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Highlights

What are the main findings?

• An Attention-GAN framework is proposed to detect real orthophoto changes while
suppressing false alarms caused by residual geometric and radiometric inconsistencies.

• Perturbation-negative samples are used as unchanged examples, and thus the model
learns that small nuisance differences should not be labeled as land cover change.

What are the implications of the main findings?

• The approach provides a reproducible training and evaluation protocol for false alarm
resistance in orthophoto change detection.

• It is suited to operational mapping scenarios where candidate change maps must remain
useful despite imperfect co-registration and illumination consistency.

Abstract

Orthophoto change detection is used to find real land cover changes in urban monitoring,
disaster assessment, and environmental management. In practice, however, multi-temporal
orthophotos are rarely identical in geometry and radiometry even after standard prepro-
cessing. Small residual misregistration, local building displacement, shadow movement,
and illumination differences can produce edge-like responses that look like change but do
not correspond to any land cover transition. These false alarms increase manual checking
costs and reduce the reliability of change maps. This study addresses that practical problem
by proposing an attention-guided conditional adversarial framework, named Attention-
GAN, for false alarm-resistant orthophoto change detection. The aim is not to detect small
perturbations as changes but to detect real land cover changes while suppressing responses
to nuisance variations that should be treated as unchanged. The framework integrates a
multi-scale spatial attention module, a channel attention module, and a PatchGAN discrim-
inator. It also introduces perturbation-negative training pairs, where controlled geometric
and radiometric perturbations are applied to unchanged image pairs and assigned all-zero
change masks. Experiments on LEVIR-CD, WHU-CD, and DSIFN-CD show competitive or
moderately higher accuracy than the selected representative baselines, with F1 scores of
91.2%, 92.45%, and 93.18%, respectively. In the ablation experiment, the false change rate
on perturbation-negative validation pairs is reduced to 4.9%. Repeated-run statistics and
ablation results indicate that the proposed training strategy mainly improves robustness
by reducing false alarms under the evaluated perturbation range. The results support the
use of controlled nuisance perturbations as a reproducible way to train and evaluate false
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alarm resistance, while broader validation under real multi-view, seasonal, and cross-sensor
distortions remains necessary.

Keywords: remote sensing imagery; change detection; generative adversarial networks;
attention mechanism; false alarm reduction; nuisance robustness

1. Introduction
The rapid development of remote sensing technology has produced dense archives

of multi-temporal imagery for monitoring land-surface dynamics [1,2]. Orthophotos are
particularly useful for change detection because they are geometrically corrected, georefer-
enced, and presented at a near-uniform scale. Comparing orthophotos acquired at different
times is therefore a common way to locate building construction, land cover transitions,
urban expansion, and disaster damage, supporting urban planning, emergency assessment,
and environmental management [3,4].

In operational orthophoto change detection, the desired output is not a map of every
pixel-level difference between two images. The desired output is a map of real land
cover change. This distinction is important because multi-temporal orthophotos are rarely
perfectly matched, even after standard preprocessing [5,6]. Differences in illumination,
solar altitude angle, atmospheric condition, sensor response, and acquisition season can
change image radiometry. Terrain relief, building displacement, off-nadir viewing, residual
registration error, orthorectification uncertainty, and shadow movement can also create local
geometric inconsistencies [7,8]. These factors are usually nuisance variations rather than
target changes, but they often appear along building edges, roads, and object boundaries,
where many change detectors are most sensitive [9–11].

This problem matters in practical mapping. In many monitoring tasks, unchanged
areas occupy most of the image, and only a small fraction contains real change. A detector
that responds strongly to residual misalignment or brightness differences may obtain
visually plausible masks but still generate many false alarms. These false alarms increase
manual verification effort and can hide the true change signal in downstream statistics.
Therefore, the goal of this study is not to detect small perturbations themselves. The goal is
to make the change detector less sensitive to small geometric and radiometric differences
that should be ignored while preserving sensitivity to real land cover change.

Traditional remote sensing change detection methods include image differencing, im-
age ratioing, change vector analysis, and principal component analysis [12]. These methods
are efficient but usually rely on handcrafted features or manually selected thresholds, and
thus their performance can degrade under illumination variation, registration residuals,
and heterogeneous land cover changes. Deep learning methods, especially convolutional
neural network (CNN)-based models, have improved feature representation for change
detection. Representative models include FC-EF, FC-Siam-Diff, and FC-Siam-Conc. Never-
theless, many existing methods still focus mainly on standard benchmark accuracy and
do not explicitly train or evaluate the ability to reject false responses caused by nuisance
variation [13–15].

Generative adversarial networks (GANs) [16] have been widely used for image genera-
tion, image translation, and representation learning [17,18]. In change detection, adversarial
supervision can encourage predicted change maps to be more spatially coherent. However,
adversarial training alone does not tell the model which image differences should be ig-
nored. A change detector also needs negative evidence, namely examples in which two
images are different in appearance but should still be labeled as unchanged. This motivates
the use of perturbation-negative samples in this study.
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To address the above issues, this study proposes an attention-based generative ad-
versarial network (Attention-GAN) for false alarm-resistant orthophoto change detection.
The model combines a Siamese CNN backbone, a multi-scale spatial attention module, a
channel attention module, and a PatchGAN discriminator. In addition, controlled geomet-
ric and radiometric perturbations are applied to construct perturbation-negative image
pairs with all-zero change masks. These samples do not define a new semantic class. They
are used to teach the model that residual misalignment and radiometric differences are
nuisance variables when no land cover change is present. We emphasize that the individual
modules are established components; the contribution lies in their task-oriented integration
with a reproducible negative-sample training and evaluation protocol for reducing false
alarms. Extensive experiments on multiple public datasets show competitive or moderately
improved accuracy compared with the selected representative approaches, together with
lower false change rates under the evaluated perturbation settings.

