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ABSTRACT
Detecting and quantifying changes is crucial for monitoring transformations of the Earth’s 
surface. It is thus essential to employ methods that can effectively retrieve both 2D and 3D 
changes over time. The MultiTask Bitemporal Images Transformer (MTBIT) was recently intro
duced to tackle 2D and 3D Change Detection (CD) tasks using bi-temporal optical images. 
Despite strong performances on existing benchmarks, MTBIT shows some limitations, i.e. a 
pronounced tendency to overfit the training distribution and difficulty in inferring extreme 
values, which motivates the need for improvements. We hence propose a new set of custom 
augmentations, applied individually or in specific combinations, to discern intricate geometries 
small structures and subtle terrain changes. Furthermore, to address conventional evaluation 
metrics' limitations we introduce the true positive RMSE (tpRMSE) metric which provides a 
more comprehensive understanding of MTBIT efficacy. The most successful augmentation 
combination reduces cRMSE to 5.88 m and tpRMSE to 5.34 m, from 6.33 m and 5.60 m of the 
baseline, respectively. Finally, a first zero-shot learning experiment is carried out on a new small 
dataset, achieving promising improvements towards domain generalization. In summary, the 
proposed contributions enhance the practical utility and reliability of MTBIT in real-world appli
cations, addressing critical challenges in the field of Remote Sensing CD.
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Introduction

Remote Sensing Change Detection (RSCD) refers to 
methods and algorithms employed to identify changes 
among scenes of the same area captured in different 
epochs (Hayet et al., 2020). Remote sensing (RS) data 
are indeed an essential source for large-scale and reg
ular estimation of changes affecting Earth’s surface 
(Hafner, Ban, et al., 2022), whose analysis constitutes 
a preliminary step for understanding relationships and 
interactions between human actions and natural phe
nomena (Lu et al., 2004).

In particular, 3D Change Detection (3D CD) com
prehends all the methods able to retrieve the quanti
tative 3D (volumetric/elevation) changes between two 
or more epochs and not simply the 2D (footprint) 
extent of the areas affected by the changes (Coletta 
et al., 2022; Marsocci, Coletta, et al., 2023; Qin et al.,  
2016). 3D CD has versatile applications in fields such 
as environmental monitoring, urban planning, ecol
ogy, and civil engineering, for tasks ranging from 
urban development assessment to ecological monitor
ing and disaster evaluation (Qin et al., 2016).

In this context, the applications of Artificial 
Intelligence (AI) are continuously increasing, ranging 
from the initial processing of the imagery to high-level  

data understanding and knowledge extraction (Zhang 
& Zhang, 2022). In particular, an ever-increasing 
number of researchers are currently employing Deep 
Learning (DL) for RSCD tasks, due to its better per
formance over conventional CD methods (Bai et al.,  
2022), with significant advantages in automation and 
accuracy (M. Xu et al., 2023).

For instance, the impressive results of Vision 
Transformers (Vits) (Dosovitskiy et al., 2020) and 
Diffusion Models (Yang et al., 2024) in solving com
puter vision tasks have recently led researchers in 
employing these two families of architectures also for 
RSCD (Bandara et al., 2022; Chen, Qi, et al., 2022; 
C. Chen et al., 2021; Marsocci, Gonthier, et al.,  
2023). Moreover, Vision Foundation Models 
(VFMs), such as Segment Anything Model (SAM) 
(Kirillov et al., 2023) and Contrastive Language- 
Image Pre-training (CLIP) (Radford et al., 2021), 
have lately emerged and gained great attention thanks 
to their ability to leverage the general knowledge 
gained in “metascale” datasets (Ding et al., 2024) to 
solve specific downstream tasks in computer vision 
applications through their fine-tuning on small specia
lized datasets. Only recently, VFMs have been applied 
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to the 2D CD of very high-resolution RS images (K. 
Chen et al., 2023; Ding et al., 2024; Dong et al., 2024).

Recently, the MultiTask Bitemporal Images 
Transformer (MTBIT) (Marsocci, Coletta, et al.,  
2023), a neural network belonging to the family of 
ViTs (Dosovitskiy et al., 2020), has been proposed to 
simultaneously solve the 2D and 3D CD tasks from bi- 
temporal optical images, thus without the need to rely 
on elevation data during the inference phase. MTBIT 
showed promising performances in the 3D CD task, 
laying the foundations for the development of DL 
algorithms able to automatically produce 3D CD 
maps (raster maps containing the quantitative changes 
in elevation) together with standard 2D CD maps 
(raster maps identifying the horizontal extent of the 
areas affected by the elevation changes) (Figure 1) 
(Marsocci, Gonthier, et al., 2023).

Despite robust performances in in-domain infer
ence tasks, MTBIT’s capacity to adapt to new, out-of- 
domain data remains limited, primarily due to 
a pronounced tendency of the network to overfit the 
training distribution (Marsocci, Coletta, et al., 2023). 
This phenomenon limits the ability of the model to 
perform effectively in zero-shot scenarios, where no 
specific domain information is provided. Specifically, 
zero-shot learning in computer vision is a paradigm 
where a model is trained to recognize scenes, objects 
and/or changes (when talking about CD more speci
fically (Chen, Yokoya, et al., 2023; Zheng et al., 2024)) 
it has never been seen during the training phase. 
Unlike traditional supervised learning, where models 
are trained on a predefined set of categories or 
a specific domain, zero-shot learning enables a CV 
system to generalize to new, unseen classes or domains 
at inference time. To address these limits and to 
enhance the practical utility of the network, in this 
work we present our efforts to increase the general
ization performances (i.e. in- and out-of-domain per
formance) of MTBIT through the proposal of a new 
set of custom augmentations.

It is well known that the performances of a DL 
network strongly depend on the amount and on the 
quality of the available training data, which, however, 
are often onerous to collect (Fuentes Reyes et al., 2023; 

M. Xu et al., 2023). Moreover, the production of 
annotated bi-temporal 2D/3D datasets is especially 
problematic, both for the double effort required for 
labeling the dataset and for the difficulties in finding 
multimodal data available in the same area in – as 
much as possible – contemporary epochs (Fuentes 
Reyes et al., 2023).

