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Abstract—This paper describes deep learning models based
on convolutional neural networks applied to the problem of
predicting EM wave propagation over rural terrain. A surface
integral equation formulation, solved with the method of moments
and accelerated using the Fast Far Field approximation, is used
to generate synthetic training data which comprises path loss
computed over randomly generated 1D terrain profiles. These
are used to train two networks, one based on fractal profiles and
one based on profiles generated using a Gaussian process. The
models show excellent agreement when applied to test profiles
generated using the same statistical process used to create the
training data and very good accuracy when applied to real life
problems.

Index Terms—Propagation, rural, method of moments, surface
integral equation, FAFFA, machine learning, convolutional neural
network.

I. INTRODUCTION

The modelling of EM wave propagation over terrain is
a central problem of wireless network design. The physical
scale of the problem has meant that radio planners have
historically relied on empirical curve-fitting approaches [1]
or knife edge models [2]. More accurate formulations, based
on for example, surface integral equations (IE) exist [3], but
are slow if un-accelerated. A variety of acceleration techniques
exist, most notably the Fast Far Field Approximation (FAFFA)
[4]. These computational efficiencies can be optimised using
the Tabulated Interaction Method (TIM) [5], [6] which offers
rapid, accurate simulation but is currently somewhat restricted
in its formulation to relatively smooth surfaces. The purpose
of this paper is to develop a model which, like the TIM, is
both a) similar in accuracy to the FAFFA and b) an order of
magnitude faster to implement. Crucially we seek to develop
a model which is capable of being extended to more general
problems in the future, an extension which is difficult for the
TIM. Machine learning (ML) potentially offers a framework
to achieve this goal. It has been widely applied to propagation
problems in recent years, including propagation in indoor [7],
[8] and urban [9]–[12] scenarios. Rural deployments have also
been considered such as in [13]–[15] some based on relatively
simple propagation models and others on the parabolic equation
method [16]. In this work we seek to develop an accurate site-
specific model, that is one that can take in specific terrain height

information as input and generate predictions for path loss along
that particular profile. A key issue facing all ML techniques
is access to representative, accurate training data in sufficient
quantity to produce reliable models. This is particularly an issue
in propagation modelling, where measured data is expensive
in terms of hardware and man-hours. A popular alternative
is to use synthetic data based on simulation, as was done in
several of the works cited above. This is the approach taken
in this paper too, whereby propagation over tens of thousands
of realistic profiles is efficiently analysed using the FAFFA.
These data constitute a training set which can then be used to
develop an accurate, yet computationally efficient, ML model.
Synthetic data is justified in this instance on the reasonable
basis that integral equation models have demonstrated very
good agreement with measured data [3]. In any event, several
comparisons to measured data are presented in section V so that
the reader can gauge the performance. The paper is organised
as follows. Section II briefly describes the surface electric field
integral equation and its efficient solution via the method of
moments and FAFFA algorithm. The process used to develop
the data sets is presented in section III while the development
of the ML models is described in IV. Results are presented
in section V and we close with conclusions and an outline of
potential future work in section VI.

II. EFIE FORMULATION

In order to generate training data the path loss over a set
of artificially synthesised terrain profiles is computed. The
Electric Field Integral Equation (EFIE), solved with the method
of moments, is used to compute the path loss over each profile.
Figure (1) depicts a 2D problem where TMz incident fields
emanate from a line source and impinge on a 1D surface. A
time variation of eȷωt is assumed and suppressed. For ease of
implementation the terrain is assumed to be perfectly reflecting
in this paper, a reasonable assumption at grazing incidence,
but this is not a fundamental restriction and will be relaxed in
future work. Under these assumptions the total field, Et

z at a
general point r above the terrain surface can be written as

Et
z (r⃗) = Es

z (r⃗) + Ei
z (r⃗) , (1)



Fig. 1. Geometry for the EFIE

where Ei
z is the known incident field, i.e the field from the

source that would exist in the absence of the scatterer while
Es

z is the unknown scattered field caused by the presence of
the terrain. The scattered field can be expressed in terms of an
integral involving the surface electric current, Jz , as

Es
z (r⃗) = −k0η0

4

∫
C

Jz (r⃗
′)H

(2)
0 (k0 |r⃗ − r⃗′|) dl′, (2)

where the integral takes place over the boundary of the scatterer
(in this case the terrain surface) and H

(2)
0 is a zero-order Hankel

function of the second kind. Applying the boundary condition
of zero tangential fields for a point r⃗ on the scatterer surface
yields the following equation for Jz

