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Abstract. Remote sensing change detection (RSCD) aims to localise
changes between two images of the same geographic region. In practice,
change masks often follow region-level annotation conventions rather
than purely local appearance differences, making them context-dependent
and occasionally ambiguous. Most state-of-the-art methods utilise per-
pixel discriminative classification, which produces a single prediction per
input and fails to explicitly model the changed region as a coherent
whole. A natural alternative is generative formulation, which can model
a distribution of plausible masks, enabling sampling to capture ambi-
guity and encourage global consistency. However, existing generative
RSCD approaches typically lag behind strong discriminative baselines
due to the high computational cost of pixel-space generation and the
complexity of their conditioning mechanisms. To address the limitations
of prior discriminative and generative methods, we propose Change-
Flow, a generative framework that reformulates change detection as the
synthesis of a change mask in latent space via rectified flow. ChangeFlow
is guided by a structured yet lightweight conditioning signal, and its
stochastic design naturally supports sampling-based prediction ensem-
bling. Namely, aggregating multiple predicted change masks improves
robustness, while sample agreement provides a practical confidence es-
timation that highlights ambiguous regions. Across four benchmarks,
ChangeFlow achieves an average F1 of 80.4%, improving by 1.3 points on
average over the previous best method, while maintaining inference speed
comparable to recent strong baselines. Project page: https://blaz-
r.github.io/changeflow_cd/
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1 Introduction

Remote sensing change detection (RSCD) aims to localise changes between two
(or more) images of the same geographic region acquired at different times [8,14].
With the increasing availability of high-resolution remote sensing imagery and
advances in deep learning, RSCD has become a key component in applications
such as environmental monitoring, land-use mapping, disaster response, and ur-
ban development [15, 20, 35, 60]. However, defining exactly what constitutes a
change usually requires considering changes at the region level rather than at
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Fig. 1: Unlike discriminative change detection methods, ChangeFlow predicts binary
change masks through iterative latent generation. This approach enforces global con-
sistency within changed regions and provides better coverage of the changed area. The
model inherently enables sampling-based ensembling of predictions, improving results
and providing confidence estimation for the change class.

individual pixels, which is inherently ambiguous and based on annotation con-
ventions. Many current change-detection methods cannot effectively capture this,
thereby preventing significant advancement in the field.

Most state-of-the-art RSCD approaches follow a discriminative paradigm,
predicting each pixel independently as changed or unchanged [3,8,13,44]. While
effective, this per-pixel objective provides weak incentives for global mask coher-
ence and becomes a limiting factor since change is defined at the region level.
Moreover, standard discriminative methods typically output a single determinis-
tic change mask, which is not well-suited for representing ambiguity and hinders
the propagation of confidence to downstream decision-making.

We argue that overcoming this requires a shift from pixel-wise classification
to distribution modelling. A promising approach here is to use recent generative
models, such as rectified flow [33]. They model the distribution of the training
data, enabling treating the prediction as a single, coherent concept rather than a
set of per-pixel predictions. Additionally, they enable stochastic sampling-based
generation of multiple parallel predictions from the same input. Despite this,
current generative change detection approaches fail to exploit these concepts,
resulting in a significant performance gap compared to discriminative meth-
ods [21,55]. This is largely driven by impractical design choices: current RSCD
methods typically operate in pixel space, which is too computationally demand-
ing for iterative generation and unnecessarily difficult for binary masks. Further-
more, they condition the generative process on complex inputs (e.g., auxiliary
predictions or elaborate attention mechanisms) that are harder to train, thereby
limiting performance.

To address these limitations, we introduce ChangeFlow, a generative RSCD
framework that reformulates change detection as change mask synthesis in la-
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tent space using rectified flow [33], as illustrated in Figure 1. Specifically, we
encode change masks with a pretrained variational autoencoder (VAE) to obtain
a compact latent representation. We then train a diffusion transformer (DiT) in
rectified flow fashion to transport Gaussian noise to the mask latent space along
a straight-line trajectory, enabling efficient sampling with only a few genera-
tion steps. We guide (condition) the generative process using features extracted
from both input images. Because inference starts from random noise, Change-
Flow naturally supports sampling-based inference without additional training.
The samples follow a conditional distribution over change masks given the ob-
served image input, and thereby represent plausible variations of the prediction.
Averaging samples reduces prediction variance in a manner similar to classical
ensemble methods and naturally yields confidence estimates. The mechanism is
particularly effective for change masks, or segmentation maps in general, where
the final prediction corresponds to the aggregation of coherent mask hypotheses,
an aspect underexplored in segmentation rectified flow models [51] and far less
meaningful in current image generation models [33].

In summary, our contributions are threefold: (i) we reformulate RSCD as
latent-space change mask generation and propose a rectified flow framework
that produces globally coherent change masks; (ii) we introduce a condition-
ing strategy based on input feature differences that avoids auxiliary predictors
and complex architecture; and (iii) we leverage the sampling-based generation
inherent to rectified flow models to obtain confidence estimates and effectively
fuse predictions, offering a controllable speed—accuracy trade-off by adjusting
the number of generation steps and repetitions.

We validate our contributions by evaluating the proposed approach across
four standard change detection datasets: SYSU, LEVIR, CLCD, and OSCD,
achieving F1 scores of 85.6%, 92.1%, 84.5%, and 59.5%, respectively, substan-
tially outperforming all previous methods on three datasets. This sets a new
best average F1 of 80.4% across all four datasets, outperforming the previous-
best ChangeDino by 1.3 percentage points.

2 Related work

Remote sensing change detection (RSCD). RSCD has evolved in recent
years from pixel-wise differencing and statistical tests to end-to-end deep mod-
els [29,36,40,47]. Since early deep models, the field relied on Siamese networks,
from convolutional architectures [9, 14, 31|, to more recent transformer vari-
ants [4,56,57], state-space models [10] and diffusion-inspired designs for the back-
bone [3,55]. Beyond architectural advances, large-scale pretraining and founda-
tion priors are increasingly important for performance and robustness [13,30,44].
Recent work also explores semantic change detection, which predicts change to-
gether with semantic categories [6, 10, 16, 19]. However, determining whether a
change occurred remains the core problem and often generalises beyond fixed la-
bel sets. In all settings, the dominant formulation remains discriminative (pixel-
wise changed /unchanged classification), which often trades robust change-region
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modelling for straightforward supervised training. We instead cast CD as an it-
erative generative inference problem that explicitly models the distribution of
possible change masks, thereby improving mask structure and providing confi-
dence estimates.

Generative models for computer vision tasks. Generative models, par-
ticularly diffusion [37] and flow-based [33] formulations, have recently gained
traction as powerful tools for visual representation learning. Such models were
successfully applied to various fields, such as few-shot counting [49], anomaly
detection [18], monocular depth estimation [25], and object detection [12]. Most
relevant to our case, it has also been successfully applied to Earth Observation
(EO) tasks (e.g., FlowEO [5]) and to general semantic segmentation (e.g., Sem-
Flow [51] and GSS [11]). However, unlike ChangeFlow, such approaches rarely
leverage the multiple-samples-based inference that such models offer.

Data synthesis with generative models for change detection. Several
works [6,27,48,53,59] leverage generative models to extend the training set for
change detection by synthesising pseudo changes. While effective for increasing
data diversity, these approaches treat diffusion solely as an offline generator;
change detection is still performed by a separately trained discriminative net-
work. In contrast, we do not rely on synthetic data generation; instead, we
formulate CD itself as a generative task.