A significant effort has already been made in this 
regard to build the 3DCD dataset (Coletta et al., 2022; 
Marsocci, Gonthier, et al., 2023), on which MTBIT was 
originally trained. The 3DCD dataset consists of 
a relatively limited number of images, but, at the moment 
of writing, it remains one of the only two benchmarks 
(the other being SMARS (Fuentes Reyes et al., 2023)) 
providing 2D/3D multimodal and multitemporal data 
suitable for training and evaluating DL algorithms in RS 
2D/3D CD, and the only one including real data. Given 
the aforementioned difficulties with the expansion of the 
3DCD dataset, this study hence focuses on the proposal 
of a new set of custom augmentations to improve the 
generalization capabilities of MTBIT.

Data augmentation is a technique commonly used 
in DL to artificially expand the dataset by applying 
various transformations to the existing training data to 
produce new and modified versions of the original 
training samples. Data augmentation increases, thus, 
the variability of the training set, helping the network 
to generalize better to unseen data and to be more 
robust to the overfitting phenomenon (M. Xu et al.,  
2023; Zhu et al., 2023a). Despite the demonstrated 
effectiveness of such augmentation techniques, few 
contributions developed specific custom augmenta
tions, especially to address CD.

Specifically, we implemented several augmentation 
strategies to help MTBIT predict subtle terrain 
changes and difficult-to-detect geometries such as, 
but not limited to, small newly constructed or demol
ished buildings and low road embankments. To our 
knowledge, besides some standard augmentation 
methods like the ones available in (Buslaev et al.,  
2020; PyTorch, n.d.), there are no augmentation stra
tegies specifically conceived for the 3D CD task.

Furthermore, in this work, we also address the eva
luation of MTBIT CD performances, a fundamental 

Figure 1. An example from the Avila dataset: (a) 2010 RGB image, (b) 2017 RGB image, (c) 2D CD map (the pixels affected by 
a change in elevation have a value of 1 and are shown in white), (d) 3D CD map: the color bar is expressed in meters.
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step to correctly assess the effects of the implemented 
set of custom augmentations. The limitations of the 
standard Root Mean Squared Error (RMSE) metric 
were already reported in (Marsocci, Coletta, et al.,  
2023), where the change RMSE (cRMSE) was proposed 
as a new 3D CD metric. In the cRMSE, the error is 
computed considering all the pixels of the predicted 3D 
CD map, and then, it is normalized with respect to the 
number of pixels affected by an actual change (i.e. the 
number of ground truth pixels affected by a change). 
Nonetheless, even if the cRMSE is more sensitive to the 
detected 3D changes than the standard RMSE, it still 
gives a partial understanding of the actual performance 
of the network on the 3D CD task. For this reason, we 
propose a new metric, namely the true positive RMSE 
(tpRMSE), where the error is computed considering 
just the pixels affected by an actual elevation change 
and then it is normalized with respect to the number of 
changing pixels.

Contributions of the work

The main contributions of this work can be summar
ized as follows:

● we propose a new custom set of augmentations, 
specifically implemented for the 3D CD task, 
capable of improving the in- and out-of-domain 
performances of MTBIT;

● we introduce a new metric, the tpRMSE, for 
a more complete evaluation of MTBIT perfor
mances on the 3D CD task;

● we test the generalization capabilities of MTBIT 
in a zero-shot scenario, with and without the 
application of the proposed set of augmentations, 
assessing its performances on the 3D CD Avila 
dataset, a new test set with respect to the 3DCD 
dataset (Coletta et al., 2022) used to train the 
model.

Related works

Unimodal and multimodal change detection

3D CD has recently gained great attention due to its 
capability of providing valuable information about 
volumetric dynamics (Fuentes Reyes et al., 2023; 
Marsocci, Gonthier, et al., 2023; Qin et al., 2016). 3D 
CD comprehends all the methods able to retrieve the 
quantitative 3D (volumetric/elevation) changes that 
occur among two or more epochs by analyzing 
remote sensing data captured at different times. In 
this context, the possibility of increasing the data 
sources for a timely and accurate monitoring of 
changes is invaluable. Under these circumstances, 
multimodality has attracted a growing interest in the 
RS community, as it enables the retrieval of a greater 

amount of – heterogeneous – information (Chen, 
Song, et al., 2023; Ghasem Abdi et al., 2017). 
Different multimodality approaches have been pro
posed moieez 2023, employing Digital Surface 
Models (DSMs) (Rottensteiner et al., 2012), aerial 
images (Emmanuel Fundisi et al., 2022), RADAR 
images (Emmanuel Fundisi et al., 2022; Hafner, 
Nascetti, et al., 2022), including also land cover maps 
(Hong et al., 2023) and other types of ancillary data 
(e.g. street views (Deuser et al., 2023), vector data 
(Audebert et al., 2017), geographical coordinates 
(Marsocci, Coletta, et al., 2023)). However, none of 
them considers multi-temporal data, preventing the 
application of CD techniques. Indeed, while unimodal 
CD (also known as homogeneous CD), i.e. the task of 
detecting changes from multitemporal images col
lected by the same kind of sensors has been widely 
studied over the past decades, and relatively few stu
dies have been conducted on multimodal CD (Chen, 
Yokoya, et al., 2022; K. Chen et al., 2023). In multi
modal CD, the pre-change and post-change images 
are collected by sensors with different acquisition 
modes, like in the case of multispectral and SAR sen
sors. Multimodal images are thus characterized by 
different statistical distributions, channel numbers, 
and noise levels (Chen, Yokoya, et al., 2023) and in 
this scenario it is challenging to achieve accurate CD 
results using methodologies developed specifically for 
unimodal imagery (H. Chen, Yokoya, et al., 2022). 
A few promising approaches have been recently pro
posed for multimodal CD, from data fusion (Hafner, 
Ban, et al., 2022) to the exploitation of modality- 
invariant structural relationships (Y. Sun et al., 2021,  
2022, H. Chen, Yokoya, et al., 2022), and some of them 
have also been successfully applied to unimodal CD 
(Y. Sun et al., 2022). Nevertheless, a review of multi
modal CD approaches is beyond the scope of this 
paper, since our task can be categorized as 
a unimodal CD multi-task application: our bi- 
temporal input images are indeed captured with the 
same – optical – modality (see Section 3 for the details) 
and are used to produce both the 2D and 3D CD maps.