The remainder of this study is organized as follows. Section 2 reviews the related
work. Section3 presents the problem formulation and the proposed network architecture.
Section 4 describes the datasets, test areas, implementation details, and comparison meth-
ods. Section 5 reports the experimental results and analysis. Section 6 discusses the main
findings and limitations of the proposed method. Finally, Section 7 concludes the paper
and outlines future research directions.

2. Related Work
2.1. Traditional and Deep Learning-Based Change Detection

Remote sensing change detection has moved from pixel- and object-based analysis
to deep learning models [12]. Classical approaches such as image differencing, ratioing,
change vector analysis (CVA), and principal component analysis (PCA) are efficient, but
they are sensitive to radiometric inconsistency, geometric residuals, and threshold selec-
tion [5,6]. CNN-based methods, including FC-EF, FC-Siam-Diff, and FC-Siam-Conc, learn
paired-image features and predict change maps from end to end [14,19,20]. Later studies
introduced spatiotemporal attention, dense Siamese connections, and transformer archi-
tectures such as STANet, SNUNet, BIT, and ChangeFormer to improve feature interaction
and context modeling [21–24]. Recent lightweight and hard sample-oriented methods,
including TinyCD and HSONet, further refine high-resolution change detection [8,25].
Foundation models and self-supervised geospatial representation learning are also be-
coming relevant because they provide transferable visual features [26,27]. Most of these
methods are evaluated on real-change masks, while their behavior on unchanged pairs
with residual shifts or illumination differences is measured less often [9–11].

2.2. GANs and Adversarial Training for Change Detection

Generative adversarial networks (GANs) [16] and conditional GANs (cGANs) [17]
have been used in remote sensing for image-to-image translation, domain adaptation, and
semantic segmentation [18]. In change detection, the generator produces a change map from
a bi-temporal input, and the discriminator judges whether the map is realistic, encouraging
the generator to align with the distribution of real change patterns [28]. Adversarial
training can improve boundary sharpness and reduce over-smoothing compared with pure
supervised segmentation losses. Existing GAN-based change detection methods, however,
often emphasize the realism of positive change masks. They provide less direct supervision
for the opposite requirement; unchanged pairs should not produce fragmented or edge-like
false positives when the two dates differ only because of imaging conditions. PatchGAN
discriminators [18] are commonly adopted to enforce local realism; we follow this design
and combine it with attention modules and perturbation-negative samples.
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2.3. Attention Mechanisms in Vision and Remote Sensing

Attention modules reweight spatial locations or feature channels according to their
relevance. Spatial attention can strengthen change boundaries, while channel attention em-
phasizes semantic responses that are useful for separating changed and unchanged regions.
The Squeeze-and-Excitation (SE) module [29] and related designs such as CBAM [30] have
been widely used in classification and segmentation [31,32]. In remote sensing change
detection, attention has been combined with Siamese and transformer backbones to im-
prove multi-scale feature interaction on building and land cover datasets [31–34]. In this
study, MSAM is applied after bi-temporal feature fusion, and SE recalibrates the fused chan-
nels. They are used as established attention components within a PatchGAN-supervised
framework rather than as standalone methodological novelties.

3. Methodology
3.1. Problem Definition

The objective of the change detection task is to identify regions that have undergone
real land cover changes in a pair of bi-temporal remote sensing images I1, I2 ∈ RH×W×C,
where H, W, and C denote the image’s height, width, and number of channels, respectively.
The objective is to learn a mapping from the input image pair (I1, I2) to a binary change
map Y ∈ {0, 1}H×W , in which Yij = 1 represents a changed pixel and Yij = 0 represents an
unchanged pixel.

In this formulation, “unchanged” does not mean that the two image patches are
numerically identical. It means that no target land cover transition is present. Small
residual shifts, illumination differences, and other acquisition-related discrepancies are
treated as nuisance variation. A useful model should therefore satisfy two requirements
at the same time: it should respond to real object-level change, and it should remain
conservative when the observed differences can be explained by nuisance variation.

To this end, we formulate the task within a conditional generative adversarial network
(cGAN) framework. The generator G learns to predict the change map

Ŷ = G(I1, I2), (1)

conditioned on the bi-temporal images, whereas the discriminator D aims to distinguish the
real change map Y from the generated one Ŷ under the same condition. By optimizing the
two networks in an adversarial manner, the proposed framework encourages the generator
to produce more realistic and structurally coherent change maps, thereby improving the
quality of the change detection results.

3.2. Network Architecture Overview

In this study, we used a conditional adversarial network with multi-scale spatial
attention and channel attention. The generator was constructed on a dual-tower Siamese
CNN [14,22]; the two towers extract features from I1 and I2 separately with shared weights,
and the fused features are then processed by the Multi-Scale Spatial Attention Module
(MSAM) and the Squeeze-and-Excitation (SE) channel attention module [29,31,32]. This
design combines temporal feature comparison with spatial and channel feature reweighting.
The decoder then generates the final change probability map.

The discriminator employs the PatchGAN structure, which makes local judgments
about image patches rather than the entire image. This local patch-based discrimination
helps the model capture fine details in the change map. The generator and discriminator
were optimized adversarially to improve the quality of the generated change map.
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The proposed model differs from STANet and SNUNet mainly in its training objective
and supervision structure. STANet focuses on spatiotemporal attention for correspon-
dence modeling, and SNUNet relies on dense Siamese feature fusion. The Attention-GAN
combines multi-scale spatial attention, channel recalibration, PatchGAN supervision, and
perturbation-negative samples so that unchanged but visually inconsistent pairs are explic-
itly represented during training. The contribution is therefore the task-oriented integration
and evaluation protocol, not the invention of the MSAM, SE, or PatchGAN.

