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ABSTRACT

The Sentinel-1 (S-1) microwave measurements pose a unique
opportunity for estimating forest parameters from satellite
time series with increased data availability from overlapping
orbits. Leveraging data from different orbits comes with
varying viewing geometries and acquisition schedules, which
can be considered in artificial neural networks.

We adapt a transformer architecture for mapping the full
S-1 data against median forest height values. By doing so, we
propose per-orbit temporal encoders to handle different acqui-
sition times by position, missing data by attention masking,
and the addition of viewing geometry context.

We show that our adjustments improve performance, with
a greater impact of the additional data and a slight improve-
ment in the masking. By optimizing the hyperparameters, our
proposed method achieves a preliminary RMSE of 5.9 m and
an rRMSE of 35 % in predicting the per-pixel vertical median
forest height.

Index Terms— SAR, SENTINEL-1, MULTI ORBIT,
TRANSFORMER

1. INTRODUCTION

The temporal dynamics of S-1 have great value in providing
timely interpolation on forest parameters such as top height,
mean height, cover, distribution, and density derived from
aerial laser scanning (ALS), as the satellite-based sensors ex-
cel in temporal-spatial coverage. However, considerations
must be made based on the employed model because of differ-
ent viewing angles and acquisition times. In recent studies on
the estimation of forest parameters, S-1 is joined with optical
imagery from Sentinel-2 (S-2) in a U-Net, concluding infe-
rior performance of only S-1 and a minor increase in accu-
racy from S-2 only when adding S-1 [1]. While topographic
artifacts and the speckle effect are named as challenging, the
temporal frequency of S-1 time series is reduced when aligned

with the less frequent S-2 acquisition dates. Similarly, S-1
showed poor variable importance as temporal statistics from
leaf-on acquisitions in a Random Forest (RF) approach inter-
polating GEDI variables [2]. In contrast, [3] showed the value
of the temporal dimension of S-1 data with a Long Short-
Term Memory (LSTM) approach, which utilizes 97 scenes
over five years to characterize forest metrics from S1 alone.

Recent works comparing Random Forest (RF), Convolutional-
and Recurrent Neural Networks (CNN, RNN), and trans-
former architectures in mapping field crops with S-2 demon-
strated the potential of using raw time series. For example,
[4] achieved good performance and merits in preprocessed
data, as well as the ability of an RNN and transformer model
to detect and ignore missing information, such as cloud ob-
struction in optical images.

In this study, we strive to leverage the dynamics of all
available overlapping orbits within a deep-learning approach
to estimate the median forest height from ALS point clouds.
In the context of computation cost, we adapt a Lightweight
Transformer Attention Encoder (LTAE) architecture [5] to
leverage the full S-1 time series and propose alterations to its
specific challenges:

• splitting the variables so that each attention head is fed
into one of the orbit’s data,

• per-head time positions to take into account each orbits’
acquisition scheme by hour-of-year,

• masking in the attention mechanism for missing values
in the time series,

• and the addition of context to the sensor’s perceived
topography.

2. DATA AND METHODS

The dataset used for this study comprises Sentinel-1 (S-1) and
ALS data from 2017 spanning the southern Hainich National
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Fig. 1. Architecture of the LTAE adapted with per-head po-
sition (p1-p4), attention mask to handle missing data and
adding auxiliary data before concatenation.

Park (HNP), Thuringia, Germany, which consists of mostly
deciduous beech forest with few small patches of conifers.
S-1 was processed locally to γ0RTC at 10 m spacing with a
DEM from aerial laser scanning (ALS, ©GDI-Th, Freistaat
Thueringen, TLBG) data as this showed better consistency
of data from different orbits [6]. The S-1 data consists of
simultaneously measured VH and VV polarized backscatter
over 4 orbits with, on average, 60 acquisitions per orbit with
an interval of 1 image/6 days, gathered by S-1A and B, with
each orbit at shifted phases. The ALS data served as refer-
ence data, from which the per-pixel vertical median vegeta-
tion height with values ranging between 0 m and 40 m with a
mean of 17.5 m were calculated. Sampling was done in a spa-
tially separated fashion to have spatially distinct areas without
overlap in the auxiliary data for training, validation and hold-
out samples. A constraint was sampling data with less than 30
missing values per pixel in VH or VV. After stratification and
binning, the data was divided into training, validation, and test
data sets with respectively 60%, 20%, and 20%. Due to the
small sample size in the three highest stratification bins, the
considered vertical median forest height ranges from 0 m to
34 m. The time series and vertical median forest height were
scaled between 0 and 1, missing values were set to -1, and the
time stamp of missing values was set to 0.

We chose the LTAE architecture because of its lower num-
ber of neurons within neural networks, which lessens the gen-
erally high computational cost compared to established ma-
chine learning methods. Along with efforts to reduce model
size in the LTAE by using the mean query instead of calcu-
lating it for each time step [5], we saw the splitting of input
variables on several low-dimensional heads to process each
variable in a separate attention mechanism fitting for the data
characteristics at hand.