Ei
z (r⃗) =

k0η0
4

∫
C

Jz (r⃗
′)H

(2)
0 (k0 |r⃗ − r⃗′|) dl′. (3)

The method of moments is used to discretise the EFIE. The
surface current is expanded using N pulse basis functions, fn,
as

Jz (r⃗) ≃
N∑

n=1

jnfn (r⃗) , (4)

and point matching is applied at the basis domain centres to
obtain a N ×N dense linear system

Zj = v. (5)

Equation (5) can be solved in a variety of ways but it is
computationally very expensive to do so when one considers
that N can be of the order of hundreds of thousands for a
typical profile at radio frequencies. Assuming forward scattering
(approximating Z as a lower-triangular matrix) allows (5) to
be solved using a straightforward, but slow, process of back
substitution given by

Zmmjm = Vm −
∑
n<m

Zmnjn for m = 1 . . . N. (6)

Forward scattering is a reasonable assumption for the gen-
tly undulating terrain profiles considered in this paper, but
nonetheless is an approximation that will be relaxed in future
work.

A. FAFFA Acceleration

Solution via (6) is effective but very slow and not suitable for
the generation of training data which requires path-loss analysis
for thousands of profiles. To expedite the process the Fast Far
Field Approximation (FAFFA) was implemented. The FAFFA

proceeds by assembling local collections of neighbouring pulse
basis functions into M groups. With such a decomposition (6)
can be equivalently written as

Zmmjm = Vm −
∑
l′<l

∑
n∈Gl′

Zmnjn −
∑

n∈Gl,n<m

Zmnjn (7)

for l = 1 . . .M,m ∈ l.

The essence of the FAFFA is to replace the independent
interactions between individual basis functions in separate
groups with approximate interactions written in terms of a
small number of computations that are extensively re-used.
The approximation can be derived with reference to figure (2).
Pulse basis functions m and n are situated in two groups, Gl

Fig. 2. Geometry for the FAFFA

and Gl′ with group centres l and l′ respectively. A simple
consideration of the geometry shows that

|r⃗mn| ≃ |r⃗ln| − r⃗ml · r̂ln (8)
≃ |r⃗ln| − r⃗ml · r̂ll′ , (9)

which for |r⃗mn| large allows the associated matrix element to
be approximated as

Zmn ≃ Zlne
ȷk0r⃗ml·r̂ll′ . (10)

Inserting this into (7) yields

Zmmjm = Vm −
∑
l′<l

eȷk0r⃗ml·r̂ll′
∑

n∈Gl′

Zlnjn

−
∑

n∈Gl,n<m

Zmnjn. (11)

for l = 1 . . .M,m ∈ l. The key computational advantage of
the FAFFA is that for each pair of groups Gl and Gl′ once the
summation

∑
n∈l′ Zlnjn, representing the fields scattered from

group Gl′ to the centre of group Gl, has been computed it can
then be stored and repeatedly used to efficiently approximate
the fields scattered from group Gl′ to every point m in group Gl.
In practice the groups are linear segments connecting sampled
terrain heights. Consequently the final sum on the right hand
side of (11), representing the interactions within a group, takes
the form of a discrete convolution which can be efficiently
computed using a Fast Fourier Transform, yielding an additional
saving. Once the surface current has been computed using (11)
total fields, and thus path-loss, at selected points above the
terrain profile can be computed using (1) and (2). Finally, in
order to use this 2D simulation to make real-world predictions,
the total electric field at each point is multiplied by 1√

R
, where



R is the distance from the transmitter. This ensures that the
power density decays as 1

R2 in free space, and serves as a
heuristic conversion from a 2D field to a 3D field so as to best
compare to measured data.

III. MACHINE LEARNING DATA SET

Synthetic data was created and used to develop two distinct
ML models. In both cases this involved randomly creating 8000
profiles and solving for the electric field at sampled locations
above each profile. In order to focus on an examination of the
ability of ML to model the physical scattering effects of the
terrain we kept some parameters constant in each realisation.
These parameters were frequency (assued to be 970MHz),
transmitter height and location (10.4m over the leftmost terrain
point), and receiver height (2.4m over the terrain at sampled
points 50m apart). Each profile comprised 256 sampled (x, y)
values where x is range (in increments of 50m) and y is height
(chosen randomly in one of two ways, outlined below). The
FAFFA was applied to efficiently solve for the fields at the
sampled receiver locations. Each of the 8000 elements of the
data set thus comprised 256 (x, y) points denoting the field
point locations and a vector of 256 corresponding path loss
values in dB. We developed two distinct ML models, one
trained using synthetic profiles which were realisations of a
Gaussian random process, while the second was trained using
realisations created using a fractal-generating algorithm.