3.3. Generator Network
3.3.1. Dual-Tower Siamese CNN Backbone

The generator adopts a dual-tower Siamese CNN as the backbone for change
detection [14,22]. In this architecture, the two towers process the bi-temporal images
I1 and I2 separately while sharing the same network parameters. This weight-sharing strat-
egy ensures that both images are encoded in a common feature space, enabling consistent
comparison of features at corresponding spatial locations.

Compared with early-fusion strategies that concatenate I1 and I2 before a single
encoder, the dual-tower design explicitly models temporal correspondence and typically
yields better performance in change detection tasks [14,20].

Each tower employs the same CNN encoder E (e.g., ResNet blocks [35] or VGG-style
convolutional layers) to extract hierarchical features over L stages. The feature maps at
stage l are defined as follows:

Fl
1 = El(I1), Fl

2 = El(I2), l = 1, 2, . . . , L, (2)

where El denotes the shared encoder up to stage l. The feature maps Fl
1 and Fl

2 have
dimensions Hl ×W l × Cl .

The two branches operate in parallel, and their outputs are fused through channel-wise
concatenation:

Fl = [Fl
1; Fl

2], (3)

where Fl ∈ RHl×W l×2Cl
. This fusion strategy preserves complementary spatial and seman-

tic information from both temporal observations and provides the basis for subsequent
attention-based feature refinement.

3.3.2. Multi-Scale Spatial Attention Module (MSAM)

To capture change patterns at different spatial scales, we introduce the MSAM. Given
the fused feature map Fl , parallel convolution operations with different kernel sizes are
applied:

Fl
k = δ(Convk(Fl)), k ∈ {3, 5, 7}, (4)

where δ(·) denotes the ReLU activation function.The multi-scale features are then aggre-
gated:

Fl
sum = Fl

3 + Fl
5 + Fl

7. (5)

Next, a spatial attention map is generated:

Al
s = σ(Conv1×1(Fl

sum)), (6)

where σ(·) denotes the sigmoid activation. The final spatially enhanced feature is ob-
tained by

F̃l = Fl
sum ⊙ Al

s. (7)
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This module enables the network to emphasize spatial regions corresponding to
potential changes while suppressing irrelevant responses.

3.3.3. Squeeze-And-Excitation (SE) Module

To further enhance feature discrimination, we incorporated the Squeeze-and-Excitation
(SE) module to model channel-wise dependencies. Given the spatially refined feature F̃l ,
global average pooling is applied first:

zc =
1

HlW l

Hl

∑
i=1

W l

∑
j=1

F̃l
c,i,j. (8)

Then, two fully connected layers capture channel interactions:

s = σ(W2 δ(W1z)), (9)

where δ(·) denotes the ReLU and σ(·) denotes sigmoid activation. The channel-refined
feature is

Fl
se = F̃l ⊙ s, (10)

where s is broadcast along spatial dimensions. This mechanism adaptively highlights
informative channels while suppressing redundant features.

3.3.4. Decoder

The decoder progressively restores the spatial resolution of encoded features to gener-
ate the final change map. Let Fl

d denote the decoder feature at stage l. The decoding process
can be written as follows:

Fl−1
d = ϕ(Up(Fl

d)⊕ Fl−1
se ), (11)

where Up(·) denotes upsampling, ⊕ represents feature concatenation, and ϕ(·) denotes
convolution followed by nonlinear activation.

Finally, a 1 × 1 convolution followed by sigmoid activation produces the change
probability map:

Ŷ = σ(Conv1×1(F1
d )). (12)

Each pixel value in Ŷ represents the probability that the corresponding location belongs
to the changed class.

3.4. Discriminator Network

The discriminator adopts a PatchGAN structure, which performs local patch-based
discrimination rather than judging the entire image. In the conditional adversarial setting,
the discriminator receives the bi-temporal input pair together with either the reference
change map or the predicted change map. It then outputs a patch-wise probability map:

D(I1, I2, Y) ∈ RHd×Wd , (13)

where each element represents the probability that the corresponding local patch belongs
to the real distribution. This local discrimination strategy encourages the generator to
produce spatially consistent and realistic change patterns, which is particularly beneficial
for fine-grained change detection tasks.

https://doi.org/10.3390/rs18142290
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3.5. Loss Functions

The generator is trained with a composite loss consisting of adversarial loss, segmen-
tation loss, and perceptual loss. The three terms target different aspects of the prediction:
local realism, pixel-level accuracy, and structural consistency.

3.5.1. Adversarial Loss

The adversarial objective is written separately for the discriminator and generator.
The discriminator is trained to distinguish the reference change map from the generated
change map under the same image pair condition:

LD = −E[log D(I1, I2, Ygt)]−E[log(1− D(I1, I2, Ŷ))]. (14)

The generator is trained to make the predicted change map difficult for the discrimina-
tor to distinguish from a reference map:

LG
adv = −E[log D(I1, I2, Ŷ)]. (15)

3.5.2. Segmentation Loss

Segmentation loss measures the pixel-wise difference between the generated change
map and the real change map. We use the binary cross-entropy (BCE) loss to calculate the
error between the predicted and true change maps:

Lseg = − 1
N ∑

i,j

[
Ygt

ij log Ŷij + (1−Ygt
ij ) log(1− Ŷij)

]
, (16)

where Ygt is the ground-truth change map and Ŷ is the predicted change map.

3.5.3. Perceptual Loss

To maintain structural consistency, we use the perceptual loss [36] to measure the
difference between the generated and real change maps in a feature space. In the implemen-
tation, both the predicted probability map and the binary reference map are replicated to
three channels and fed into an ImageNet-pretrained VGG-16 network. Features from layer
relu3_3 are used to compute the perceptual loss, while VGG parameters are frozen during
training. We selected relu3_3 because it provides a compromise between local boundary
information and mid-level structural representation; lower layers were more sensitive to
pixel noise, whereas deeper layers were less responsive to small building changes. Percep-
tual loss encourages the predicted change map to remain close to the reference map in this
feature space:

Lperc = ∥ϕ(Ŷ)− ϕ(Ygt)∥2, (17)

where ϕ(·) denotes the frozen VGG-16 feature extractor at layer relu3_3.

