSO [22], which can
effectively search for a good candidate with a near-optimal solution for a given objective. We
use the PSO provided by the global optimization toolbox of MATLAB. The PSO parameters we
set are as follows: the swarm size of 10 · Nch and the maximum iteration of 104 with a function
tolerance of 10−8.

3.2. Inverse model

The inverse physical layer model for fiber transmission, finding the desired power profile given a
target SNR, can be used to enhance the system performance. The schematic is shown in Fig. 3.
The inverse model can be implemented by the gradient descent as the closed-form ISRS GN
model is differentiable under triangle approximation. For the UWB system with a bandwidth
over 15 THz, the derivative can be approximated by replacing the fitted parameters. For a given
target SNR profile, the possible power profile that can achieve it can be found by the gradient
descent algorithm. The iteration update is given by:

∆P =
(︂
SNRtarget − SNR

)︂
· J−1, (9)

where J denotes the Jacobian matrix, which (i, j)-th entry is Jij =
∂SNR(fi)
∂P(fj)

representing the
derivative of the i-th channel SNR with respect to the j-th channel launch power. The launch
power profile P keeps updating as follows: P := P + µ∆P, whilst the iteration is proceeding until
the convergence is entirely achieved. The learning rate µ can be adapted as follows:

10−2 ≤ µ ≜
(︂
SNRtarget − SNR

)︂⊺ (︂
SNRtarget − SNR

)︂
· 10−3 ≤ 100 . (10)

3.3. Greedy algorithm

Unlike the PSO, the greedy algorithm is a simple, iterative heuristic to find the local optimum
[23]. It maximizes the data rate of each channel. For k-th channel, its target data rate Ctarget (fk)
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Algorithm 1. Greedy algorithm pseudocode

Fig. 3. Schematics for the inverse ISRS GN model.

will be increased 100 Gbps in every iteration until the overall target data rates Ctarget is not
achievable. The condition is determined by the convergence of the gradient descent algorithm in
Eq. (9). For the gradient descent algorithm, Ctarget and SNRtarget are convertible through Eq. (7).
In this paper, we set Ctarget to be an integer multiple of 100 Gbps which ∆C is equal to. The
impact of ∆C on the algorithm can be found in Section 4. Other than maximizing a single channel
per iteration, the complexity of the algorithm can be reduced by assigning multiple channels, in
which k will be a set of integers. The pseudocode is shown in Algorithm 1.

The order and amount of the selected channels in each iteration will affect the performance of
the greedy algorithm. Due to the SRS, the amplifier gain and ASE noise power vary across the
bandwidth and are larger in the S−band, so typically higher power needs to be assigned to the
S−band to account for it. Then, if maximizing S−band data rate first, the higher Ptot will stop the
algorithm from finding the optimal data rate for C− and L−band. Therefore, the greedy algorithm
starts from L−band. Maximizing a single channel by assigning more power can achieve a higher
SNR and data rate for itself but introduce higher NLI to its adjacent channels which will draw
the greedy algorithm away from the potential optimal solution. To avoid this, we can maximize
multiple adjacent channels or a sub-band of channels i.e., channel index k becomes a set of
integers.

4. Results

4.1. Simulation setup

In the simulation, we consider a 10 × 100 km optical long-haul transmission system within
(C + L + S) −band. The total modulated bandwidth is 20.2 THz from 185.95 THz to 206.15
THz following the ITU-T G.694.1 [24]. The frequency ranges of each band are set to 185.95
THz∼190.75 THz for L−band, 191.25 THz∼196.05 THz for C−band, and 196.55 THz∼206.15
THz for S−band, including a practically relevant 500 GHz S/C and C/L guard band. Each
channel is set to be modulated at a symbol rate of 96 GBd with a 100 GHz spacing in between,
given 48 channels in L−band, 48 channels in C−band, and 96 channels in S−band which has a
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total Nch = 192 WDM channels. We consider a flat noise figure spectrum for each band, which
are 7 dB for S−band, 4 dB for C−band, and 5 dB for L−band.