The first model, referred to as MLGP , was based on a data
set of size 8000 created using profiles which were realisations
of a Gaussian random process. The root mean square height was
set to 20m while the correlation length was 800m. The second
model, referred to as MLF was based on a data set of size
8000 created using profiles which were random fractals created
using the Diamond-Square algorithm [17] with variance set to
30 and fractal parameter H = 1.2. Some typical realisations
(along with model validation results) for both profile types are
shown in Fig. (4).

IV. ML MODEL DEVELOPMENT

The goal of the machine learning model is to predict a
D-dimensional path loss profile associated with a given D
dimensional terrain profile. In this case D refers to the number
of 50m linear segments used to describe the profile. Here,
we propose to use a deep neural network, fθ : RD → RD,
with parameters θ and train it using stochastic gradient
methods on the synthetic training data. There are various model
architectures that could be used for this, including convolutional
neural networks (CNN), recurrent neural networks (RNN), and
Transformer-based architectures. In this work we opted for a
CNN based model, as unlike RNNs, these models can produce
the entire path loss profile in a single pass and are often simpler
to train than Transformer-based approaches. The network
architecture is shown in Fig. 3 and is based on U-Net [18],
which is widely used in medical image and general semantic
segmentation. The architecture is modified to handle 1D signals
by replacing all 2D convolutional and batch normalization
layers with their 1D counterparts. Three dropout layers (p = 1

2 )

are also added to around the central bottleneck (after the 3rd and
4th downsampling layers and after the first upsampling layer)
to provide regularization and reduce overfitting. Upsampling is
done by linear interpolation without transposed convolutions.
The output layer of the network produces a single scalar value
for each input and no activation function is used on this
layer. We reduce the number of parameters in the network
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Fig. 3. Network Architecture

by approximately 50% by halving the number of channels on
the internal layers when compared to the original U-Net model.
We also widen the kernel size on the initial two convolution
layers from 3 to 11 to provide more spatial context.

A. Adam Optimiser, calibration and data augmentation

The network was trained using a mean squared error loss
function for 25 epochs over the training data using the Adam
optimiser [19] with an initial learning rate of 10−2 and a
weight decay λ = 10−5. The batch size was set to 128. The
model is evaluated on the validation set after each epoch
and the model with the lowest validation loss is retained for
testing. The learning rate is stepped down by a factor of 10
when the validation loss has not reduced for 10 epochs. The
initialization and batch normalization layers in neural networks
are typically calibrated so that the output layer produces values
that are approximately distributed according to a standard
normal distribution before training. If left unchanged, this will
cause the loss value to be very large in the early epochs, as
the average value of the target is approximately -134 dB. To
compensate, we set the bias value of the output layer to -
134dB, which makes the network have an error close to that
of a regressor that always produces the mean value (around
630 dB2). This accelerates training since the network does not
need to spend a long time during training moving the network
predictions towards the range and scale of the targets. Since the
path loss is independent of the absolute height of the terrain
profile and source/receiver points, (in that it only depends
on the relative distance between the totality of points), the
network should produce a result that is invariant to changes in
the absolute height of the input profile. To encourage this, we
perform random data augmentation at training time to modify
the absolute height of the input profile (keeping the relative
vertical displacement of the source and receivers fixed at 10.4m



and 2.4m respectively). Specifically, we add a random scalar
ϵ ∼ N (0, 30) to each input before passing it through the
network. Other possible approaches to making the network
produce outputs that are invariant to profile height shifts are
to either normalize the profile to always start at height 0, or
to use the profile derivatives as inputs instead of the profile
heights. Empirically, however, we found the data augmentation
approach more effective, likely because this approach also
provides a degree of additional regularization.

B. Uncertainty prediction

In addition to a point prediction of the path loss, in some
applications it is useful to also provide an estimation of the
uncertainty of the predictions. To facilitate this, we also trained
a variation of the networks that also estimates the variance by
modifying the network to produce two outputs:

µθ(x) = fθ(x)1, log σ2
θ(x) = fθ(x)2, (12)

where now fθ : RD = RD×2 and the model predicts the log
of the variance to ensure that the predicted variance is always
positive. Assuming that the distribution of the target conditioned
on the terrain profile p(y | x) ∼ N (µθ(x), σθ(x)I) gives a
negative log likelihood loss of:

− log p(y | x) = 1

2

D∑
k=1

(
(yk − µθ(x)k)

2

σ2
θ(x)k

+ log σ2
θ(x)k

)
.