3.5.4. Total Loss

The final optimization objective is to combine the three losses into a total loss function:

LG = LG
adv + λ1Lseg + λ2Lperc, (18)

where λ1 and λ2 are hyperparameters used to balance the different components of the
loss. In this study, λ1 and λ2 were determined on the validation set. We first fixed the
BCE segmentation loss as the main supervised objective (λ1 = 1.0), because pixel-level
change labels provide the most direct training signal for binary change detection. We then
tested λ2 ∈ {0.01, 0.05, 0.1, 0.2} and selected λ2 = 0.1, which provided the best trade-off
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between validation F1 and boundary smoothness without suppressing small changed
objects. Larger perceptual loss weights produced smoother but less complete change maps,
whereas smaller weights had a limited regularization effect. The adversarial term was kept
with the unit weight because reducing it weakened the PatchGAN regularization, while
increasing it led to less stable generator–discriminator training. Therefore, the final settings
were λadv = 1.0, λ1 = 1.0, and λ2 = 0.1.

3.6. Optimization Strategy

The generator and discriminator are trained alternately. We used the Adam optimizer
to minimize the generator loss LG and the discriminator loss LD. Both the generator
and discriminator use Adam with β1 = 0.5 and β2 = 0.999. The lower first-moment
coefficient follows common cGAN and PatchGAN training practice and helps reduce
excessive momentum accumulation during alternating adversarial updates. The initial
learning rate was set to 1× 10−4 for both networks. We used the same optimizer type
and learning rate for the two networks after validation-based tuning because this setting
produced stable adversarial training with the PatchGAN discriminator in our experiments.
We also tested a lower discriminator learning rate (5× 10−5), but it slowed discriminator
convergence and did not improve the validation F1 or FCR. A cosine annealing schedule
was used after a 10-epoch warm-up, and the minimum learning rate was set to 1× 10−6 for
both networks. The validation F1 and validation FCR were evaluated after each epoch. The
model checkpoint with the highest validation F1 was selected for the standard benchmark
tables; when two checkpoints have the same F1 within 0.1 percentage points, the one with
the lower validation FCR is selected. Early stopping is applied if the validation F1 does not
improve for 30 consecutive epochs. The maximum number of epochs is 200:

θG ← θG − η∇θGLG, θD ← θD − η∇θDLD. (19)

No test set information was used for checkpoint selection or hyperparameter adjust-
ment.

The change data in this paper were experimentally validated on three publicly avail-
able datasets. The detailed data sources, scene characteristics, and preprocessing protocol
are presented in Section 4.1 to avoid separating the dataset description from the experi-
mental design. To reduce false alarms caused by geometric or radiometric differences, we
additionally generated perturbation-negative samples by applying controlled nuisance
perturbations to existing image pairs and assigning them all-zero change masks. A hybrid
training strategy was used, which is described below.

Figure 1 illustrates the training workflow and architecture of the proposed Attention-
GAN model. The model takes two input images I1 and I2 and processes them through a
dual-tower Siamese CNN backbone for feature extraction; the fused features are then passed
through the MSAM and SE for feature refinement, and the decoder restores the image to its
original resolution and outputs the predicted change map. Perturbation-negative samples
are included as unchanged examples during hybrid training. A PatchGAN discriminator
performs patch-based classification to distinguish between real and generated change maps,
contributing to adversarial training. The model is optimized using the segmentation loss,
perceptual loss, and adversarial loss.

https://doi.org/10.3390/rs18142290
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Figure 1. Overall workflow and architecture of Attention-GAN. The figure shows perturbation-
negative hybrid training, the dual-tower Siamese generator with the MSAM and SE attention blocks,
the decoder, and the PatchGAN discriminator used for adversarial supervision. Blue, orange, and
green blocks indicate feature groups at different processing stages; arrows indicate data or feature
flow; plus symbols denote feature aggregation, and numbers in parentheses indicate feature levels.

4. Experimental Design
4.1. Study Data and Test Areas

Experiments were conducted on three public datasets: LEVIR-CD, WHU-CD, and
DSIFN-CD. The original data sources and dataset descriptions are specified below. LEVIR-
CD consists of 637 pairs of Google Earth images with a 0.5-m spatial resolution and
1024× 1024 pixels per pair, mainly covering building changes in urban and suburban
scenes. WHU-CD is an aerial image building change dataset with a 0.2-m resolution; the
original image has a size of 32,507× 15,354 pixels, and it was cropped into patches for
training and testing. DSIFN-CD contains 394 high-resolution bi-temporal image pairs
and covers changes in multiple land cover types, including buildings, roads, vegetation,
water-related areas, and other land cover transitions, providing more diverse scenes than
building-only datasets. All datasets were obtained from their publicly released sources
cited in the related work and reference list. The generated perturbation-negative samples
were derived only from these public datasets and were not treated as independent real-
world distortion data. Table 1 summarizes the public datasets and test areas used in this
study.

The visual examples in Figure 2 show four representative test scenes with different
change characteristics: dense buildings, small objects, complex perturbations, and large
industrial structures. The columns show the first temporal image, the second temporal
image, the reference change map, representative baseline predictions, and the proposed
Attention-GAN result. Since the public datasets provide cropped image pairs rather than
complete satellite track metadata for every patch, the test area description focuses on the
spatial resolution, scene type, image pair scale, and land cover category.

https://doi.org/10.3390/rs18142290
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Table 1. Summary of the public datasets and test areas used in this study.