Diffusion models as feature extractors for change detection. Several
methods [3,22,23] train diffusion models on remote sensing imagery and use them
as feature extractors. The extracted features are then fed to a discriminative
head to output a change mask. In contrast, our approach leverages the network’s
generative features directly for change-mask prediction, rather than using them
solely for feature extraction.

Generative change detection formulations Only a few methods formulate
change detection as a generative process. GCD-DDPM [55] conditions diffusion-
based generation on the output of another change detection method enhanced
with attention. Similarly, SMDNet [21] integrates bi-temporal encodings into a
pixel-space DDIM generation process. These methods operate in pixel space,
require many generation steps, and rely on complex conditioning mechanisms,
which increase computational load and limit performance. In contrast, Change-
Flow utilises a latent rectified flow formulation, avoiding costly pixel-space gener-
ation and architecturally complex conditioning schemes, thereby enabling more
potent and efficient change-mask generation.

3 Preliminaries

Rectified flow (RF) [33] is a generative framework that maps Gaussian noise
Xo ~ N(0,1) to a target data distribution X ~ Py, via a straight-line trajec-
tory. The intermediate state at any time ¢t € [0, 1] is defined by linear interpola-
tion:

X;=1-t)Xo+tX; . (1)



ChangeFlow 5

Bi-temporal latent Conditioning Rectified Flow Training Objective Training
_— P 21— 20) ~ vpreallz
: Shared
Weigh
iy e [ AR o M

q < VAE _‘
2 a Encoder| . l
s~ N(0,1)
t ~ sigmoid(s) Combme %(-_ ()

Solve Rectified Flow ODEQ

Shared
Weight
Encoder

Inference £

Tepl =Tt + VUpred

ens
y Q
..... - "
Upred mt+ 1 Decoder] |I

Fig. 2: Up. Training pipeline of ChangeFlow using latent rectified flow conditioned
on bi-temporal feature difference. Down. During inference, we iteratively generate a
change mask by integrating the velocity field. We aggregate multiple samples to form
the final prediction and a confidence for the change class from sample agreement.

Aggregate

Because this trajectory has a constant velocity of (X; — Xj), a neural network
vg(X¢,t) can be trained to predict it by minimising the mean squared error:

min By x,,x, [1(X1 — Xo) —vp(Xe, 1)|1] (2)

where t is sampled from [0, 1]. During inference, data is generated by integrating
the predicted velocity field vy starting from an initial noise sample Xj.

4 ChangeFlow

Recent attempts that use generative modelling for change detection disregard
latent formulations, thereby increasing computational complexity. In contrast,
we move our modelling process from the pixel to the latent space and use a prin-
cipled conditioning scheme based on features extracted from a strong pretrained
encoder. Given a pair of images, we first extract features using a Shared Weight
Encoder, and we condition the Diffusion Transformer (DiT) rectified flow model
on the absolute difference of the extracted features. Guided by this conditioning,
the model then iteratively generates a latent representation of the correspond-
ing change mask, which is ultimately decoded by the Variational Autoencoder
(VAE) into a binary change mask. The method is illustrated in Figure 2 and
described in detail in the following sections.

4.1 Change detection as latent generative synthesis

Change masks in latent space. To explicitly model the distribution of change
masks in latent space and obtain coherent predictions, we formulate change
detection as a mask-generation problem. More specifically, we use rectified flow to
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generate change masks inside the latent space of a pretrained VAE [26]. While it
is known that VAEs efficiently encode RGB images [17,41], it is unclear whether
this holds for binary images (i.e., change masks). To verify this, we perform
a simple experiment and report the F1 score and mean absolute error (MAE)
in Table 1. We first repeat the binary change mask 3 times along the channel
dimension, encode it with the SD-XL [41] VAE, decode the resulting latent, and
average the 3 output channels to restore the binary mask. The high F1 score
and low MAE indicate that this is indeed feasible and offers potential insights
for applications beyond change detection.

Table 1: F1 and mean absolute error (MAE) of binary ground truth masks recon-
struction through SD-XL VAE [41].

SYSU LEVIR CLCD OSCD SYSU LEVIR CLCD OSCD
F1 999 993 99.5 994 MAE 0.0004 0.0007 0.0006 0.0006

Change mask rectified flow. Let M € {0, 1}*W denote the binary ground-
truth change mask where H and W are the mask dimensions and V is a pre-
trained VAE encoder V: R?® — R? (in our case SD-XL [41] VAE). As described
in the previous section, we can then encode the change mask with V as:

o1 = V{M,M,M}), z; € RP>wx (3)

where {-, -, -} indicates value repeating in channel dimension. This yields a com-
pact latent representation h < H,w < W.

During training, we sample Gaussian noise in the same shape as the latent
space to obtain an initial state xg:

XTo ~ N(O,I), xo € Rhxwxd s (4)

which we use to construct an interpolated latent (i.e., an intermediate step along
the straight trajectory) representation at a specified time step ¢:

xy = (1 —t)xo + txy . (5)

Previous work [17] has shown the importance of selecting the correct distribution
for sampling timesteps during training. Therefore, we sample timesteps in a logit-
normal fashion, which emphasises learning at the critical point where t = 0.5:

te0,1]; t=sigmoid(s); s~N(0,1) . (6)

This represents the most ambiguous point in time at which the levels of noise
and signal are balanced, with trajectories overlapping the most, and the model
must learn to rectify the field (refer to [33] for more details).

To guide the network from initial noise to the final mask latent space, we
prepare a bi-temporal latent conditioning signal AF, which we will explain at
the end of this subsection. We concatenate it with x; in the channel dimension
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and feed the resulting vector to the model. The rectified flow vector field is then
parametrised using a DiT [39]-based network M:

Upred = M@([:Eta AF],t) . (7>

We train the network using the standard MSE loss for rectified flows [33]:

Lrr = (21 = 20) = Vpreally - (8)

This means that there is no explicit per-pixel objective; the model learns the
velocity field at a specific time step (i.e., at a specific location along the straight
trajectory). The process is also depicted in the top of Figure 2.

Change mask generation guidance. To create a conditioning signal used to
guide the generation process, we first extract high-level latent features from an
image pair (I, I2) using a pretrained encoder ¢ with shared weights:

F=&(I)), Fy=9%,), F,F,eRM<wxe (9)

To remain agnostic to temporal ordering and feature magnitude, we construct
the conditioning signal as the absolute difference of the layer normalised (Lay-
erNorm [1] - LN) feature maps:

AF = [LN(F}) — LN(F)| . (10)

The process is also illustrated in the top-left of Figure 2. Unlike previous gen-
erative change detection works [21,55], this approach avoids complex auxiliary
methods and attention-based conditioning, offering an efficient latent design that
enables the model to learn optimal latent conditioning for the task.

4.2 Inference via rectified flow integration

At inference time, given a pair of images I1 and I, we compute AF (explained
in the previous section) and sample an initial noise:

The change mask latent is then generated by solving the rectified flow ordinary
differential equation (ODE) using Euler integration over equally spaced T steps:

1
1’t+% :$t+?M6([mthF]vt) . (12)

The final latent 2 = zp is decoded into a binary RGB change mask using the
pretrained VAE decoder V™1:

Mpep =V71(3) . (13)

To obtain the final single-channel binary mask, the prediction is averaged across
the RGB channels, yielding M. The entire inference process is depicted at the
bottom of Figure 2. By using the rectified flow formulation, we allow for a flexible
number of time steps at inference, which can be freely adjusted after training
based on available computing resources.
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4.3 Ensembling and confidence

Our formulation enables sampling-based inference without additional training,
thereby facilitating the ensembling of multiple predictions and improving perfor-
mance. The rectified flow model implicitly defines a conditional distribution [33]
over change masks by marginalising latent noise, i.e., p(M | AF) = [p(M |
AF, zg) p(xg) dz. In practice, this marginalization is approximated via Monte
Carlo sampling by generating ensemble masks ]\;Ie(;)s;i € {1,..., N} starting
from different initial noise 2! and aggregating them into a joint prediction M
(e.g., via a mean or majority vote). Since masks are binary in our case, we use
simple averaging aggregation.