On the other hand, numerous studies address 
unimodal 2D (or footprint) CD using various 
approaches (Bai et al., 2022; Bandara & Patel, 2022; 
Bing Liu et al., 2023; Chen, Yokoya, et al., 2022; Daudt 
et al., 2018; Shuwen Xu et al., 2020), ranging from 
diffusion models (Bandara et al., 2022) to self- 
supervised learning (Leenstra et al., 2021), and, more 
recently, leveraging the latent knowledge of VFMs 
(Chen, Song, et al., 2023; Ding et al., 2024). 
Moreover, the available datasets are growing both in 
number (Shafique et al., 2022) and features (Shi et al.,  
2022), ranging across diverse possible applications 
such as disaster assessment (Baldi et al., 2005; 
Ghuffar et al., 2013), coastal-line monitoring, urban 
development (Malpica et al., 2013; Menderes et al.,  
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2015; Taneja et al., 2011) and crop monitoring (Bendig 
et al., 2013; Liu et al., 2022).

Concerning 3D CD, two alternative approaches are 
generally used to retrieve 3D changes: the DSM dif
ference and the cloud-to-cloud distance (Coletta et al.,  
2022; Qin et al., 2016; Shirowzhan et al., 2019; Stilla & 
Xu, 2023). MTBIT employs the first method: 3D CD 
maps are DSM difference maps. 3D CD maps convey 
the elevation change information in the same raster 
format as 2D CD maps, thus they can be easily inte
grated into standard 2D CD pipelines, whereas the 
unordered and irregular natures of point cloud data 
makes the extraction of the information they carry 
more difficult (Coletta et al., 2022).

Another line of research involves generating syn
thetic datasets, useful for obtaining large-scale datasets 
without the need for expensive ground truth (such as 
LiDAR data) (Song et al., 2023). Among these recent 
works, SMARS (Fuentes Reyes et al., 2023) stands out, 
offering an extensive cross-domain synthetic dataset 
with 2D and DSMs, as well as land cover maps.

However, in terms of algorithms for resolving the 
3D CD task, MTBIT (Marsocci, Gonthier, et al., 2023) 
remains at the time of writing the only effective 
method, albeit with the previously highlighted 
limitations.

Data augmentation for remote sensing

Data augmentation has proven to be a useful techni
que in the majority of DL applications (Shorten & 
Khoshgoftaar, 2019). Indeed, data augmentation 
helps prevent overfitting, even when dealing with 
a limited number of images in the dataset (Oubara 
et al., 2022). Moreover, in recent years, it has been 
crucial for specific techniques, such as self-supervised 
learning (Marsocci et al., 2021).

Also in RS, this practice has gained significant 
adoption in recent years (Hao et al., 2023; Lalitha & 
Latha, 2022; Oubara et al., 2022; M. Xu et al., 2023), 
with data augmentation approaches that can vary 
depending on the task (Xingrui Yu et al., 2017) or on 
the methodology (Lv et al., 2021). For example, data 
augmentation has been used in the field of image scene 
classification with Convolutional Neural Networks 
(CNNs) (Shawky et al., 2020). In (Haut et al., 2019), 
random occlusion data augmentation was used for 
hyperspectral image classification. By combining 
three-dimensional models of aircraft, with remote sen
sing images (Yan et al., 2019), produced simulated 
images to improve the positive sample information 
of the dataset. Moreover, Xiao et al., 2021 integrates 
ship simulation data and utilizes a neural-style transfer 
network to create an extensive set of transformed 
remote sensing ship images.

For CD, some approaches based on mosaic simula
tion and haze image simulation (Wang et al., 2023), 

generative methods (Zhu et al., 2023b), and text 
descriptors (Chen et al., 2021) have been recently 
proposed. In addition, several data augmentation 
techniques have been proposed for zero-shot transfer, 
from data-warping, to simulation-based methods, and 
deep-generative-model-based methods (B. Xu et al.,  
2022) (X. Sun et al., 2021). However, to our knowl
edge, specific augmentations for 3D CD are not yet 
available, even though they are fundamental to 
improving generalization and performance, as we 
will show in the remainder of this paper.

The 3DCD datasets

3DCD dataset

MTBIT was trained on the 3DCD dataset (Coletta 
et al., 2022) which covers the area of Valladolid in 
the 2010 and 2017 epochs. The 3DCD dataset is com
posed of 472 pairs of RGB images cropped from opti
cal aerial orthophotos with a size of 400 � 400 pixels 
and a Ground Sampling Distance (GSD) of 0.5 m, 472 
2D CD maps in raster format (GSD 0.5 m) and 472 3D 
CD maps in raster format (GSD 1 m) (Coletta et al.,  
2022). More details about the 3DCD dataset can be 
found in (Coletta et al., 2022; Marsocci, Coletta, et al.,  
2023).

Avila dataset

The Avila dataset was used to evaluate the general
ization potential of the proposed augmentation tech
niques. This dataset is composed of just 7 pairs of RGB 
images, cropped from optical orthophotos captured in 
2010 and 2017, and the 7 corresponding 2D (GSD 
0.25 m) and 3D CD (GSD 0.25 m) maps in raster 
format (Figure 1). The bi-temporal images are char
acterized by a size of 800 × 800 pixels and a GSD of 
0.25 m, each one covering an area of 200 m × 200 m. 
The approach adopted to produce this small dataset 
was the same employed by the authors for the 3DCD 
dataset (Coletta et al., 2022).

Methodology

MTBIT

In (Marsocci, Coletta, et al., 2023), the MTBIT archi
tecture was introduced to solve the 2D CD and 3D CD 
tasks simultaneously from bi-temporal optical images. 
Specifically, MTBIT belongs to the family of ViTs 
(Dosovitskiy et al., 2020). ViTs have recently emerged 
as a DL paradigm which enables networks that employ 
them to retrieve and integrate global contextual infor
mation through a self-attention mechanism, i.e. the 
interaction between input sequences that help the net
work to determine which region it should pay more 
attention to (Asadi Shamsabadi et al., 2022).

4 R. CONTU ET AL.



MTBIT architecture is composed of four parts 
(Figure 2):

(1) a Siamese semantic tokenizer, which generates 
a set of tokens (i.e. visual words) for each one of the 
input bitemporal optical images. It is made of 
a ResNet18 backbone, which extracts the features, 
and a spatial attention tokenizer, which converts the 
extracted features in semantic tokens;

(2) a Transformer-based encoder, which encodes 
positional and context information in the token 
space. It consists of multi-head self-attention layers, 
with positional encodings, followed by Multi-Layer 
Perceptron (MLP) blocks;

(3) a Transformer-based decoder that extracts feature 
maps projecting the tokens in the pixel space. It is 
made of multi-head cross-attention and MLP layers. 
This configuration helps to combine different con
texts and spatial information at different levels;

(4) a pair of prediction heads, made of fully convolu
tional networks, that allow for a double mapping from 
the refined feature maps to the 2D and 3D CD maps.