Dataset Source or Image Type Resolution Scale Main Change Types

LEVIR-CD Google Earth image pairs 0.5 m 637 pairs, 1024× 1024 pixels Urban and suburban building changes

WHU-CD Aerial orthophoto image
pair 0.2 m

One large image,
32,507× 15,354 pixels,
cropped into patches

Building changes

DSIFN-CD High-resolution bi-temporal
image pairs

High-resolution
public imagery 394 pairs

Multi-class land cover changes, including
buildings, vegetation, roads, and
water-related areas

Figure 2. Representative visual results for four test scenes. Columns show the bi-temporal images,
ground truth, selected baseline predictions, and the proposed Attention-GAN prediction. In the
prediction overlays, white pixels indicate correctly detected changed pixels, green pixels indicate
omission errors, and red pixels indicate false alarms.

The following describes the perturbation-negative sample generation and hybrid
training procedure.

4.2. Perturbation-Negative Samples and Hybrid Training

To improve resistance to false alarms, we applied controlled geometric and radiometric
perturbations to a subset of the bi-temporal image pairs. For each such pair (I1, I2), we
treated I1 as the reference and generated a perturbed version Ĩ2 of I2 (or, symmetrically,
perturbed I1 to Ĩ1). These pairs were used only when the intended label was unchanged.
The image appearance was modified, but no land cover change was introduced. The model
was then trained to predict a null change map (all zeros) so that it learned to suppress
responses to nuisance differences:

• Geometric perturbation: We applied an affine transform to one image of the pair. The
transform was composed of (1) random rotation by an angle θ drawn uniformly from
[−θmax, θmax] (e.g., θmax = 10◦ in our experiments); (2) random scaling by a factor s in
[1− s∆, 1 + s∆] (e.g., s∆ = 0.05); and (3) random translation by (tx, ty) pixels within
[−8, 8] pixels. The image was resampled using bilinear interpolation. This simulates
mild local misalignment caused by different viewing geometry, orthorectification
errors, or registration residuals.

https://doi.org/10.3390/rs18142290
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• Radiometric perturbation: To simulate illumination and sensor differences between
dates, we applied a random linear intensity transform to one image, namely I′ = αI +
β, where α (contrast) is drawn from [1− α∆, 1 + α∆] and β (brightness) is drawn from
[−βmax, βmax] (e.g., α∆ = 0.1, βmax = 0.15 in pixel value units after normalization).
Optionally, a per-channel gamma correction with γ ∈ [0.9, 1.1] can be applied to mimic
nonlinear radiometric differences.

• Hybrid training: In each training batch, we mixed (1) standard change detection
samples with real change masks from the datasets and (2) perturbation-negative
samples (I1, Ĩ2) (or ( Ĩ1, I2)) with an all-zero change map. The ratio of real-change
to perturbation-negative samples was set so that the model was exposed to both
types; we used a 1:1 ratio unless otherwise noted. This hybrid set-up treats controlled
nuisance differences as non-changing. The perturbation is not an additional semantic
class; it is a negative-sample augmentation strategy. The affine and radiometric opera-
tions used here cover common, controllable nuisance sources in orthophoto change
detection, such as residual registration error, small viewpoint-induced displacement,
scale inconsistency, and illumination variation. More complex distortions, including
parallax, off-nadir viewing geometry, relief displacement, DEM error, shadow dis-
placement, atmospheric effects, and cross-sensor differences, are outside the controlled
setting and are discussed as limitations in Section 6.3.

4.3. Experiment Set-up

The experiment was implemented using the PyTorch 2.7.0+cu118 framework and
trained on an NVIDIA RTX 4060 GPU. Images were normalized to [0, 1] and cropped
into 256× 256 patches. During training, random rotation, horizontal and vertical flip-
ping, and color jittering were used as data augmentation. For each dataset, the standard
train/validation/test split was used where available (e.g., LEVIR-CD and DSIFN-CD); for
WHU-CD, the single large image was cropped into patches with 50% overlap and then split
at the patch level. The generator encoder contains four stages with channel numbers 64, 128,
256, and 512. Each encoder stage contains two 3× 3 convolutional layers followed by batch
normalization and ReLU activation. The decoder uses bilinear upsampling followed by
3× 3 convolution, batch normalization, and the ReLU. The MSAM uses parallel 3× 3, 5× 5,
and 7× 7 convolution branches; the SE reduction ratio was set to 16. The PatchGAN dis-
criminator consists of four convolutional blocks with LeakyReLU activation and outputs a
patch-wise real/fake probability map. The probability threshold for converting the change
probability map into a binary map is 0.5. Unless otherwise specified, the main single-run
results were obtained with random seed 42 for data shuffling and model initialization.
Additional repeated runs with seeds 42, 3407, and 2026 were used only for the statistical
significance analysis. The main parameter settings are given in Table 2.

Table 2. Experimental parameter settings.

Parameter Name Parameter Value

Generator optimizer Adam (β1 = 0.5, β2 = 0.999)
Discriminator optimizer Adam (β1 = 0.5, β2 = 0.999)
Generator learning rate 1× 10−4 with 10-epoch warm-up and cosine annealing to 1× 10−6

Discriminator learning rate 1× 10−4 with 10-epoch warm-up and cosine annealing to 1× 10−6

Batch Size 8
Training Epochs 200
Loss weights (λadv, λ1, λ2) (1.0, 1.0, 0.1), selected by validation F1 and FCR
Checkpoint selection Highest validation F1; lower FCR used as tie-breaker
Early stopping Patience of 30 epochs based on validation F1
Data augmentation Random rotation, flip, color jittering
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Table 3 further summarizes the implementation details needed for reproduction.
Table 3. Reproducibility-oriented implementation details.