This process also provides a clear confidence signal regarding the change
class. The per-pixel mask mean reflects agreement across hypotheses, with lower
values in ambiguous changed regions and higher values where predictions con-
sistently coincide. In contrast, obtaining such confidence from standard discrim-
inative models typically requires additional mechanisms (e.g., confidence heads
or losses [50,54]), rather than arising as an inherent property of the model.

5 Results

Implementation details. We use DINOv3 [46] ViT-L as the encoder and
extract features from its final layer. For mask encoding, we adopt the VAE from
SD-XL [41]. To spatially align the encoder and VAE latents, we apply bicubic
interpolation to the conditioning tensor. Each inference involves 10 steps (i.e.,
T = 10). We generate an ensemble of 5 predictions and fit the standard CD
metrics by binarising: a pixel is marked changed if at least 2 predictions mark it as
such. Input images are cropped to 256 x 256 pixels and augmented with random
flips and rotations during training. We train using the Muon [24] optimiser, with
an initial learning rate of 10~ for DiT and 5-107° for the encoder, and a cosine
scheduler without restarts. Training lasts 300 epochs with a batch size of 32 on
an NVIDIA A100 GPU. Additional details are in the Supplementary.

Evaluation metrics and datasets. We evaluate change detection perfor-
mance using binary precision, recall, and F1, considering ounly change class [4,8,
14,44] on the model from the final epoch. For robust evaluation, we benchmark
on four change detection datasets covering diverse locations, sensors, and ground
sampling distances, and spanning diverse change types, including building, ur-
ban, and cropland changes, as well as changes resulting from natural disasters.
SYSU [45] covers various change types, from buildings and vegetation to sea
changes. LEVIR [9] focuses on building changes, while CLCD [32] captures only
changes that happen on croplands. OSCD [15] is a low-resolution global Sentinel-
2 dataset covering urban changes. Models are trained on a dedicated training
set and evaluated on the test set. Additional details are in the Supplementary.



ChangeFlow 9

5.1 Main results

Change detection methods. We evaluate ChangeFlow against a range of
change detection methods, including discriminative architectures FCSDiff [14],
ChangeFormer [4], SwinSUNet [57], GFM [34], BiFA [58], MaskCD [56], Change-
Mamba [10], MTP [52], HySCDG [6], BTC [44] and ChangeDINO [13]. We also
compare to the generative GCD-DDPM |[55], as well as diffusion-based discrim-
inative methods DDPM-CD [3] and SatDiFuser [22]. Implementation details
are in the Supplementary. ChangeDINO [13] in particular represents the cur-
rent state-of-the-art and uses the same DINOv3 [46] backbone as our proposed
method, ChangeFlow. We summarize quantitative results across all datasets and
methods in Table 2. Extended results are in the Supplementary.

Table 2: Comparison of our proposed method, ChangeFlow, to the state-of-the-art
on four different datasets. We mark , second, and third place results. FPS was
benchmarked on an NVIDIA A100 using the protocol described in the Supplementary.

FPS Param.|SYSU LEVIR CLCD OSCD Aug

img/s] [M] | FI F1I F1 Fl1 F1
FC-Siam-Diff [14Jicieis  170.140.0 1.4 | 70.8 81.8 541 394 615
ChFormer [4|icarssze  36.2£0.0 41.0 | 77.9 89.5 60.8 48.1 69.1
SwinSUNet [57]rersze  33.140.1 43.6 | 76.6 89.3 758 52.8 73.6

GFM [34]cveras 44.940.1 120.5 | 81.2 89.8 77.5 54.1 757
GCD-DDPM [55|rgrs24  0.02+0.0 131.9 | 64.5 80.7 46.9 7.0 49.8
BiFA [58]rars24 32.240.0 9.9 83.8) 89.5 745 374 T1.3
MaskCD [56]rars24 6.5+0.0 1074 |83.8 90.3 76.6 34.7 71.4
ChMamba [10]Tcrs24 14.4+0.0 92.4 | 81.5 (91.8) 80.3 45.8 74.9
MTP [52]ssTars24 31.240.0 107.8 | 81.3 91.7 80.3 52.8 76.5
HySCDG [6]cveras 41.04+0.1 65.1 | 78.7 91.1 643 5H3.6 719

DDPM-CD [3]wacvas 4.6+0.0 4375|805 909 714 37.1 70.0
SatDiFuser [22]iccvas 1.840.0 1413.6| 82.0 90.2 79.1 (55.2) 76.6
BTC [44]|rcrs2s 32.4+0.0 120.1 | 82.4 91.5 (0.9 54.3 (77.3
ChangeDINO [13|arxives  8.940.5 311.1 |(83.9 (92.2 [81.4 (58.8 (79.1
ChangeFlow (10step, 5rep)  8.1+0.0 403.3 |85.6 (©2.1 (84.5 (59.5 (80.4
ChangeFlow (10step, 1rep) 15.3 £0.0 403.3 | 83.9 92.0 84.4 57.5 79.5
ChangeFlow (istep, srep) 18.2 0.0 403.3 | 85.6  92.0 84.5 59.0 8&0.3

Quantitative results. ChangeFlow achieves the best average F1 score of 80.4%,
which is 1.3 points higher than the previous best method, and establishes a new
state-of-the-art result on SYSU, CLCD, and OSCD with F1 scores of 85.6%,
84.5% and 59.5%, respectively. These datasets all contain challenging, highly
semantic changed regions where mask coherence is important. On LEVIR, our
method remains competitive and is within 0.1 percentage points of the best
competing method. Despite iterative inference, ChangeFlow, with 10 steps and 5
ensemble predictions, achieves a similar throughput to ChangeDINO. Moreover,
a single-step variant of our method with 5 ensemble predictions (1step, 5rep)
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maintains nearly the same accuracy while substantially increasing throughput,
demonstrating a good trade-off between speed and accuracy.

Comparison to diffusion-based methods. ChangeFlow outperforms all prior
discriminative approaches that use diffusion models as feature extractors, such
as DDPM-CD, by 10.3 p.p., and the recent SatDiFuser foundation model by
4.8 p.p. It also substantially exceeds the pixel-space generative baseline, GCD-
DDPM, by 30.5 p.p., while being almost 3 orders of magnitude faster in inference.
This shows that we have substantially improved both performance and speed
compared to the previous generative attempt.

Qualitative results. In Figure 3, we show a qualitative comparison between
evaluated methods. Compared with ChangeDINO, our method reduces missed
detections in homogeneous regions, consistent with its coherent mask-generation
behaviour. Compared to DDPM-CD, which uses diffusion primarily as a feature
extractor, ChangeFlow better recovers complete change regions and reduces both
false positives and false negatives. We also include MaskCD [56], which extends
pixel-wise classification by predicting mask instances. Still, MaskCD’s predic-
tions remain fragmented across diverse change types, whereas ChangeFlow di-
rectly generates a globally consistent mask. More qualitative results, including
failure cases, are in the Supplementary.