(13)
This variant of the model is again trained to minimize the
expected value of the above loss using stochastic estimates on
batches of size 128. It takes 3 times longer to train than the
version that only produces point estimates (75 epochs).

C. Computation times and Validation

Both model variants are relatively fast to train, requiring
less than 5 minutes (NVIDIA GeForce RTX 3090). Inference
takes approximately 2ms per profile on both GPU and CPU
hardware (AMD Ryzen 9 5950x). Inference can also be done
in batches, leading to approximately 10-20× better throughput
in our experiments (batch size 128). In each case the 8000
profiles were randomly split into 7500 for model development
and 500 for validation. Fig. (4) shows some randomly selected
validation tests. Two examples with Gaussian profiles are shown
on the left while the right shows two examples of fractal profiles.
The results show the ability of the ML model to accurately
solve problems involving profiles of the same type.

V. RESULTS

The validation results of section IV-C confirm that the ML
model can rapidly reproduce the predictions of a full-wave EM
solver with good accuracy when applied to profiles of a similar
type (i.e. Gaussian or fractal). To be of use in radio planning the
models must generalise and be applicable to more general real-
world profiles. To do this we ran the trained models for several
profiles for which measured data was available. The results are
shown in Figs (5). The terrain profile is shown on top while
the bottom plot shows the measured path gain and predictions

Fig. 4. Validation examples for MLGP (left) and MLF (right). In each case
profile is on top (red) while FAFFA (black) and MLF ,MLGP (red) pathloss
predictions are below.

using the FAFFA, the two ML models and a knife edge model
based on Deygout’s method. Good agreement for the two ML
models is noted with MF , the model based on fractal data,
outperforming MGP the model based on Gaussian profiles.
This is perhaps un-surprising given the fractal-like appearance
of real terrain profiles. Table I provides statistics about the
performance of the models. ϵF and σF are average error and
standard deviation of ML predictions relative to the FAFFA
predictions, while ϵM and σM are statistics (for all models)
based on a comparison to the measured data. In the context of
the ML models the most important data are arguably ϵF and σF .
This is because the ML models are trained on the FAFFA model
and not the measurements. The FAFFA prediction thus serves as
the upper-bound on their performance and their ability to match
the measured data is thus limited to the performance of the
FAFFA model. Any enhanced agreement with measurements
over that of FAFFA, while superficially welcome, would not
necessarily be reproduced for other profiles and could not
be considered indicative of an enhanced predictive capability.
Nonetheless it should be noted that, when compared to the
measurements, both ML models have accuracy which is similar
to the FAFFA, while having a greatly reduced computational
burden which is similar to the knife edge model. Finally Fig.

TABLE I
MODEL ERROR STATISTICS

Model Hjorringvej Jerslev

ϵF σF ϵM σM ϵF σF ϵM σM

MLF 1.6 6.49 7.41 6.15 0.51 3.19 3 5.68
MLGP 0.34 7.66 6.15 6.68 5.14 6.4 7.63 7.11
FAFFA - - 5.81 7.42 - - 2.49 6.39
Deygout - - 14.11 9.41 - - 9.79 8.03

(6) shows an example of the MLF prediction for a real profile,
where the uncertainty interval is shown in grey (extending
to two standard deviations around the MLF prediction in
red). The computation of the model variance in the model is
discussed in section (IV-B).



Fig. 5. Profile and Path loss for Hjorringvej (top 2) and Jerslev (bottom 2).

Fig. 6. MLF prediction (red) with uncertainty regions (grey) for Hjorringvej
profile. FAFFA prediction in blue.

VI. CONCLUSIONS AND FUTURE WORK

This paper has presented two ML models for predicting
path loss over rural terrain. The ML models are based on
deep learning convolutional networks trained with synthetic
data. The training data was obtained by generating path loss
over thousands of randomly generated profiles, which were
generated using either a Gaussian process or a fractal-generating
algorithm. The training path loss data was obtained using the
FAFFA, an accelerated method of moments solver. In both
cases the agreement between the ML models and the validation

data was excellent. When applied to real life profiles the model
trained on fractal profiles was more accurate with both ML
models outperforming a knife edge model. Future work will
concentrate on identifying a more representative data set and
developing a more general model (which will be valid for
multiple frequencies, arbitrary transmitter and receiver heights
etc).
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