Item Setting

Input patch size 256× 256 pixels
Input normalization Pixel values scaled to [0, 1]
WHU-CD cropping 256× 256 patches with 50% overlap
Backbone Four-stage Siamese CNN encoder with 64, 128, 256, or 512 channels
MSAM Parallel 3× 3, 5× 5, and 7× 7 convolution branches
SE module Reduction ratio of 16
Discriminator Four-block PatchGAN discriminator with LeakyReLU activation
Hybrid sample ratio Real-change samples:perturbation-negative samples = 1:1
Geometric perturbation Rotation [−10◦, 10◦], scale [0.95, 1.05], translation [−8, 8] pixels
Radiometric perturbation Contrast [0.9, 1.1], brightness [−0.15, 0.15], optional gamma [0.9, 1.1]
Binary threshold 0.5

Random seed 42 for the main single-run results; 42, 3407, and 2026 for repeated-run
significance testing

4.4. Evaluation and Baselines
4.4.1. Evaluation Protocol

The evaluation had two parts. First, standard test sets with real land-cover changes
were evaluated using the precision, recall, F1, IoU, OA, and Kappa (Section 4.4.2). Second,
perturbation-negative pairs were evaluated using the false change rate (FCR), defined as
the fraction of pixels incorrectly predicted as changed when the reference mask was all
zeros. Figure 3 reports the FCR under increasing rotation perturbation. In Figure 4, the
same perturbation family is applied to held-out test pairs with valid real-change masks,
and F1 is computed against the original reference masks. Thus, the FCR was used for
all-zero perturbation-negative pairs, while F1 under perturbation was used only when a
real-change reference mask was available. All perturbation parameters were sampled from
continuous ranges on held-out image pairs, and thus the experiment tested generalization
within a controlled nuisance family rather than reuse of fixed training samples.

Figure 3. Robustness degradation curve under rotation perturbation. FCR vs. θ ∈ [0, 10◦]; shaded
region shows standard deviation over three runs. FCN denotes the fully convolutional early-fusion
baseline used in this robustness comparison.
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Figure 4. Controlled 2D performance phase diagram under joint rotation (θ) and brightness (β)
perturbations. Color indicates F1 score on perturbed held-out test pairs with valid reference change
masks; contours show F1 ≥ 0.85 region. FCN denotes the fully convolutional early-fusion baseline
used in this robustness comparison.

To assess whether the improvements reported in Tables 4–6 were stable beyond the
main seed 42 runs, the strongest competing method, TinyCD, and the proposed Attention-
GAN were additionally trained with the matched random seeds 42, 3407, and 2026. A
two-sided paired Student’s t-test was then applied to the F1 scores from the matched runs
on each dataset. The null hypothesis was that the mean F1 difference between Attention-
GAN and TinyCD was zero. A result was considered statistically significant when p < 0.05.

Table 4. Performance comparison on the LEVIR-CD dataset.

Method Precision (%) Recall (%) F1 (%) OA (%) Kappa

FC-EF 86.9 80.3 83.5 98.4 0.823
FC-Siam-Diff 89.5 83.3 86.3 98.7 0.851
FC-Siam-Conc 91.9 82.0 86.7 98.8 0.855
ChangeFormer 90.0 87.9 88.9 98.9 0.876
SNUNet 91.6 87.3 89.4 99.0 0.883
BIT 91.1 87.9 89.5 99.0 0.884
HSONet 92.0 88.1 90.0 99.1 0.890
TinyCD 91.8 88.7 90.2 99.1 0.892
Attention-GAN 92.8 89.7 91.2 99.2 0.901

Table 5. Performance on WHU-CD dataset.

Method F1 Score (%) IoU (%) OA (%) Kappa

FC-EF 88.56 84.32 92.15 0.85
FC-Siam-Diff 89.02 84.95 92.74 0.85
FC-Siam-Conc 89.15 85.10 92.91 0.86
ChangeFormer 90.10 86.30 93.78 0.87
SNUNet 90.04 86.22 94.05 0.87
BIT 91.21 87.54 94.89 0.88
HSONet 91.78 88.02 95.04 0.89
TinyCD 91.96 88.28 95.12 0.90
Attention-GAN 92.45 88.67 95.21 0.91
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Table 6. Performance on DSIFN-CD dataset.

Method F1 Score (%) IoU (%) OA (%) Kappa

FC-EF 89.78 85.74 92.45 0.83
FC-Siam-Diff 90.05 86.01 92.91 0.84
FC-Siam-Conc 90.18 86.20 93.02 0.84
ChangeFormer 90.85 87.05 94.00 0.87
SNUNet 91.23 87.12 94.05 0.86
BIT 92.12 88.23 94.87 0.89
HSONet 92.54 88.71 95.12 0.90
TinyCD 92.68 88.96 95.24 0.91
Attention-GAN 93.18 89.91 95.87 0.92

4.4.2. Evaluation Metrics

The following metrics were used to evaluate model performance. Precision (Pre) and
recall (Rec) are defined as follows:

Pre =
TP

TP + FP
, Rec =

TP
TP + FN

, (20)

where TP, FP, and FN denote true positives, false positives, and false negatives, respec-
tively. The F1 score is the harmonic mean of precision and recall:

F1 =
2 · Pre · Rec
Pre + Rec

. (21)

The intersection over union (IoU) and overall accuracy (OA) are

IoU =
TP

TP + FP + FN
, OA =

TP + TN
TP + TN + FP + FN

. (22)

Kappa was used to measure the agreement between the predicted and reference maps
after accounting for chance agreement.

4.4.3. Comparison Methods

The quantitative comparisons used the same method order across datasets: FC-EF,
FC-Siam-Diff, FC-Siam-Conc, ChangeFormer, SNUNet, BIT, HSONet, TinyCD, and
Attention-GAN. FC-EF and the two FC-Siam variants are classical convolutional and
Siamese baselines; SNUNet represents dense Siamese fusion; ChangeFormer and BIT
represent transformer-based change detection; and HSONet and TinyCD represent recent
high-resolution methods. All methods were trained and tested on the same data splits
and patch settings. The comparison was therefore limited to these representative baselines
rather than all recent change detection methods.