Pre-change Post-change GT GCD-DDPM DDPM-CD MaskCD ChangeDino ChangeFlow

CLCD LEVIR SYSU

OSCD

Fig. 3: Qualitative comparison of competing methods. The pair of considered images
is shown in the first and second columns, followed by the ground truth mask and
predictions for the related methods and our method. False positives are marked in red
and false negatives in blue.

Generation visualization. To better illustrate our generative process, we vi-
sualise intermediate generation steps over T=10 inference steps in Figure 4 (all
but last column). The model rapidly forms a coarse change region and then re-
fines boundaries in later steps. Compared to the pixel-space diffusion CD method
GCD-DPPM [55] that requires 1000 steps, ChangeFlow achieves strong results
with a much smaller number of steps, enabling efficient inference in practice.
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Coherence and confidence analysis. To better estimate model confidence
for the change class, we use sample agreement across repetitions: pixels that are
consistently predicted as changed across hypotheses represent higher confidence.
Visually, this appears as lower intensity in ambiguous regions (Figure 4 last col-
umn). By performing thresholding based on these predictions, we can practically
adjust the operating point (e.g., favouring precision or recall) without modifying
the model. Extended analysis with more images is in the Supplementary.

+ Prediction

Fig. 4: Visualisation of intermediate steps (stride 2 for visualisation purposes) in the
latent generative mask prediction (all but last column) and confidence obtained from
an ensemble of predictions (last column). ChangeFlow performs iterative prediction
from pure noise to a binary mask, as explained in Section 4.1. Here, we decode the
intermediate latent representation into a binary mask at each step. The final ensemble
of predictions is illustrated by high-confidence regions being brighter in colour.

One of the great advantages of ChangeFlow’s formulation is the inherent
global prediction coherence. To quantitatively evaluate this, we assess structural
consistency by calculating the error from the expected ground-truth number
of connected components and hole counts (reported as A) across 4 datasets.
Implementation details are in the Supplementary. Figure 5 shows that Change-
Flow yields low structural error, indicating the fewest spurious holes and few
incorrectly fragmented components.

To better understand the generation process, we calculate these metrics at
intermediate generation steps and report the results in Figure 6. The model
produces the coherent region from the initial noise relatively quickly (low hole
and connected component (CC) errors from step 5 onwards). Initially, due to
noisy latent, the prediction is just a single random component with many holes.
In the next 3 steps, it breaks into many small components, and by step 5, it
already forms a coherent region (see Figure 4 for visualisation).
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5.2 Ablation study

In this section, we isolate the impact of our contributions by ablating key design
choices. Implementation details and more ablations are in the Supplementary.

Table 3: Ablation of design choices when constructing conditioning (Section 4.1).

SYSU LEVIR CLCD OSCD Auwg

D F1 F1 F1 F1 F1
Ours Abs. diff. with LayerNorm 85.6 92.1 84.5 59.5 80.4
Sub Abs. diff. — Difference 81.2 91.7 822 35.6 727
Concat  Abs. diff. — Concat 77.8 914 809 21.9 68.0
L2Norm LayerNorm — L2 norm 85.2 920 84.2 572 79.6
NoNorm No normalisation 81.8 91.4 776 564 76.8

Conditioning ablations. In Table 3, we ablate various design choices for con-
ditioning vectors that guide the generation process. Using the absolute feature
difference with LayerNorm [1] normalisation consistently delivers the best over-
all performance. Replacing absolute difference with signed subtraction (Sub) re-
duces average F1 by 7.7 p.p., as the conditioning becomes sensitive to temporal
order. The performance degrades further when features are concatenated rather
than fused elementwise (Concat), resulting in a 12.4 p.p. drop, particularly on
OSCD, suggesting that non-structured conditioning is harder to utilise effec-
tively. Using LayerNorm consistently benefits performance: removing it reduces
performance by 3.6 p.p. (NoNorm), while the choice between LayerNorm and
simple channel-wise L2 normalisation has a smaller effect (L2Norm). This sug-
gests that the normalisation type is less critical than its presence. These ablations
also underscore our motivation: keeping the conditioning simple but structured
yields the best performance, without the need for unnecessarily complex design.
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Encoder ablations. In Table 4, we show that DINOv3 on average provides the
strongest features for ChangeFlow. The satellite-pretrained variant (DINOv3
Sat.) and DINOv2 perform worse, most likely due to reduced generalisation
from smaller pretraining corpora. RADIO yields solid results, with version 4
performing considerably better than 2.5, but does not surpass plain DINOv3.

Table 4: Ablation of shared weight encoder selection.

SYSU LEVIR CLCD OSCD Awg
F1 F1 F1 F1 F1

DINOv3 85.6 921 845 59.5 80.4
DINOv3 Sat. [46] 83.6 91.6 80.7 59.4 78.9
DINOv2 [38] 784 916 784 548 758
RADIO 2.5 [42] 80.7 91.3 787 588 77.4
RADIO 4 [43] 842 91.9 828 57.8 79.2

Table 5: Ablation of VAEs used for encoding labels during training and decoding of
binary masks during inference.

Frozen SYSU LEVIR CLCD OSCD Awg
Decoder F1 F1 F1 F1 F1

SD-XL VAE [41] v 85.6 921 845 59.5 804
SD 3.5 [17] v 84.4 91.6 844 56.7 79.3
Z-TImage [7] v 85.2 91.7 832 57.8 79.5
Flux.1-dev [28] v 84.7 91.7 821 57.2 789
SD-XL VAE-Finetuned 84.4 921 836 572 79.3
SD-XL VAE-Finetuned (Pixel loss only) 84.1 920 819 36.3 73.6
CNN Decoder 84.1 89.4 834 54.7 779
CNN Decoder (Pixel loss only) 82.7 924 820 439 752

VAE ablations. In Table 5, we compares VAEs for mask encoding and de-
coding. Among pretrained VAEs, the SD-XL VAE [41], with a latent dimension
of 4, achieves the best average performance. In contrast, the VAEs with latent
dimension of 16 (SD 3.5 [17|, Z-image [7], and Flux. 1-dev [28]) are consistently
slightly worse. A plausible explanation is that the higher latent dimensional-
ity increases the difficulty of learning a well-conditioned rectified flow transport
for sparse binary masks. Importantly, all pretrained VAEs remain competitive
overall, suggesting that off-the-shelf VAE latents provide practical and effective
representations for change-mask generation.

We also investigate whether adapting the decoder improves results. Jointly
finetuning the SD-XL VAE decoder with an auxiliary Dice loss on mask does not
yield gains, and replacing the rectified flow objective with a pure pixel-level loss
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(gradients are also passed through DiT) degrades performance, indicating that
the generative training signal is a key contributor to the final accuracy, similar
to observation from [2].

Finally, we replace the VAE decoder with a lightweight UNet-like CNN de-
coder. This alternative is generally weaker on average, both when trained with
the rectified flow objective and when trained with a pixel-only loss. Nevertheless,
on LEVIR, the pixel-only CNN variant performs best, which we attribute to the
sharper delineation of small building boundaries in this dataset.

Inference steps and repetition ablation. Our default model formulation uses
T = 10 steps and 5 predictions (repetitions) in the ensemble. Figure 7 shows that
increasing repetitions at fixed steps yields more consistent gains than increas-
ing T beyond a small number of steps at fixed repetitions, while both increase
runtime. This provides a controllable speed—accuracy trade-off at inference time.