As for loss (L), MTBIT uses a weighted combination of 
a 2D loss (L2D) and a 3D loss (L3D) (Marsocci, 
Gonthier, et al., 2023): 

L ¼ α � L2D þ β � L3D (1) 

where α and β are fixed weights (α = 1 and β = 3). In 
particular, MTBTIT employs a binary cross-entropy 
(BCE) as L2D and the mean squared error (MSE) as 
L3D. More details about MTBIT can be found in 
(Marsocci, Coletta, et al., 2023).

Augmentation techniques

This work focuses on improving the performances of 
the MTBIT (Marsocci, Gonthier, et al., 2023) network 

by applying a custom set of data augmentation strate
gies that go beyond standard approaches like random 
horizontal flip, random geometric transformation, 
random Gaussian noise, and random radiometric 
transformation (i.e. brightness, sharpening, blurring, 
contrasting, saturation).

In particular, we propose the set of augmentations 
listed below, capable of enhancing the details of the bi- 
temporal optical images or the generality of the 3D CD 
maps, and focus on the peculiarities of the 3D CD task 
(e.g. shadows and elevation changes). They are:

● Change-Guided Random Crop (Figure 3a): this 
technique performs a random crop (256 � 256 
pixels) on both the bi-temporal images maintain
ing at least one pixel in the area corresponding to 
the changed area in the 2D CD mask;

● Random Crop or Resize (Figure 3b): this techni
que randomly chooses to resize or crop the 
images to 256 � 256 pixels with a 50% probabil
ity. This technique was already employed in a few 
other cases (Caron et al., 2021); we propose this 
augmentation as an effective means to combine 
different details (at different spatial scales) of the 
two bi-temporal images. In this way, the model 
can focus on different aspects of the images 
through the different epochs (two in our case);

● CutMix (Figure 3c,d): this technique randomly 
cuts out an arbitrary number of patches from the 
first-epoch image and pastes them onto 
the second-epoch image and vice versa (consid
ering the corresponding positions of the first- 
epoch image). This augmentation forces the 
model to focus on the invariant features of the bi- 
temporal representations. In fact, by mixing parts 

Figure 2. Schematic representation of the MultiTask bitemporal image transformer (MTBIT) network architecture.
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of the bi-temporal images, the model is enforced 
to grasp local dependencies that are strong also 
across different epochs, where each image con
tinues to differ from itself;

● Gaussian Noise on 3D CD maps (Figure 3e): this 
technique applies a standard Gaussian Noise by 
convolving the 3D CD map with a Gaussian kernel 
with an arbitrary σ value. As the authors observed in 
(Marsocci, Coletta, et al., 2023), MTBIT is not able to 
infer the extreme values of the elevation changes, due 
to the distribution of the changed pixels. The injec
tion of noise into the 3D CD map can help the 
model to achieve a better generalization;

● Radiometric transformation on the buffer zone 
(Figure 3f): this technique applies a radiometric 
transformation on the input bi-temporal images in 
correspondence to the borders of the changed areas 
on the 2D CD maps. The radiometric transformation 
acts on the brightness, contrast, saturation, and HUE 
of the border pixels, and their values can be set 
arbitrarily. We consider this augmentation as coun
ter-evidence. The shadows are indeed fundamental 
to retrieving information on the elevation changes. 
The application of the radiometric transformations at 
the border of the areas affected by changes makes the 
model struggle to reconstruct the elevation changes.

Change detection metrics

Different CD metrics were considered to evaluate the 
performances of MTBIT. Specifically, we observed 

that the 3D CD metrics proposed in (Marsocci, 
Coletta, et al., 2023) provide only a partial understand
ing of the actual performances of the network on the 
3D CD task.

The limitations of the standard Root Mean Squared 
Error (RMSE) metric (Equation 4) – too influenced by 
the presence of a large number of zeros (no changes) 
in the 3D CD maps – were already reported in 
(Marsocci, Gonthier, et al., 2023), where the change 
RMSE (cRMSE) was proposed as a new 3D CD metric.

The cRMSE (Equation 5) is an RMSE where the 
error is computed considering all the pixels of the 
predicted 3D CD map and then it is normalized with 
respect to the number of the pixels affected by an 
actual change (i.e. the number of ground truth pixels 
affected by a change). Nonetheless, even if the cRMSE 
is more sensitive to the actual 3D changes than the 
standard RMSE, from its evaluation we cannot be 
entirely certain that the model accurately infers the 
elevation changes between the two considered epochs, 
i.e. the elevation changes in which we are most inter
ested. For this reason, we introduce the true positive 
RMSE (tpRMSE) metric.

The tpRMSE metric (Equation 6) is an RMSE where 
the error is computed considering only the pixels of 
the predicted 3D CD map affected by an actual eleva
tion change (i.e. the pixels which in the ground truth 
3D CD map are characterized by ΔH�0), and then 
they are normalized with respect to the number of 
these really changed pixels. The use of the tpRMSE, 
along with the cRMSE, allows for a better evaluation of 
the 3D CD performances since it considers only the 

Figure 3. The proposed set of custom augmentations. The color bar in (e) is expressed in meters.
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pixels affected by an actual change rather than con
sidering all the pixels regardless of their class (change 
or no change).

The computation details of the three 3D CD 
metrics considered in this study are reported in 
Algorithm 1.

Algorithm 1: Difference among the 3D CD metrics

As regards the 2D CD metrics, we considered the 
standard segmentation metrics, i.e. the Intersection 
over Union (IoU, Equation 2) and the F1-score (F1, 
Equation 3), referred to as the change class (i.e. the 
pixels with value 1 in the 2D CD maps).

The considered CD metrics are formally expressed 
as follows: 

IoU ¼
TP

TPþ FNþ FP
(2) 

F1 ¼
2TP

2TPþ FPþ FN
(3) 

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1

cΔHi � ΔHi

� �2
s

(4) 

cRMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
nc

Xn

i¼1

cΔHi � ΔHi

� �2
s

(5) 

tpRMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
nc

Xnc

i¼1

cΔHC
i � ΔHC

i

� �2
s

(6) 

where TP stands for True Positives, TN for True 
Negatives, FP for False Positive and FN for False 
Negatives, cΔHi for predicted pixels, ΔHi for ground 
truth pixels, cΔHC

i for predicted pixels, ΔHC
i for respec

tive ground truth changed pixels. The term nc refers to 
the pixels that have a value of 1 (change class) in the 
ground truth 2D CD map and a value different from 0 
(ΔH�0) in the ground truth 3D CD map.