5. Experimental Results and Analysis
5.1. Quantitative Analysis

Table 4 shows the performance comparison of different methods on the LEVIR-CD
dataset. Attention-GAN achieved the best results across all metrics, with an F1 score of
91.2%, a 1.0 percentage point improvement over the second-best method, TinyCD. Because
the margin was modest, this result is interpreted together with the repeated-run statistical
analysis in Table 7,where the paired test against TinyCD gave p = 0.018.

Tables 5 and 6 present the results on the WHU-CD and DSIFN-CD datasets, respec-
tively. The proposed method obtained the highest F1 and IoU among the selected baselines
on both datasets. The improvements were moderate, but the repeated-run paired tests
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against TinyCD remained significant on WHU-CD (p = 0.031) and DSIFN-CD (p = 0.027),
as reported in Table 7.

Across the three datasets, the gain over the second-best method was consistent but
modest. The results support the usefulness of combining attention, adversarial supervision,
and perturbation-negative training, but they should not be read as a large performance
leap over recent methods. The higher F1 on DSIFN-CD (93.18%) than on LEVIR-CD (91.2%)
may also reflect dataset-specific scene composition and annotation characteristics.

Table 7 summarizes the repeated-run statistics corresponding to Tables 4–6. Attention-
GAN obtained a higher mean F1 on all three datasets, with p < 0.05 under the three-run
paired-test protocol. The effect size was still moderate, and thus the results are interpreted
as statistically supported but incremental improvements.

Table 7. Repeated-run statistical analysis of the F1 scores for the main performance comparisons in
Tables 4–6. Values are mean ± standard deviation over three independent runs. The p value is from a
two-sided paired Student’s t-test between Attention-GAN and TinyCD.

Dataset TinyCD F1 (%) Attention-GAN F1 (%) p Value

LEVIR-CD 90.18± 0.21 91.16± 0.18 0.018
WHU-CD 91.93± 0.17 92.41± 0.14 0.031
DSIFN-CD 92.65± 0.19 93.15± 0.16 0.027

Figure 2 presents the representative results from four test scenes. The columns show
the first image, second image, ground truth, selected baseline predictions, and proposed
Attention-GAN prediction. The proposed method produced more continuous changed
regions and fewer isolated false alarms in these examples.

5.2. Ablation Experiments

Ablation experiments were conducted on the LEVIR-CD split used in Table 4. The
baseline was a Siamese encoder–decoder trained with BCE loss only. The MSAM, SE, Patch-
GAN supervision, and perturbation-negative samples were then evaluated individually
and in combination. All variants used the same data split, optimizer, learning rate schedule,
batch size, and checkpoint selection rule; thus, the changes in F1 and FCR mainly reflected
the contribution of the added component.

In Table 8, M, S, P, and N denote the MSAM, SE, PatchGAN supervision, and
perturbation-negative samples, respectively. The MSAM and SE both improved the F1
score over the Siamese baseline and reduced the FCR. Using the MSAM and SE together
increased the F1 by 2.5 percentage points and lowered the FCR by 3.9 percentage points.
Adding PatchGAN supervision raised the F1 from 90.1% to 90.6% and lowered the FCR
from 10.9% to 9.8%. Adding perturbation-negative samples without PatchGAN raised the
F1 to 90.8% and lowered the FCR to 6.3%, showing that the proposed negative-sample strat-
egy mainly contributes to false alarm suppression. The full model obtained the best F1 and
the lowest FCR, suggesting that local adversarial supervision and perturbation-negative
training are complementary.
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Table 8. Ablation test results on LEVIR-CD. FCR was measured on perturbation-negative validation
pairs; lower values are better. ∆F1 and ∆FCR were computed relative to the Siamese baseline. A
checkmark indicates that the corresponding component was included.

Variant M S P N F1 ∆F1 FCR ∆FCR

Siamese baseline 87.6 – 14.8 –
Baseline + MSAM ✓ 89.4 +1.8 12.1 −2.7
Baseline + SE ✓ 89.7 +2.1 11.7 −3.1
MSAM + SE ✓ ✓ 90.1 +2.5 10.9 −3.9
MSAM + SE + PatchGAN ✓ ✓ ✓ 90.6 +3.0 9.8 −5.0
MSAM + SE + Perturb. neg. ✓ ✓ ✓ 90.8 +3.2 6.3 −8.5
Full model ✓ ✓ ✓ ✓ 91.2 +3.6 4.9 −9.9

The qualitative ablation results followed the same pattern. The baseline model often
produced fragmented changed regions, blurred object boundaries, and isolated false alarms
in unchanged backgrounds. After adding the MSAM, changed objects became more spa-
tially continuous, and missed detections of small or narrow changed regions were reduced.
Adding SE further suppressed background noise and improved the separation between
changed and unchanged semantic regions. When the MSAM and SE were used together,
the predicted maps showed clearer object-level boundaries, fewer nuisance responses, and
more complete small-object changes.

A data ratio sensitivity analysis was also conducted on LEVIR-CD. As shown in Table 9,
the F1 decreased as fewer training samples were used. Attention-GAN remained usable at
50% and 75% of the training data, but the recall dropped more clearly at 25%, indicating
that diverse real-change annotations were still needed. The mini-batches included both
changed and perturbation-negative examples to reduce class imbalance effects.

Table 9. Sensitivity to reduced training data on the LEVIR-CD split.

Training Data Ratio Precision (%) Recall (%) F1 (%) IoU (%)

100% 92.8 89.7 91.2 83.8
75% 92.1 88.9 90.5 82.6
50% 91.2 87.6 89.4 80.8
25% 89.7 84.8 87.2 77.3

5.3. Visualization Analysis

Figure 3 shows the FCR under controlled rotation perturbation, with θ ∈ [0, 10◦].
Each curve reports the mean over three runs, and the shaded region shows the standard
deviation. FCN denotes the fully convolutional early-fusion baseline used in this robust-
ness comparison.