We made several adjustments to the model proposed in
[5] for the application of single-pixel regression of S-1, as

Table 1. Parameters covered by the gridsearch.
Parameter Values

Attn masking True, False*
Auxil. data True*, False

In Dim 4, 8, 16*
N Head 4, 8, 16*
H Dim 4, 8*, 16

Dropout 0.0*, 0.1
Loss Fn RMSE, Huber loss*

Batch size 64*, 128, 256

depicted in Figure 1:

• embedding was changed to a continuous value embed-
ding (CVE) [7] for the input of pixel time series,

• the position, which gives the transformer context of the
temporal sequence of the input values, was adjusted to
be separate in each head to enable processing of differ-
ent orbits,

• a per-head attention mask was added into the scaled dot
product to allow missing values in the input data,

• the pixel area was added as auxiliary data for the con-
text of the viewing geometry for each sample by a 3x3
window embedded in a 2D convolutional layer.

The hyperparameter grid search was carried out with a
fixed learning rate at 0.001 over values given in Table 1 us-
ing three differently sampled datasets. After 30 epochs, the
models were evaluated via the RMSE on the validation data.
The best-performing parameters were then used to train a final
model with 100 epochs to evaluate against the holdout data.

3. RESULTS

The hyperparameter search resulted in 3888 models, whose
performance in predicting median forest height was measured
RMSE against the validation data in Figure 2 shows that the
masking only marginally impacts performance, while the ad-
dition of the pixel area as auxiliary data shows visible im-
provement. Within the best 100 scores, 51 were achieved by
applying the mask, whereas all utilized the auxiliary data. In-
creasing the dimensionality of the model by InDim of the
CVE and the number of heads generally improves the per-
formance. At the same time, the H dim shows only a slight
increase from 4 to higher numbers. Further, RMSE as a loss
function, dropout of 0, and smaller batch sizes lead to better
performance.

Using the best parameters marked with (*) in Table 1
achieved an RMSE of 5.9 m and an rRMSE of 35 %, pre-
dicting the vertical median tree height compared to a holdout
dataset in Figure 3.
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Fig. 2. Comparison of the grid search parameters, with the
adaptations of attention masking and the factor of the auxil-
iary data in the first row, followed by dimensional parameters
and general training parameters of the loss function and batch
size. All compare the 3888 iterations split by the choice of
the respective parameter. The Y-axis is limited between 0.1
and 0.9 percentile for better visibility.

The low impact of the mask can be attributed to the above-
mentioned sample filtering to prefer samples with less than
30 missing values. Additionally, missing values are distinct
without employing the attention mask, with values set to -1
and separated by the position argument set to 0. Including
the auxiliary data led to an improved performance for the in-
vestigated parameters. However, besides providing additional
information, the auxiliary factor also contributed to increased
model size, which can be attributed to the embedding via the
convolution layer. The dimension of the model is first set
by InDim, controlling the number of dimensions for each
variable embedded by the CVE. The input dimension of the
transformer follows then InDim ∗Orbits ∗ V ariables with
Orbits = 4 and V ariables = 2. Higher dimensions and a
larger number of heads N heads lead to a more flexible model
and better performance on the training data but also increase
the risk of over-fitting. When N Head is set to 4, the model

Fig. 3. Evaluation of per-pixel holdout-predictions versus ref-
erence data with the best parameters from the grid search.
Lighter shades display more pixels falling into hexagonal bins
in the plot coordinates.

lacks the flexibility to generalize effectively on the data. Con-
versely, when N Head increases from 8 to 16, the enhanced
model flexibility yields marginal performance improvements.
Dropout shows a slight negative impact as a measure against
over-fitting that randomly blocks weights in the network. The
lower performance of the Huber loss is probably due to the
lower penalization of larger errors compared to using RMSE
as a loss function.

The final model clusters values along the 1:1 line with a
tendency to over-estimate vertical median forest height and
finally under-estimate predictions above 25 m, seemingly sat-
urating at high values. The results are prone to the displayed
scattering with the current per-pixel approach.

4. DISCUSSION

We show the preliminary results of a transformer architecture
to integrate overlapping orbits of S-1. Improvements to the
current setup could be tackled by a longer time series as input
instead of just one year, pre-training of the models [8]. Fur-
ther, as shown in [4], preprocessing improves performance,
which can also be included in the workflow, for example, a
temporal smoothening by decomposition of the time signal
[9]. Another approach for separating variables in time se-
ries data is taken in [7] by triplet embedding of time-variable-
value while this complicates the later adding the per-orbit aux
data. With respect to the dataset, spatial aggregation is ex-
pected to remedy the current straying in the evaluation, and
reasonable trade-offs between spatial resolution and perfor-
mance are to be explored.

While this work presents intermediate results within a
spatially small dataset of the relative performance of our ad-
justments to the architecture, the proposed changes are not
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limited to the transformer architecture. They are currently
implemented in RNN and CNN to gain a broader comparison
of the proposed adaptations. The current setup supplying
acquisition time and missing data masks per variable and per
sample also opens up the straightforward combination of raw
time series from multiple satellite sensors, which suits the
increasingly data-driven field of remote sensing.
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