One interesting aspect of the 3D CD metrics consid
ered in this study is that both the tpRMSE and cRMSE are 
preferable to the standard RMSE since they are more 
sensitive to actual elevation changes and the errors in 
their inference. Most of the pixels in the ground truth 
2D and 3D CD maps are indeed characterized by an 
absence of change (ΔH ¼0), so they are easier to detect 
than the minority of pixels affected by an actual elevation 
change (ΔH�0).

Experimental results

For each experiment, five independent tests were carried 
out; the corresponding mean and standard deviation are 
reported in all the tables summarizing the results. We 
follow the same procedure also for the baseline, i.e. the 
MTBIT architecture (Marsocci, Coletta, et al., 2023) 
trained using just the resize augmentation, needed to 
feed the network with 256�256 pixel images: this is the 
reason why the results are slightly different from those 
reported in (Marsocci, Gonthier, et al., 2023).

For the training phase, a single Tesla T4 16 GB 
GPU was used. We trained MTBIT for 300 epochs 
with the AdamW optimizer (Loshchilov & Hutter,  
2019) and a learning rate of 0.0001. Furthermore, we 
normalized the 3D CD maps between −1 and 1, with 
a min-max normalization among � 25 m and 30 m, 
using a TanH as the last non-linear layer of the pro
posed network. For the 2D loss (i.e. BCE), we set the 
weights to 0.05 for no-change pixels and 0.95 for 
change ones. Table 1 summarizes the hyperparameters 
selected for the augmentations.

For the zero-shot experiments, we simply took 
the models trained on the training dataset (i.e. the 
3DCD dataset – Valladolid, Section 3.1) with the 
proposed set of custom augmentations and with 
just the resize augmentation (baseline) and per
formed inference in a zero-shot scenario on the 
Avila dataset (Section 3.2).

Single augmentation techniques

First, the proposed augmentation techniques were 
individually applied to assess their single contribution 
to the improvement of the CD metrics.

The principal objective of each proposed augmen
tation is to lower the values of the cRMSE and tpRMSE 
metrics with respect to the baseline and to achieve 
a better fitting of the distribution of the inferred eleva
tion changes to the Ground Truth distribution.

The Change-Guided Random Crop technique was 
applied to enhance the training process by enabling 
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MTBIT to focus on regions affected by actual changes 
in elevation. In the case of this augmentation, each 
crop always includes at least one pixel with a value of 1 
(change class) in the 2D CD map. As expected, this 
technique leads to a reduction in the 3D CD metrics, 
with the cRMSE decreasing by approximately 20 cm 
and the tpRMSE by around 15 cm (Table 2b). The 
histogram of the inferred elevation changes shows in 
this case a better fit with the Ground Truth distribu
tion, particularly around 20 m, where the baseline falls 
short (Figure 4b). However, there may be a slight 

deterioration of the inference performances in some 
cases, where the 3D CD maps are not accurately pre
dicted (Figure 5b).

The Random Crop or Resize strategy, which 
involves cropping or resizing images randomly with 
a 50% probability, also aligns with expectations and 
significantly impacts the detection of negative eleva
tion change values. This method manages to cover 
a broader range of values than the baseline, as it is 
possible to observe in the histogram (Figure 4c). 
Notably, the cRMSE is reduced by 35 cm, reaching 
a relatively low value of 5.50 � 0.10 m. Also, visual 
results (Figure 5c) demonstrate improvements with 
respect to the baseline (Figure 5a), especially in out
lining challenging geometries. The combination of 
different resolutions and areas of focus appears to 
enhance the learning process of the network.

The CutMix technique aims to direct the network’s 
focus to relevant areas of the image, which, in this 
study, are the areas affected by elevation changes. 
Unlike cropping strategies, CutMix involves mixing 

Table 2. Validation results of the different augmentation techniques applied to the 3DCD dataset using the MTBIT architecture.

Augmentation type Figure 5

2D CDmetrics 3D CDmetrics

F1(%) IoU(%) RMSE(m) cRMSE(m) tpRMSE(m)

Baseline a 62.80 ± 0.40 45.82 ± 0.40 1.18 ± 0.02 6.33 ± 0.06 5.60 ± 0.08
Change-Guided Random Crop b 58.73 ± 0.72 41.58 ± 0.73 1.17 ± 0.02 6.15 ± 0.10 5.45 ± 0.06
Random Crop or Resize c 63.52 ± 0.81 46.55 ± 0.87 1.16 ± 0.03 6.00 ± 0.07 5.50 ± 0.10
CutMix d 62.63 ± 1.14 45.61 ± 1.17 1.18 ± 0.02 6.15 ± 0.06 5.47 ± 0.03
Gaussian Noise e 61.74 ± 0.55 44.61 ± 0.56 1.18 ± 0.01 6.16 ± 0.03 5.51 ± 0.06
Rad. Transf. on Buffer Zone f 12.51 ± 2.94 6.59 ± 2.13 1.54 ± 0.03 7.45 ± 0.07 7.31 ± 0.09

Table 1. Augmentation hyperparameters. For major details on 
the selection of the values of the hyperparameters, see 
Section 5.3.

Augmentation Type Figure 5 Hyperparameters

Baseline a –
Change-Guided Random Crop b 256� 256 crop
Random Crop or Resize c p ¼ 0:5
Cut Mix d 5 patches of 50� 50
Gaussian Noise e σ = 3 m
Rad. Tranf. on Buffer Zone f 3 pixels wide buffer

Figure 4. Comparison between the distribution of the elevation change values in the ground truth (in blue) and the distribution of 
the predicted elevation change values obtained with the different augmentations reported in Table 2 (in yellow).
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images in non-changing areas by adding noise. 
Through experimentation, the best configuration 
involved cropping five patches of 50 � 50 pixels 
from both the bi-temporal images (Section 5.3). The 
CutMix method excels in predicting pixel values 
(Figure 4d) in the low elevation range. Furthermore, 
the cRMSE metric is reduced in this case by 

approximately 20 cm (Table 2d). Visual results are 
comparable to those of the baseline (Figure 5a).

The Gaussian Noise technique applies a standard 
Gaussian noise to the 3D CD maps by convolving the 
considered 3D CD map with a Gaussian kernel with an 
arbitrarily chosen σ value. After trial and error tests, a σ 
value of 3 m was found to be the most effective 

Figure 5. Visualisation of 2D CD and 3D CD maps for the augmentations described in Table 2. For the 2D change predictions, in 
black TN, in white TP, in red FN, in blue FP.
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(Section 5.3). The comparison of the histogram of the 
inferred elevation changes with the baseline does not 
reveal significant differences in the case of this augmen
tation, but the cRMSE and tpRMSE metrics show 
improvements of 20 cm and 10 cm, respectively 
(Table 2e). Visual results are also promising (Figure 5e).