4.2. Performance analysis

The overall data contains Ndata = 1.2 · 104 launch power profiles from −12 to 12 dBm generated
by smoothed random Gaussian walk as input and the corresponding fitted parameters as labels.
The random Gaussian walk process can be described as, Pin (n) = Pin (n − 1) + wn, where Pin (n)
is the launch power at the n-th channel and wn ∼ N

(︁
0,σ2

W
)︁

is a zero-mean Gaussian distributed
random variable with a variance of σ2

W [25]. Pin is initiated from a uniform distribution [−12, 12]
dBm. The generated launch power profile is then smoothened by a box filter with a variable
length for adjustable smoothness. The excursion of the profile can be controlled by the variance
σ2

W . There is a total power constraint for the small ISRS assumption from the closed-form ISRS
GN model. Only the profiles that satisfy the total and boundary conditions will be used. The
Levenberg-Marquard algorithm is used to solve the NLR problem. The input power profiles and
fitted parameters were normalized with respect to their lower and upper bounds. We used 70%
data in the training process and the rest in the validation process, given that Ntrain = 8400 and
Nvalidation = 3600. We optimize the hyper-parameters of the DNN by means of the tree-structured
Parzen estimator (TPE) algorithm implemented in Optuna [26]. It is followed by a multi-objective
optimization of validation MAE and number of floating-point operations per second (FLOPs) to
balance the trade-off between the accuracy and inference time. The search space and optimized
values for the hyper-parameters are provided in the Table 1. The trials searched by multi-objective
Optuna are shown in Fig. 4(a) and the Pareto front is labeled by a red dashed line. The parameters
in the yellow marked trail are selected. The optimized DNN has an architecture of an input layer
with 192 neurons corresponding to the launch power profile for each channel, 4 hidden layers
with 400 neurons per layer following the sigmoid activation function, and an output layer with
576 neurons to predict the 3 parameters of each channel. The Adam optimizer with a learning
rate of 2.47 · 10−4 is used. The training process contains 1300 epochs and a batch size of 112.
Given the mean absolute error (MAE) and mean squared error (MSE), we consider the MAE
between the predicted and labeled fitted parameters as the loss. The training and validation curve
of the DNN with selected parameters are shown in Fig. 4(b).

Fig. 4. (a) MAE and FLOPs of trails searched by Optuna; (b) training and validation curve
of the DNN with selected parameters

We compare the mean SNR achieved by the launch power profiles from the validation dataset
in one span calculated by using labels, predictions, and triangle approximation in Fig. 5(a) and
the corresponding MAE of the SNR with respect to the value calculated from labels in Fig. 5(b).
The maximum MAE of SNR along all channels is always less than 0.034 dB which provides an
accurate prediction for the proposed DNN. If we apply the triangle-approximation beyond 15 THz,
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Table 1. Hyper-parameters search space and its optimal values (where “∈” means a set
membership, e.g., Nn is an integer between 100 and 1000 with an increment of 50)