80.8- -19 80.8- -19
4 dataset average F1 _ 15 g0 5- 4 dataset average F1

80.5- -16
80.2- -13 80.2- -13
79.9- -10 79.9- -10
79.6- FPS [img/s] -7 79.6 - -7
79.3- -4 79.3- FPS [img/s]'4
_Inference steps @ 5 repeats ¥ 79,0 Inference repeats @ 10 steps ¥
1 2 5 10 20 50 T 2 5 10 20 50

Fig. 7: Impact of number of sampling steps (at fixed rate of 5 repetitions) and inference
repetitions (at fixed 10 sampling steps). Change detection performance is reported
on the left y-axis, measured as average F1 across 4 datasets, while inference speed is
reported on the right y-axis as frames per second (FPS; protocol in the Supplementary).

Limitations and future work. ChangeFlow currently relies on a generic pre-
trained VAE that is not explicitly designed for the binary, sparse structure of
change masks. Even though we show that the data loss is minimal in Table 1,
designing VAEs tailored to binary latent spaces may further improve boundary
precision and generation stability. For real-world deployment, further improv-
ing inference speed is another possibility, which aligns with general trends in
generative modelling. Finally, the generative formulation naturally opens the
possibility of incorporating textual guidance into the latent inference process,
enabling more flexible and potentially open-vocabulary change detection.

6 Conclusion

We have introduced ChangeFlow, a latent generative method for remote sensing
change detection (RSCD) based on rectified flow. Unlike prior generative RSCD
methods that operate in pixel space and use complex conditioning schemes,
ChangeFlow generates change masks in the latent space and uses a simpler
conditioning signal derived from bi-temporal feature differences. Our generative
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formulation enables efficient inference with a small number of generation steps
and naturally supports sampling-based prediction: aggregating multiple samples
improves robustness, and sample agreement provides a practical estimation for
the change class’s confidence. Evaluation on four benchmarks (SYSU, LEVIR,
CLCD, OSCD) yields strong results, with an average F1 score of 80.4%, 1.3
points higher than the previous best-performing method. Gains are most pro-
nounced on data with low-resolution imagery (e.g., Sentinel 2) and highly se-
mantic region-level changes. Our results indicate that latent-space generative
inference is a conceptual step forward from purely discriminative methods for
producing coherent change masks in challenging RSCD settings, and motivate
further exploration of flow-based mask synthesis for other dense prediction tasks.
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Supplementary Material

In this Appendix, we provide additional details that extend beyond the scope
of the main manuscript. The Appendix is organised as follows:

— Extended dataset details in Section A.

— Extended results with additional metrics (precision and recall), additional
ablations, as well as an additional confidence evaluation in Section B.

— Additional qualitative results, including failure cases, VAE mask re-
construction, intermediate step generation and confidence visualisation in
Section C.

— Computational efficiency protocol, extended results, and discussion in
Section D.

— Extended implementation details for our model and training, our abla-
tions and analyses, and related methods in Section E.

A Extended dataset details

Acquisition Resolution ~ Change Type Interval Region [mage count Patch Changed Unchanged

train\val\ test Pixels Pixels
Building, urban, 12000
SYSU [45] Aerial 0.5m  groundwork, road, 2007-2014 Hong Kong 4000 256 x 256 21.8 % 78.2 %
vegetation, sea 4000
s . 7120
LEVIR [g] Google Barth o Building 2002-2018 20 resions 1024 256x256 47 % 953 %
satellite in US
2048
. Multiple types 1440
cLep [z Satellite © ) siom mited to  2017-2019 CUEPEIONE gyt 96056 76 % 924 %
(Gaofen-2) China
croplands 480
. o 827
0SCD [15] Satellite 10m Urban 20152018 2 regions : 96x96 32% 968 %
(Sentinel-2) worldwide

385
Table 1: Additional details for the datasets used in the paper.

Additional dataset details are provided in Table 1. Our benchmarks span
diverse change scenarios, including building and urban expansion, as well as
changes limited to croplands. They also vary substantially in ground sampling
distance (GSD), acquisition sensor, and scale, ranging from a few hundred to
several thousand image pairs. This diversity strengthens the robustness and gen-
erality of our conclusions.

A recurring challenge in RSCD is severe class imbalance: changed pixels
typically constitute less than 10% of all pixels. SYSU is an exception, exhibiting
a higher change ratio due to larger changed regions.
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A.1 Data implementation details

Dataset splits. Official train and test splits are used for OSCD, SYSU, CLCD,

and LEVIR to ensure full reproducibility and fair comparison. We also use a vali-

dation set (for optimal threshold computation) from SYSU, CLCD, and LEVIR.
The HuggingFace public source for the data used is as follows:

— SYSU: ericyu: SYSU_ CD

— LEVIR: ericyu: LEVIRCD Cropped256
CLCD: ericyu: CLCD _Cropped 256
OSCD: blaz-r: OSCD_ RGB _Cropped 96

Data pre-processing details are listed in Appendix E.

B Extended results

B.1 Main results with additional metrics

Table 2 presents the results from the main paper with additional precision and
recall metrics. In addition to the discussion in the main body of the paper,
we note that ChangeFlow consistently achieves high recall while maintaining
a balance between precision and recall. Compared to the previous best overall
method, ChangeDINO, our method achieves a recall that is almost 5 percentage
points higher. It does, however, achieve lower precision, but when these two are
combined in F1, our method achieves a better balance.

Table 2: Change detection results across four diverse datasets and their average. We
report Precision (Pr.), Recall (Re.), and F1 score. , second, and third place results
are marked.

SYSU LEVIR CLCD OSCD Avg

Pr. Re. F1 | Pr. Re. F1 | Pr. Re. F1 |Pr. Re. F1 | Pr. Re. Fl1
FC-Siam-Diff [14]icipis 83.5 61.5 70.8 | 83.0 80.6 81.8 | 54.0 54.3 54.1 | 27.8 68.5/ 39.4 | 62.1 66.2 61.5
ChFormer [4]icarss22 82.8 735 77.9|91.7 87.3 89.5|61.4 604 60.8|60.2 40.1 481|740 65.3 69.1
SwinSUNet [57|rers22 89.2 67.2 76.6 | 86.9 OL.7 89.3 | 79.5 72.5 75.8 |61.7 46.3 52.8|79.3 69.4 73.6
GFM [34]cvpras 89.7 74.3 81.2]|90.8 88.8 89.8|82.2 732 77.5|559 525 54.1|79.6 722 75.7
GCD-DDPM [55]rcrs2a 54.5 78.9 64.5 | 79.0 82.6 80.7 | 424 52.3 46.9 | 483 3.7 7.0 |56.1 54.4 49.8
BiFA [58]rcrs2a 87.4 (80.4 90.9 88.1 89.5(79.4 70.1 745|615 27.1 374|798 664 71.3
MaskCD [56]rcrs2a 88.0 80.0 91.5 89.2 90.3 |79.5 739 76.6|60.9 24.3 34.7|80.0 66.8 71.4
ChMamba [10]rcrs24 89.6) 74.7 92.4 91.2 (91.8|87.3 74.4 80.3 | 634 36.1 45.8|83.2 69.1 74.9