The FCR increased for all methods as the rotation became stronger. Attention-GAN
had the lowest FCR across the evaluated range and degraded more slowly than the com-
pared baselines. Since perturbation-negative samples were used during training, this result
should be interpreted as improved robustness within the evaluated perturbation family
and not as unrestricted robustness to all real-world distortions.

Figure 4 reports the F1 under joint rotation and brightness perturbations. The hori-
zontal axis is θ ∈ [0, 10◦], and the vertical axis is the brightness shift β ∈ [0, 0.30]. The color
map gives F1 scores on perturbed held-out test pairs with valid reference masks, and the
contour lines mark the F1 ≥ 0.85 region.

All methods degraded as the rotation or brightness disturbance increased. Attention-
GAN preserved a larger F1 ≥ 0.85 region than the compared methods, indicating better
stability within the controlled compound perturbation range.
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6. Discussion
6.1. Interpretation of Results

On LEVIR-CD, WHU-CD, and DSIFN-CD, Attention-GAN gave the highest F1 among
the selected baselines. The margins were modest, even though the paired tests were signifi-
cant under the three-run protocol. The results are therefore best interpreted as incremental
gains from combining attention, adversarial supervision, and perturbation-negative train-
ing. The ablation study suggests that the MSAM improved spatial continuity, SE improved
channel discrimination, PatchGAN improved local regularity, and perturbation-negative
samples reduced false alarms under the evaluated nuisance perturbations.

The robustness experiments (Figures 3 and 4) show that the method degraded more
slowly under geometric and radiometric perturbations than the representative baselines
shown in those figures. This is important for orthophoto change detection because mild
misalignment or radiometric inconsistency should not by itself produce a large change
mask. At the same time, the training and testing perturbations belonged to the same broad
family of affine and radiometric transformations. Thus, the robustness results demonstrate
generalization within a controlled perturbation distribution rather than unrestricted robust-
ness to all real-world nuisance sources. The test perturbation parameters were continuously
sampled on held-out image pairs and not reused from the training samples, but the results
should not be interpreted as evidence of robustness to parallax, strong seasonal variation,
atmospheric artifacts, DEM errors, or cross-sensor distortions.

The model is related to recent intertemporal attention-guided change detection net-
works, including the Multi-Level Intertemporal Attention-Guided Network. The differ-
ence is that Attention-GAN couples attention modules with PatchGAN supervision and
perturbation-negative samples. Its purpose is false alarm-resistant change detection and not
a new semantic class formulation or a replacement for existing change detection paradigms.

6.2. Training Stability of the GAN Framework

GAN training can be unstable because the discriminator may dominate or collapse. To
reduce this risk, the discriminator uses local PatchGAN supervision, and the adversarial
loss is combined with pixel-wise segmentation and perceptual losses. The generator loss,
discriminator loss, validation precision, recall, F1, and FCR were monitored after each
epoch. Figure 5 shows the representative curves; the generator loss decreased and stabilized,
the discriminator loss did not collapse to zero, the validation F1 converged after the middle
training stage, and the validation FCR decreased. If strong oscillation was observed, then
the adversarial weight was reduced while keeping the segmentation loss unchanged.
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Figure 5. Training stability analysis of Attention-GAN. The curves show the generator loss, dis-
criminator loss, validation precision, validation recall, validation F1, and validation FCR over 200
epochs.

6.3. Limitations

Several limitations remain. First, the dual-tower Siamese CNN backbone increases the
parameter count and inference cost. The experiments were conducted on a single GPU with
a fixed input size and augmentation setting, and thus performance under different patch
sizes, extremely high resolutions, and cross-sensor settings was not fully examined. Second,
the affine and radiometric perturbations used here covered only controlled nuisance sources.
Real scenes may contain parallax, off-nadir viewing effects, relief displacement, occlusion,
seasonal variation, atmospheric artifacts, DEM errors, shadow displacement, or cross-
sensor differences. The reported robustness therefore applies to the evaluated perturbation
family and not to all real-world distortions. Third, the experiments mainly used LEVIR-CD,
WHU-CD, and DSIFN-CD. Broader validation on vegetation dynamics, water body change,
cropland change, disaster damage, and cross-sensor datasets is needed. Future work should
evaluate real multi-view and cross-sensor benchmarks, include stronger recent baselines
under a reproducible protocol, and test more severe low-annotation and class imbalance
settings.

7. Conclusions
This study presented an attention-guided generative adversarial network for false

alarm-resistant change detection in remote sensing orthophotos. The model integrates
multi-scale spatial attention and channel attention into a Siamese change detection frame-
work, and it uses perturbation-negative samples to indicate that mild geometric and
radiometric differences should remain unchanged when no land cover transition is present.
PatchGAN supervision further improves the local regularity of the predicted change maps.

Experiments on three public datasets showed that Attention-GAN achieved compet-
itive or moderately higher accuracy than the selected baselines. The robustness results
indicated lower false alarm rates under the controlled affine and radiometric perturbations
evaluated in this study.

The framework is intended for orthophoto-based change detection in scenarios where
imperfect co-registration and radiometric inconsistency can create false alarms. It is most
relevant to monitoring workflows in which candidate change maps are reviewed manually
or used in downstream spatial analysis.

Practical implications and future work: The approach is suited to orthophoto-based
urban and land cover monitoring when co-registration and radiometric consistency are
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imperfect. Future work will focus on lighter backbones, multi-temporal or multi-sensor
inputs, semantic change maps, and uncertainty-based human verification.
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Abbreviations

GAN Generative adversarial network
MSAM Multi-Scale Spatial Attention Module
SE Squeeze-and-Excitation
cGAN Conditional generative adversarial network
FCR False change rate
BCE Binary cross-entropy
OA Overall accuracy
IoU Intersection over union
CNN Convolutional neural network
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