Hyper-parameters Notation Search space Optimal value

# of hidden layers Nℓ {Nℓ ∈ [1, 6] and Nℓ ∈ Z } 4

# of neurons per layer Nn
{︂

Nn ∈ [100, 1000] and Nn
50 ∈ Z

}︂
400

Activation function - {Relu, Sigmoid, Tanh} Sigmoid

Optimizer - {Adam, SGD} Adam

Learning rate l
{︁
l ∈

[︁
10−5, 10−1]︁}︁ 2.47 · 10−4

# of epochs NE
{︂

NE ∈ [100, 1500] and NE
100 ∈ Z

}︂
1300

Batch size B {B ∈ Z | B ≠ 0 : Ntrain mod B = 0} 112

Loss function - {MAE, MSE} MAE

the mean SNR will have a maximum of 1.20 dB and an average of 0.36 dB deviation in S−band,
a maximum of 0.45 dB and an average of 0.31 dB deviation in C−band, and a maximum of 1.43
dB and an average of 0.97 dB deviation in L−band. For the launch power optimization problem,
we first compare the performance of PSO with different physical layer models, RK+NLR, DNN,
and Triangle-approx. One of the initial swarm for the PSO is given as the optimal flat launch
power found by sweeping from −12 to 12 dBm and others are generated uniformly at random.
PSO is converged as the relative change in the objective function value is less than the function
tolerance. The optimized launch power profiles are shown in Fig. 6(a). The optimized launch
power profile by DNN is well aligned with the one by RK+NLR. The relatively scattered launch
powers at S−band can be explained by the large validation MAE of the DNN at the corresponding
wavelengths. However, the PSO with triangle-approx is far from the optimal value misled by the
incorrect approximation of the ASE and NLI noise power. The SNR of the optimized launch
power profiles are shown in Fig. 6(a) which supports that DNN can be considered a feasible
replacement model for the RK+NLR.

Fig. 5. Performance evaluation of RK+NLR, proposed DNN, and triangle-approximation
on: (a) mean SNR per channel of the validation dataset; (b) MAE of the mean SNR with
respect to the labeled dataset

The inverse physical layer model using DNN for the given target SNR is demonstrated in Fig. 7.
In Fig. 7(a) and 7(b), we consider the scenario with a flat 4 dB NF and flat target SNR across
the entire bandwidth. The target SNR profiles are shown as dashed lines and can be increased
from 5.1 to 12.3 dB to achieve 400 to 800 Gbps data rate per channel. The inverse physical
layer model will fail to converge if the target SNR is not achievable or the desired power profile
exceeds the bound. We then re-evaluate the launch power profiles found by the inverse physical



Research Article Vol. 32, No. 22 / 21 Oct 2024 / Optics Express 38650

Fig. 6. Performance evaluation of RK+NLR, proposed DNN, and triangle-approximation
on: (a) flat and optimized launch power profiles by PSO and (b) the corresponding SNR.

layer model through RK+NLR method as shown by the scattered points in Fig. 7(a). The case
that has different NF per band, 7 dB for S−band, 4 dB for C−band, and 5 dB for L−band, is
investigated in Fig. 7(c) and 7(d). The maximum achievable flat data rate per channel is 700
Gbps. The inverse physical layer model can effectively find the desired power profile to achieve a
target SNR with the ripple always less than 0.1 dB.

Fig. 7. (a) SNRtarget and SNR with flat noise figure; (b) launch power profile found by the
inverse model; different noise figure for each band in (c) and (d).

For the greedy algorithm, we compare two cases: applying the DNN and triangle-approximation
in the inverse physical layer model. We first find the optimal number of channels per sub-band to
balance the achievable throughput and computational time of the greedy algorithm as shown in
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Fig. 8(a) and 8(b). Given 6 channels per sub-band for both cases, the greedy algorithm can be
completed with fewer iterations and avoid converging to a bad local optimum. The throughput
gap between the greedy algorithm with the DNN and the PSO with RK+NLR is caused by the
∆C of 100 Gbps. This difference can be reduced by decreasing ∆C, however, it will require an
extra computational time as shown in Fig. 8(c). The bad performance of the greedy algorithm
with triangle-approximation is caused by the difference between SNRtarget evaluated under
triangle-approximation and SNR re-evaluated using RK+NLR approach. Given the optimal
number of channels per sub-band, the target and achieved SNR of the greedy algorithm with
the DNN are shown in Fig. 9(a) and the desired launch power profile is shown in Fig. 9(b). The
results of the greedy algorithm with triangle-approximation are shown in Fig. 9(c) and 9(d).

Fig. 8. (a) Achievable throughput and (b) computational time of the greedy algorithm with
different number of channels per sub-band and (c) achievable throughput with different ∆C
at 6 channels per sub-band.