The radiometric transformation around the buffer 
zone manipulates the areas of the bi-temporal input 
images around newly constructed or demolished 
buildings (areas corresponding to – elevation – 
changes in the 2D CD maps), representing shadow 
regions in the images. The network relies on these 
shadows to infer the elevation of buildings. This aug
mentation is applied to verify the learning process 
adopted by the network. The results obtained with 
this technique are indeed notably worse if compared 
to the other augmentations and even worse than the 
baseline (Table 2f), as expected. The performance 
decline can be attributed to the perturbation of the 
crucial shadow areas around the buildings, which are 
essential for assessing elevation variations.

Finally, it is possible to better comprehend the 
peculiarities of the tpRMSE metric (Equation 6) by 
considering the first and the third predictions shown 
in Figure 5a, i.e. the baseline predictions. In these two 
cases, the RMSE is equal to 0:81 m and 0:56 m, respec
tively. However, these low values are mainly due to the 
limited extent of the areas affected by an elevation 
change. Conversely, for the same two predictions, the 
tpRMSE values are, respectively, 2:77 m and 6:04 m, 
highlighting the efficacy of the proposed metric in 
describing the errors in the 3D CD task.

In summary, the implemented augmentation techni
ques (except the radiometric transformation, as expected) 
contribute to the 3D CD metric improvement, and they 
also have a positive impact on the 2D CD metrics.

Combined augmentation techniques

In this analysis, we applied the most promising aug
mentation techniques of the previous analysis in com
bination with each other to evaluate if their combined 
use can lead to better CD performances than their 
individual use or the use of the baseline.

Specifically, we combined:

● CutMix with Gaussian Noise: we combined 
a CutMix strategy in the input bi-temporal 

images with 50� 50 pixel crops with a Gaussian 
Noise in the 3D CD map with a σ = 3 m;

● Crop or Resize with Gaussian Noise: we com
bined a Random Crop or Resize with a 50% 
probability of cropping or resizing in the 
input bi-temporal images with a Gaussian 
Noise in the 3D CD map with a σ = 3 m.

Table 3 reports the CD metrics achieved with the 
aforementioned augmentation combinations. As 
shown in Table 3, we achieved superior CD per
formance for both the combinations with respect 
to the baseline and the individual custom 
augmentations.

Specifically, when combining CutMix with 
Gaussian Noise – the first combination –, we observed 
a reduction of 35 cm in the cRMSE when compared to 
the baseline (an improvement of nearly 6%), along 
with a 15 cm reduction in the tpRMSE. In terms of 
2D CD metrics, we observed approximately a 3% 
increase in the F1 score and IoU. Furthermore, 
when comparing this combination with the single 
augmentations, we noticed improvements in both 
the 3D and 2D CD metrics (Table 3b). However, 
the advantages of this combination are not evident 
from the analysis of the histogram of the elevation 
changes (Figure 6b). Nevertheless, a visual com
parison of the ground truth CD maps with the 
predicted ones reveals excellent results 
(Figure 7b).

The second combination, Crop or Resize +  
Gaussian Noise, emerges as the most promising strat
egy: it significantly reduces the cRMSE value by 45 cm, 
achieving an improvement of about 7% with respect to 
the baseline. Moreover, the tpRMSE also decreased by 
approximately 30 cm. Concerning the 2D CD 
metrics, this combination did not achieve the 
same level of improvement as the 3D CD metrics: 
both the F1 score and IoU remain stable 
(Table 3c). The comparison of the elevation 
change distribution between the baseline and the 
one obtained with this combination shows signifi
cant improvements in both negative and positive 
elevation change values, especially in the range 
between 10 m and 20 m (Figure 6c). Visual evalua
tions of the predicted CD maps show substantial 
improvements on the baseline, particularly in 
challenging geometries (Figure 7c).

Table 3. Validation results of the combinations of different augmentation techniques applied to the 3D CD dataset using the 
MTBIT architecture.

Augmentation type Figure 7

2D CDmetrics 3D CDmetrics

F1(%) IoU(%) RMSE(m) cRMSE(m) tpRMSE(m)

Baseline a 62.80 ± 0.40 45.82 ± 0.40 1.18 ± 0.02 6.33 ± 0.06 5.60 ± 0.08
CutMix + Gaussian Noise b 65.67 ± 0.92 49.73 ± 1.00 1.17 ± 0.01 5.98 ± 0.05 5.45 ± 0.07
Crop or Resize + Gaussian Noise c 65.16 ± 0.52 48.97 ± 0.53 1.16 ± 0.02 5.88 ± 0.08 5.34 ± 0.09
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Figure 7. Visualisation of 2D CD and 3D CD maps for the augmentations described in Table 3. For the 2D change predictions, in 
black TN, in white TP, in red FN, in blue FP.

Figure 6. Comparison between the distribution of the elevation change values in the ground truth (in blue) and the distribution of 
the predicted elevation change values obtained with the different augmentations reported in Table 3 (in yellow). The plot in a) 
refers to the results of the baseline, while b) and c) refer to the results achieved with the two different custom combined 
augmentations.
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Ablation studies

As highlighted in the previous sections, the Gaussian 
noise on the 3D CD map, the CutMix, and the Crop or 
Resize are the best among the proposed augmentations.

Besides the Crop or Resize strategy, the efficiency of 
the other two augmentations relies in one case on the 
sigma value used for smoothing the 3D CD map and 
in the other case on the size and the number of crops 
that from one input image get pasted on the other. 
Tables 4 and 5 offer an overview of the ablation studies 
carried out on the sigma value for the Gaussian noise 
and on the number and size of crops for the CutMix 
strategy.

Investigating the augmentation performance on 
an additional 2D/3D CD architecture

To further evaluate the efficiency of the proposed set of 
custom augmentations and to assess their generality, we 
applied the combined augmentations introduced in 
Section 5.2 to an additional 2D/3D CD architecture.

Among the networks tested in (Marsocci, Coletta, 
et al., 2023), we selected the SUNet (Siamese ResU- 
Net) model, an architecture able to achieve perfor
mances comparable to the ones of MTBIT, but with 
more trainable parameters. SUNet is made by 
a Siamese encoder, a convolutional decoder and 
a pair of prediction heads; skip connections – like in 
UNet – are used to enhance the features (Marsocci, 
Gonthier, et al., 2023). In particular, we assessed the 
effects of the combined augmentations on SUNet18, 
the configuration of SUNet which employs two 
ResNet18 as encoders.