MTP [52]ssTars2a 88.5 75.2 92.8 90.7 91.7 | 85.4 75.8 80.3 |43.9 66.5 52.8|77.6 (77.0 76.5
HySCDG [6]cveras 83.3 74.6 787|926 89.7 91.1|71.1 588 64.3|64.4 459 53.6 67.2
DDPM-CD [3]wacvas 87.3 74.7 80.5(93.1 88.8 90.9|789 652 714|619 26.5 37.1 63.8
SatDiFuser [22]iccvas 88.6 76.3 82.0|91.0 89.3 90.2|86.2 73.0 79.1|72.9 444 (552 70.8
BTC [44|rcrsz2s 90.2 75.8 82.4]92.7 90.3 91.5|86.2 47.1 54.3 72.3

ChangeDINO [13]arxives  88.2 (80.1 (83.9)|(92.9 ©1.4) 92.2)|86.6) (76.7 (81.4|(73.0/ 49.3 (58.8 |85.2) (74.4 (79.1)
ChangeFlow (10step, srep) 86.8 (84.3 (85.6/| 91.5 (92.7 (92.1) | [86.3) 82.8 184.5/| 62.2 (57.0) 59.5/| 81.7 (79.2) (80.4
ChangeFlow (1step, srep)  86.7 84.5 85.6 | 91.4 92.6 92.0 | 86.5 82.6 84.5|65.5 53.7 59.0|82.5 784 80.3
ChangeFlow (10step, 1rep)  88.2 80.0 83.9 | 92.8 91.3 92.0 | 87.7 81.3 84.4 | 65.1 51.5 57.5|83.4 76.0 79.5
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B.2 Additional ablations

In this subsection, we present additional ablations. First, we report an additional
experiment with a training time-step-sampling alternative. Next, we present dif-
ferent approaches to conditioning vector resizing beyond bicubic interpolation,
and finally, we evaluate different normalisation layers beyond LayerNorm. For
visual results (including VAE mask reconstructions), refer to Appendix C. Im-
plementation details are in Appendix E.2.

Training time-step sampling approach. ChangeFlow uses logit-normal time
sampling during training [17]. This type of sampling emphasises time-steps
around 0.5, which is a halfway point between noise and data. This is achieved
by sampling from the normal distribution N(0,1) and applying a sigmoid to the
value, which maps the time to the interval [0, 1]. The resulting sampled time is
thus concentrated around 0.5, focusing training on the most critical point on the
straight line, where paths are most likely to cross and require the most recti-
fication [33]. A commonly used alternative is uniform sampling on the interval
[0, 1], which assigns equal probability to all points. For easier visualisation, a
histogram of 100,000 sampled steps in both manners is presented in Figure 1

Logit-normal Uniform
1500 1000
- . 750
= 1000 c
3 3
8 8 500
500
0 ,.|I||||| ||||I|.., 0
0.00 025 050 075 1.00 0.00 025 050 0.75 1.00
Sampled time value Sampled time value

Fig. 1: Histogram of 100,000 sampled timesteps in logit-normal and uniform fash-
ion. ChangeFlow uses logit-normal sampling, which emphasises learning at the critical
halfway point between noise and data.

To demonstrate that logit-normal sampling is important for ChangeFlow, we
also evaluate a uniform alternative and present the results in Table 3. Uniform
sampling consistently performs worse across all datasets, underscoring the im-
portance of focusing training on the more critical halfway point in the rectified
flow.

Conditioning resizing. Since the spatial dimension of the VAE latent space
may not align with that of the image encoder, some form of resizing is required.
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Table 3: Training time-step sampling ablation results.

SYSU LEVIR CLCD OSCD Auwy.

F1 F1 F1 F1 F1

Logit-normal t sampling (Ours) 85.6 92.1 84.5 59.5 80.4
Uniform t sampling 85.5 915 835 57.8 79.6

In our case, the height and width dimensions of the DINOv3 encoder latent
are half the size of the VAE’s latent (downsampling by 16 vs 8). To match
the dimensions, we use bicubic interpolation to rescale the conditioning vector
(which comes from features from the image encoder). We also explored some
alternatives, with results presented in Table 4. A future possibility would also be
some form of learnable upscaling. Current results indicate that bicubic achieves
the best overall performance, while bilinear outperforms it on SYSU. Lanczos
performs worst overall, but all 3 approaches are relatively similar, indicating that
this choice is important but not to the extent of other architectural decisions,
such as normalisation layers.

Table 4: Conditioning vector resizing approach ablation.

SYSU LEVIR CLCD OSCD Auwg.

F1 F1 F1 F1 F1

Bicubic (Ours) 85.6 92.1 84.5 59.5 80.4
Bilinear 85.9 92.1 83.9 57.8 79.9
Lanczos 84.5 92.1 83.8 58.8 79.8

Different normalisation layers. ChangeFlow uses LayerNorm [1] for condi-
tioning feature normalisation, a common normalisation layer in recent architec-
tures. We also evaluated two other options: InstanceNorm and BatchNorm. Re-
sults are presented in Table 5. LayerNorm achieves the best overall performance,
while both alternatives perform considerably worse. This can be explained by
the general properties of normalisation layers: BatchNorm depends on batch
statistics and can introduce instability when the batch contains heterogeneous
bi-temporal pairs, whereas InstanceNorm removes instance-specific contrast in-
formation useful for change detection. In contrast, LayerNorm normalises fea-
tures along the channel dimension of each spatial location independently of other
samples, preserving per-pixel structure while ensuring consistent feature scaling.
These properties make LayerNorm particularly well-suited for conditioning gen-
erative models, yielding the strongest performance in our setting.



ChangeFlow 5

Table 5: Normalisation layer ablation.

SYSU LEVIR CLCD OSCD Auwg.

F1 F1 F1 F1 F1

LayerNorm (Ours) 85.6 92.1 84.5 59.5 80.4
InstanceNorm 84.0 91.6 80.8 56.6 78.3
BatchNorm 84.4 92.0 83.7 56.2 79.1

B.3 Additional confidence results

In this subsection, we present additional analyses of the confidence our model
produces through ensemble aggregation. First, we analyse the rule for bina-
rising /thresholding predictions in the ensemble based on prediction agreement
(2-predictions-equal-change). We then present additional qualitative results, fol-
lowed by the quantitative evaluation. Implementation details for our analyses
are in Appendix E.2.

Optimal confidence threshold. To find the optimal threshold for binarising
our predicted ensemble of change masks, we evaluate different thresholds on the
validation set. Since OSCD does not contain a validation set, we skip it. The
optimal binarisation regime in an ensemble of five predictions is to consider a
region changed if at least two predictions mark it as such, as shown in Figure 2.
Figure 3 illustrates that this point represents the best precision-recall trade-off,
but the model offers the option to either prefer recall or precision by varying
this threshold. For fair evaluation, we use the optimal technique in terms of F1
(2-predictions-equal-change) from the validation set to evaluate ChangeFlow on
the test set in the main paper.

Additional qualitative results. Additional confidence visualisations with ac-
companying discussion are in Appendix C.5.

Quantitative evaluation. Besides the above analysis, we also try to quantita-
tively assess the usefulness of this confidence signal. We compute error-AUROC,
which measures how well low-confidence pixels predict actual binary errors. To
compute this metric, we treat each pixel’s error indicator (1 if the predicted
label differs from the ground truth, 0 otherwise) as the binary target, and the
confidence score derived from sampling agreement as the predictor. We convert
confidence into an error score by taking 1 minus its value, so that low-confidence
pixels correspond to higher predicted error.