Then, we compared the achieved throughput and the computation time of all the approaches
discussed in this paper: the PSO with the physical layer model using (1) RK+NLR, (2) the
DNN, (3) triangle-approximation, and the greedy algorithm using with the inverse physical layer
model using (4) the DNN and (5) triangle-approximation. The throughput values achieved by
the optimized launch power profiles through all approaches are 176.6, 176.3, 171.6, 166.8, and
153.3 Tbps for cases 1, 2, 3, 4, and 5 respectively re-evaluated by RK+NLR approach as shown
in Fig. 10(a). The throughput achieved by the PSO with the DNN and triangle-approximation
has less than 1% and around 3% difference, compared to PSO with RK+NLR respectively.
The greedy algorithm with the DNN can achieve a difference lower than 6% throughput of
the PSO with RK+NLR, but with triangle-approximation can only achieve around 13%. The
computational time taken by each approach is shown in Fig. 10(b). Every approach runs on a
machine with a 3.0 GHZ 8-core CPU under the same conditions. Using a DNN in the physical
layer can reduce the time in seconds by more than 2 orders of magnitudes without performance
degradation. A DNN also enables fast calculation of the inverse model and the greedy algorithm
for a fast approximation of optimal solution with a time reduction of almost 3 orders of magnitudes
in seconds.



Research Article Vol. 32, No. 22 / 21 Oct 2024 / Optics Express 38652

Fig. 9. (a, c) Optimal SNR and (b, d) power profile found by the greedy algorithm using
DNN and Tri-approx respectively with considering 6 channels per sub-band.

Fig. 10. (a) Achieved throughput and (b) computational time of PSO with physical layer
models using (1), (2), and (3) and greedy algorithm with inverse physical layer models using
(4) and (5).
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5. Discussions and conclusion

In this work, we made assumptions to simplify the physical layer of our simulations, such as
identical spans and ideal lumped amplification. Within these assumptions, the launch power
profile at the beginning of each span as well as the lumped amplifier gain profile at the end of
each fibre span remain the same throughout the transmission. Hence, the overall ASE noise
power linearly scales with the number of fibre span Nspan (see, Eq. (2)). The power-dependent
NLI coefficients η(SPM) and η(XPM) are assumed to be the same for each span with only one
evaluation needed for any arbitrary launch power profile. The total NLI coefficients can be
modelled as a coherent accumulation process over multiple spans with a given coherence factor ϵ
[4, Eq. (22)]. Since the DNN model is trained with launch power profiles generated via a smooth
Gaussian random-walk process, the accuracy of the DNN model mentioned in this paper can still
be achieved for any arbitrary amplifier gain profiles and any different values of launch power per
span. A non-identical multi-span transmission can be modelled as a multiplication of unique
DNN-based models, which must be specifically trained accounting for the fibre span parameters.

We presented an effective launch power assignment approach for UWB systems for combining
effective learning capabilities from surrogate machine learning models with realistic optical
transmission physical layer modeling. The proposed DNN model with PSO has achieved a near-
optimal launch power profile exhibiting the potential of a DNN to learn from the power-dependent
and f−dependent physical layer. Moreover, the proposed approach has significantly reduced
the computational time by a magnitude of 2 compared to conventional physical layer estimation
using numerical methods while the accuracy is preserved within the range of 99% − 100%. The
proposed iterative greedy algorithm enabled by the inverse physical layer model using a DNN
can effectively find the sub-optimal solutions with less than 6% performance degradation and
substantial time reduction close to 3 orders of magnitude. In real optical networks, multiple
fiber links in the topology increase the complexity of the launch power optimization problem
significantly. The proposed greedy algorithm with the DNN approach might be deemed as a
power-management tool, which can be potentially applied for dynamic UWB optical networks to
attain higher throughput and lower margin values.
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