Table 6 provides the values of the evaluation 
metrics, proposed in Section 4.3, for SUNet18 with 
the two different combined augmentations in compar
ison with the corresponding baseline, where just the 
256 � 256 resize augmentation is applied. The results 
show how the augmentation strategies work well also 
in the case of SUNet18, generally improving the values 
of the metrics with respect to the baseline and thus 
enhancing the performances of the network. Finally, 
comparing the results of SUNet18 (Table 6) with the 
corresponding results of MTBIT (Table 3), we can see 
that the overall improvement in the case of SUNet18 is 
lower than the improvement of MTBIT, which 
remains the best network for the 3D CD task also 
after the application of the proposed set of custom 
augmentations.

Moreover, to deeply understand the behavior of the 
investigated augmentations, we report the training 
loss curves for the best experiments with MTBIT and 
with SUNet18 in Figure 8. For MTBIT, the perfor
mance enhancements provided by the augmentations, 
already discussed in Section 5.2 and attested by the 
improvements of the evaluation metrics, are visible 
also in Figure 8, where the training loss values of the 
augmented MTBIT versions decrease more rapidly 
than the corresponding baseline. Regarding 
SUNet18, the metric improvement reported in 
Table 6 is not so visible in the training loss curves. 
The Cut Mix strategy in combination with the 
Gaussian Noise on the 3D masks shows a trend almost 
comparable to the baseline, especially after the first 
100 epochs. The Crop/Resize strategy in combination 

Table 6. Test results of the combinations of different augmentation techniques applied to the 3DCD dataset using the SUNet18 
architecture.

Augmentation type

2D CDmetrics 3D CDmetrics

F1(%) IoU(%) RMSE(m) cRMSE(m) tpRMSE(m)

Baseline 57.89 40.73 1.22 6.69 5.92
CutMix + Gaussian Noise 60.95 43.83 1.23 6.41 6.05
Crop or Resize + Gaussian Noise 57.99 39.86 1.22 6.48 5.84

Table 4. Ablation studies on sigma values (Gaussian noise on the 3D CD map).

Sigma value (m)

2D CDmetrics 3D CDmetrics

F1(%) IoU(%) RMSE(m) cRMSE(m) tpRMSE(m)

1 59.90 ± 0.58 43.57 ± 0.60 1.25 ± 0.01 6.30 ± 0.01 5.65 ± 0.04
3 61.74 ± 0.55 44.61 ± 0.56 1.18 ± 0.01 6.16 ± 0.03 5.51 ± 0.06
4 60.23 ± 0.14 43.09 ± 0.28 1.24 ± 0.02 6.28 ± 0.04 5.60 ± 0.14

Table 5. Ablation study on number and size of cuts for the CutMix strategy.

Cuts number Size [pixels]

2D CDmetrics 3D CDmetrics

F1(%) IoU(%) RMSE(m) cRMSE(m) tpRMSE(m)

10 25×25 60.22 ± 1.04 43.09 ± 1.07 1.26 ± 0.02 6.35 ± 0.12 5.65 ± 0.12
5 50×50 62.63 ± 1.14 45.61 ± 1.17 1.18 ± 0.02 6.15 ± 0.06 5.47 ± 0.03
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with the Gaussian Noise on the 3D masks seems to 
have a slower loss decrease that eventually reaches loss 
values comparable to the ones obtained using other 
augmentation strategies. In any case, there are two 
aspects that should be considered: i) the metrics 
show an overall improvement, thanks to the proposed 
augmentations; ii) the loss curve can be an interesting 
tool to understand how the training process evolves, 
but it is not exhaustive when judging the final perfor
mance of the network. In fact, smaller loss values can 
indicate an overfitting on the training set, a behavior 
that we want to avoid, also through the proposed 
augmentations.

Adding standard augmentation

Finally, we tested the proposed set of augmentation 
techniques in combination with the standard augmen
tations already used in (Marsocci, Coletta, et al., 2023): 
resizing to 256 × 256 (the only one already considered 
in the baseline, see Section 5), random horizontal flip, 
random geometric transformation (i.e. shifting, scal
ing and rotating), addition of random Gaussian noise 
on the input bitemporal images, and random radio
metric transformation (i.e. brightness, sharpening, 

blurring, contrasting, saturation). These additional 
standard augmentations will be referred to as 
Augmentation in the remainder of the paper. To eval
uate the results, we focused only on the 3D metrics: 
RMSE, cRMSE and tpRMSE.

Table 7b shows how the addition of standard aug
mentations alone led to small improvements with respect 
to the baseline, specifically, a reduction of 11 cm and of 
almost 10 cm in cRMSE and tpRMSE, respectively.

However, the metric improvements achieved with 
the application of the standard augmentations 
(Table 7) combined with the custom ones are lower 
than the ones obtained only using the set of combined 
custom augmentations introduced in this study 
(Table 3). One possible reason could be that the net
work gets overwhelmed or confused when exposed to 
various forms of diverse augmentation simulta
neously. Thus, while data augmentation is essential, 
it must be carried out without interfering with the 
essential features of the bi-temporal images.

Exploring zero-shot capabilities

Table 8 presents the results of the application of the 
combined augmentations in a zero-shot scenario, i.e. 

Figure 8. Loss curves comparison.

Table 7. Validation results of the different augmentation techniques with standard augmentation applied to the 3DCD dataset.

Augmentation type Figure 9

3D CDmetrics

RMSE(m) cRMSE(m) tpRMSE(m)

Baseline A 1.18 ± 0.02 6.33 ± 0.06 5.60 ± 0.08
Baseline with Augmentation (Marsocci, Gonthier, et al., 2023) B 1.20 ± 0.02 6.22 ± 0.08 5.53 ± 0.10
Random Crop or Resize with Augmentation C 1.17 ± 0.01 6.29 ± 0.12 5.39 ± 0.12
Mixup with Augmentation D 1.21 ± 0.01 6.46 ± 0.13 5.56 ± 0.09
Change-Guided Random Crop with Augmentation E 1.19 ± 0.01 6.39 ± 0.16 5.58 ± 0.10
Gaussian Noise with Augmentation F 1.20 ± 0.02 6.24 ± 0.03 5.57 ± 0.07
CutMix with Gaussian Noise with Augmentation G 1.17 ± 0.02 6.34 ± 0.04 5.52 ± 0.11
Crop or Resize with Gaussian Noise with Augmentation h 1.18 ± 0.01 6.41 ± 0.04 5.54 ± 0.12
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performing inference on the new Avila dataset, to test 
the zero-shot capabilities of the proposed augmenta
tion strategies. While the improvements are not sub
stantial, they attest initial progress in the pursuit of 
domain generalization.