Table 6 reports dataset-level results. ChangeFlow achieves relatively high
error-AUROC values ranging from 0.70 to 0.87, indicating that its confidence
identifies error-prone pixels in most cases. The performance is lowest on SYSU,
where the regions are large, so many pixels can be misclassified if the region-level
decision is incorrect.
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Table 6: Dataset-level error-AUROC for ChangeFlow. Error-AUROC measures how
well low-confidence pixels (derived from sampling-based agreement) predict true errors.
Higher is better.

Dataset Err-AUROC 71

OSCDY6 0.870
LEVIR 0.864
CLCD 0.769
SYSU 0.703

The confidence mechanism is particularly beneficial for downstream appli-
cations requiring conservative or safety-aware predictions. Overall, these results
demonstrate that ChangeFlow not only improves raw F1 accuracy but also pro-
vides a meaningful confidence signal that can be leveraged for selective prediction
or human-AT collaboration workflows. While this confidence is not ideal and
offers many opportunities for further improvement, it has many benefits that
prior discriminative methods do not offer, namely the precision-recall trade-off
(Appendix B.3), benefits from ensembling, and more expressive visual feedback
(Appendix C.5).

C Additional qualitative results

This section provides additional qualitative results. First, we present the ex-
tended main qualitative results in comparison with a wider selection of related
work (Appendix C.1), followed by some failure cases (Appendix C.2). Next, we
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present visual VAE mask reconstructions (Appendix C.3) and visualisations of
intermediate generation steps (Appendix C.4). Finally, we present additional
confidence visualisations (Appendix C.5).

C.1 Main qualitative results

Figure 4 presents visual results in comparison to a wider set of related meth-
ods. ChangeFlow excels at predicting more coherent change masks and captur-
ing full changed regions (low number of false negatives). No prior method can
consistently match this behaviour across multiple datasets, as also reflected in
ChangeFlow’s superior recall (see Appendix B.1).

GT ChangeMamba BiFA HySCDG GCD-DDPM DDPM-CD  MaskCD BTC ChangeDino ChangeFlow

Pre-change Post-change

SYSU

Fig. 4: Additional qualitative results.

C.2 Failure cases

Figure 5 contains a visualisation of some failure cases. ChangeFlow does miss
some changed regions in specific situations, but the visualisations show that
most other methods struggle with similar problems. The hardest example is
shown in the CLCD row, where no model correctly predicts the majority of the
changed region, indicating its high semantic nature and difficulty. In the first
two rows (SYSU and LEVIR), we see that some of these changes may be due
to mislabelling. Later (see additional confidence visualisations below), we show
that the model is quite uncertain about the misclassified LEVIR case.
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Fig. 5: Additional failure qualitative results.

C.3 Visualisation of VAE mask reconstruction

Our method uses a pretrained variational autoencoder (VAE) from SD-XL [41].
This network was originally trained on RGB images, so it is immediately obvious
that we can also encode binary change masks with minimal loss of data. We
verified this and presented the results in the main paper (Section 4.1), with
minimal drop in F1 score and mean absolute error. In Figure 6, we also support
the quantitative results with visual proof that the VAEs trained for RGB images
sufficiently encode binary masks. The implementation details for the analysis are
in Appendix E.2. Even if this whole observation might not be intuitive at first
glance, we note that a binary image is a special case of an RGB image, so it is
natural that a certain subspace of the VAE latent space encodes such imagery.

‘ ‘ A
* ‘

Fig. 6: Original (top row) and reconstruction (bottom row) of binary change masks
through pretrained SD-XL. VAE. The encoding process preserves the details and struc-
ture of masks with minimal data loss. Refer to the main paper Section 4.1 for quanti-
tative evaluation.

C.4 Intermediate steps visualisation

Figure 7 presents a visualisation of all 10 generation steps to complement the 5
with a stride of 2 in the main paper. As we can see, and as we have quantitatively
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evaluated in the main paper, the coherent region appears quite early in the
process. The final steps then predominantly focus on border refinement (we
recommend zooming in to see this clearly).

Pre-change Post-change Step: 1 2 3 4 5 6 7 8 9 10

CLCD LEVIR SYSU

0OSCD

Fig. 7: Visualisation of intermediate steps in the latent generative mask prediction.
ChangeFlow iteratively predicts from pure noise to a binary mask. Here, we decode
the intermediate latent representation into a binary mask at each step.

C.5 Additional confidence visualisations

Figure 8 presents 4 additional cases of confidence-based prediction visualised.
This effect is especially pronounced in the case of SYSU and CLCD. Multiple
predictions in the ensemble ensure that all changed regions get coherently pre-
dicted. In the case of LEVIR (an example from a previous failure case), we can
see that the building-like object on the lake (which the annotators did not con-
sider a change) yields a relatively uncertain prediction (low intensity) and could
have been avoided with stricter binarisation conditions.

D Computational efficiency

Details of our computational-efficiency evaluation protocol are provided in Ap-
pendix D.1. We additionally report complementary metrics for our method and
selected state-of-the-art baselines, including GFLOPs and inference time in Ap-
pendix D.2.

D.1 Protocol

We report three efficiency metrics: parameter count, inference time (also ex-
pressed as frames per second, FPS), and GFLOPs. GFLOPs are measured with
the official PyTorch profiler.

The protocol closely follows the one from [44]. Inference time is measured
using a pair of 256 x 256 RGB inputs. All models, except ours, are evaluated
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Pre-event Post-event GT Prediction

=

Fig. 8: Additional visualisations of ensembled predictions where prediction agreement
yields confidence with respect to change class.

in float16 where supported. Our model does not support float16 for all mod-
ules; therefore, we use torch compile when measuring inference time. To robustly
measure the metrics, we perform 1000 warm-up forward passes followed by 1000
timed forward passes; this procedure is repeated five times, and we report the av-
erage runtime per forward pass. All measurements are conducted on an NVIDIA
A100-SXM4 40GB GPU (and AMD Epyc 7H12 CPU) on a Slurm cluster. We
use the same protocol for all methods and efficiency results.

D.2 Extended computational results

Table 7 shows extended computational efficiency results including frames per
second (FPS) derived from inference time, parameter count, floating operations
per second (FLOPS), and change detection metrics. ChangeFlow outperforms
ChangeDINO by 1.3 points in change detection but offers comparable through-
put and inference time. Some other discriminative methods, such as BTC and
HySCDG, do achieve faster inference, but they do not perform nearly as well as
ChangeFlow in change detection.

Due to multiple inferences, ChangeFlow has a higher FLOPS value, in line
with related diffusion-based models (DDPM-CD and SatDiFuser). This is not an
issue on modern hardware with massive parallelisation capabilities, as reflected
by FPS metric. We argue that FPS is a much better measure of the model’s
actual inference speed, as reflected in the comparison between our lstepbrep
and 10steplrep setups: the FLOPS value is higher (due to parallelisation) for
the multiple-repetition setup, but inference is actually faster, as these repetitions
can be easily parallelised on modern GPUs.

The previous generative method, GCD-DDPM, is almost 3 orders of magni-
tude slower than our method. This stems from its complex conditioning scheme,
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which uses the auxiliary CD architecture’s output for guidance. It also operates
in pixel space and does 1000 generation steps, as opposed to 10 latent steps in
ChangeFlow.

Another observation is that, even though ChangeFlow is a true generative
method, it operates faster than DDPM-CD and SatDiFuser, which use a gener-
ative (diffusion) network solely as a feature extractor, while achieving substan-
tially higher change detection accuracy.