The combination of CutMix with Gaussian 
Noise on the 3D CD map demonstrates improve
ments in the 2D CD metrics (e.g. F1 scores of 
40.60%) but not significant progress in the 3D CD 
metrics.

Figure 9. Visualisation of 2D CD and 3D CD maps for the augmentations described in Table 7.
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More substantial improvements are observed with 
Crop or Resize combined with Gaussian Noise on the 
3D CD map. This combination yields the best 2D CD 
results (e.g. F1 score of 44.94%). Moreover, there are 
notable improvements in the 3D CD metrics, with the 
lowest RMSE (0.78 m), cRMSE (7.07 m), and tcRMSE 
(6.61 m) values among the presented strategies.

It is crucial to emphasize that these improvements, 
while promising, are preliminary steps toward achiev
ing zero-shot learning. Further refinement and 
exploration of augmentation techniques, as well as 
model optimization, may contribute to more substan
tial advancements in the future.

Conclusions

Detecting changes in all their aspects (2D, 3D) are 
essential for monitoring transformations of the 
Earth’s surface. In this work, we proposed a new set 
of custom augmentations to improve the perfor
mances of MTBIT (Marsocci, Coletta, et al., 2023), 
a deep learning architecture recently developed to 
simultaneously solve the 2D and 3D CD tasks from bi- 
temporal optical images.

Specifically, several data augmentation strategies 
(Change-Guided Random Crop, Crop or Resize, 
CutMix, Gaussian Noise, Radiometric Transformation 
on the buffer zone) were implemented and applied both 
individually and in specific combinations (CutMix +  
Gaussian Noise and Crop or Resize + Gaussian Noise) 
during the training on the 3D CD dataset. Furthermore, 
standard augmentations (e.g. horizontal and vertical 
flips) were applied to all the aforementioned techniques, 
too.

Finally, a new metric, the tpRMSE (True Positive 
RMSE), was introduced in addition to the 3D CD 
metrics employed in (Marsocci, Gonthier, et al.,  
2023) (RMSE and cRMSE) for a more comprehensive 
evaluation of MTBIT performances in the 3D CD task.

The results obtained are encouraging. The quanti
tative evaluation based on the 3D CD metrics shows 
that three of the four proposed augmentation strate
gies have a positive impact on the reduction of the 
cRMSE and tpRMSE values with respect to the base
line. Moreover, most of the proposed augmentation 
strategies show a better agreement of the predicted 3D 
change values with the ground truth histogram com
pared to the baseline.

The only augmentation technique that resulted 
in a significant degradation of the metrics (both 
2D and 3D) is the Radiometric Transformation on 
the buffer zone, as expected. This technique 
indeed applies a radiometric transformation on 
the input bi-temporal images in correspondence 
to the borders of the changed areas. Thus, the 
degradation in performance of this augmentation 
can be attributed to the perturbation of the sha
dow areas around elevated objects (e.g. buildings), 
which are essential for the network to learn the 
elevation changes.

Finally, the addition of standard augmentations 
to the proposed set of custom augmentations did 
not produce the desired results: the 3D CD 
metrics in this case were worse than the results 
obtained considering the proposed augmentations 
alone.

In summary, the most successful solution was the 
combination of Crop or Resize strategy with 
Gaussian Noise on the 3D CD map, which reduced 
cRMSE to 5.88 m and tpRMSE to 5.34 m, from 6.33  
m and 5.60 m of the baseline, respectively. This 
combination also provided a significant improve
ment in the 2D CD metrics: the F1 score increased 
from 62.80% of the baseline to 65.16% and the IoU 
score from 45.82% to 48.97%. The qualitative assess
ment performed by visually comparing the pre
dicted CD maps with ground truth maps also 
showed encouraging results. Nevertheless, artifacts 
characterized by small elevation values are still not 
accurately predicted.

Finally, some first zero-shot learning experiments 
were also carried out on a new small dataset, achieving 
not substantial but promising improvements towards 
domain generalization.

In conclusion, the proposed contributions enhance 
the practical utility and reliability of MTBIT in real- 
world applications, addressing critical challenges in 
the field of Remote Sensing CD. However, algorithmic 
improvements can in the future be considered using 
larger datasets, such as SMARS (Fuentes Reyes et al.,  
2023).

Disclosure statement

No potential conflict of interest was reported by the 
author(s).

Table 8. Results of the combination of the proposed custom augmentation strategies on the new avila dataset.

Augmentation type

2D CD metrics 3D CD metrics

F1%) IoU (%) RMSE (m) cRMSE (m) tcRMSE (m)

Baseline 34.36 � 2.31 22.58 � 3.99 0.86 � 0.02 7.74 � 0.21 6.68 � 0.15
CutMix + Gaussian Noise 40.60 � 3.65 25.53 � 2.84 0.80 � 0.02 7.07 � 0.09 6.79 � 0.12
Crop or Resize + Gaussian Noise 44.94 � 2.16 29.01 � 1.80 0.78 � 0.01 7.07 � 0.11 6.61 � 0.14
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Appendix. Algorithms

In this Appendix, we report the pseudo-codes of the combined augmentations and the augmentations that achieved the best 
performance. Specifically, Algorithm 2 reports the CutMix + Gaussian Noise augmentation, while Algorithm 3 reports the 
Crop or Resize + Gaussian Noise augmentation. 

Algorithm 2: CutMix+Gaussian Noise augmentation

Algorithm 3: Crop or Resize+Gaussian Noise augmentation

EUROPEAN JOURNAL OF REMOTE SENSING 19


	Abstract
	Introduction
	Contributions of the work

	Related works
	Unimodal and multimodal change detection
	Data augmentation for remote sensing

	The 3DCD datasets
	3DCD dataset
	Avila dataset

	Methodology
	MTBIT
	Augmentation techniques
	Change detection metrics

	Experimental results
	Single augmentation techniques
	Combined augmentation techniques
	Ablation studies
	Investigating the augmentation performance on an additional 2D/3D CD architecture
	Adding standard augmentation
	Exploring zero-shot capabilities

	Conclusions
	Disclosure statement
	References