Table 7: Computational efficiency results for each model. We report FPS (derived
from inference time), inference time, parameter count, GFLOPs, and average Precision,
Recall, and F1 across 4 datasets. All results were obtained using an Nvidia A100-SXM4
40GB GPU using the above-described protocol.

FPS Inference Time Param. FLOPS Avg

[img/s] [ms] M] [10°]  Pr. Re. F1
FC-Siam-Diff [14] 170.14+0.0 5.9+0.0 1.4 4.6 62.1 66.2 61.5
ChFormer [4] 36.240.0 27.640.0 41.0 234.6  74.0 65.3 69.1
SwinSUNet [57] 33.1+0.1 30.2+0.1 43.6 326 793 69.4 73.6
GFM [34] 44.9+0.1 22.3+0.1 120.5 109.2  79.6 72.2 75.7
GCD-DDPM [55] 0.0240.0 43563.6+0.0 131.9 531997.7 56.1 54.4 49.8
BiFA [58] 32.2+0.0 31.0+0.0 9.9 4.3 79.8 66.4 71.3
MaskCD [56] 6.540.0 153.5+1.0 107.4 143.2 80.0 66.8 71.4
ChMamba [10] 14.4+0.0 69.6+0.2 92.4 96.2 83.2 69.1 74.9
MTP [52] 31.240.0 32.140.0 107.8 1969 77.6 77.0 76.5
HySCDG |[6] 41.040.1 24.440.0 65.1 64.8 77.8 67.2 719
DDPM-CD [3] 4.6+0.0 217.6+0.4 437.5  8871.2 80.3 63.8 70.0
SatDiFuser [22] 1.8+0.0 542.240.9 1413.6  6142.9 84.7 70.8 76.6
BTC [44] 32.440.0 30.84+0.0 120.1 221.4 833 723 773
ChangeDINO [13] 8.9+0.5 112.3+6.2 311.1 1269.1 85.2 74.4 79.1

ChangeFlow (10step, 5rep)  8.140.0 124.2+0.0 403.3 46739 81.7 79.2 80.4

ChangeFlow (1step, srep) 18.24+0.0 55.0+0.0 403.3  3543.1 82.5 784 80.3
ChangeFlow (10step, 1rep) ~ 15.340.1 65.2+0.5 403.3 11884 834 76.0 79.5

E Extended implementation details

This section contains detailed implementation details for our model in Ap-
pendix E.1, implementation details for our ablations and analysis (coherence)
in Appendix E.2, and finally also details regarding the related methods in Ap-
pendix E.3.

All experiments, including all our experiments and related method execution,
were conducted on an NVIDIA A100-SXM4 40GB GPU (and AMD Epyc 7H12
CPU) on a Slurm cluster.
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E.1 Our model - ChangeFlow

This subsection contains additional implementation details not included in the
main paper for the modules used in ChangeFlow: the SD-XL VAE, the diffusion
transformer (DiT), the DINOv3 image encoder, feature difference and normali-
sation, ensembling details and other training-related details.

SD-XL VAE. We use the VAE from SD-XL (Stable Diffusion XL) [41] for image
generation. It is kept frozen in the base model, so no gradient flows through
the encoder or the decoder. We selected it for its compact 4-channel latent
space (d = 4). We also ablated this choice as useful in ablation studies of the
main paper. Specifically, we use the HuggingFace stabilityai/sdxl-vae version and
keep all details unchanged. We utilise the scaling factor and, as standard [41],
multiply the latent by 0.13025 and then, before decoding, divide by it. As already
explained in the main paper, to convert a binary mask to RGB, we simply repeat
the value along the channel dimension. When decoding, we simply average the
3 RGB channels to retrieve a single-channelled binary mask. Since the VAE
expects images to be normalised to the range [—1, 1], we rescale all masks to this
range before encoding, then back to [0, 1] after decoding.

DiT model. As the model that predicted the velocity field, we opt for the
recent diffusion transformer (DiT). The architecture itself is based on LLaMA-2
DiT, with the implementation adopted from the minRF GitHub repo. We set
the channel dimension to 256, use 10 layers with 8 heads each, and a patch size of
1. We do not use class embeddings or classifier-free guidance. The input channel
dimension is set to the sum of the image encoder dimension ¢ and the VAE latent
dimension d, specifically 1024 + 4, for a total of 1028, since the model receives a
concatenation of feature difference and noise in the shape of a mask VAE latent
(see Section 4.1). Output channel dimension is set to VAE latent dimension (4,
which matches the latent of the expected output mask latent). The model also
takes the time-step value in the range [0, 1] as an input, which is then embedded
using the TimeEmbedder (see the repo mentioned above for details). Other DiT
hyperparameters remain the same as in the repo mentioned above. This module
has an initial learning rate of 1-107%.

Image encoder. We use DINOv3 ViT-L as a shared weight image encoder,
specifically the version from HuggingFace facebook/dinov3-vitl16-pretrain-lvd-
1689m. It has a hidden dimension of 1024, a patch size of 16, and 24 layers.
We do not modify any default hyperparameters and use the provided image
normalisation parameters. The model is finetuned during training following [44],
and we set the learning rate of this module to 5-107°. We extract the features
from the last (24th) layer. We discard register and class tokens and reshape
features from R!*¢ to R *Xw'x¢ where ' = w’ = v/ and ¢ = 1024.
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Feature difference and normalisation. To obtain a conditioning vector, fea-
tures extracted with the above-described image encoder are normalised before
subtraction (differencing). We opt for LayerNorm [1], a standard choice and the
best performer according to ablations in Appendix B.2. This is applied across
channel (embedding) dimension ¢, in the feature map R? *»"*¢_ LayerNorm hy-
perparameters remain default as in PyTorch, and the trainable scale parameters
have the same learning rate as DiT: 1-1074.

Feature difference is computed per element, meaning that given two feature
maps, both of shape R" *®'X¢ we subtract the values at the same indices of
', w',c. In our base model, we then apply the absolute value to this difference.
This absolute difference represents our conditioning vector.

Finally, the conditioning vector is resized to match the VAE spatial dimen-
sions (in our case, we upscale b’ and w’ by a factor of 2) using simple bicubic
interpolation (PyTorch implementation). This choice of resizing method is ab-
lated in Appendix B.2.

Ensembling details. To obtain an ensemble of predictions, we repeat the in-
ference N times, where N = 5 in our base model, the same way as explained
for a single inference. More specifically, this means that we sample N noise vec-
tors Rhxwxd N(0,1) that have the same shape as the expected mask VAE
latent. These then undergo the standard 10-step inference via ODE integration,
resulting in N final change-mask latents: {Z;|i € 0..N}. These are then indi-
vidually decoded via the VAE decoder, and the RGB channels are averaged
to obtain single-channel binary masks, resulting in a final ensemble of binary
change masks {M;|i € 0..N}. We then stack predictions in a new dimension to
obtain M,,s € RN*hxw and aggregate via averaging across the new dimension
to obtain a final prediction M € Rh*w,

During inference, this process can be easily parallelised since the repetitions
are independent. By stacking the NV different initial noise vectors {z%|i € 0..N'} in
a new dimension to get xbetched ¢ RNxhxwxd the ODE integration is performed
in batched manner, resulting in a batched final latent gtetched ¢ RN*hxwxd
which is then decoded and merged as explained above. This means that in-
creasing repetitions increases inference time with respect to the parallelisation
capabilities of modern hardware, in theory enabling a smaller overhead with
better parallelisation.

Other details. As already explained in the main paper and above, we obtain
a single channel prediction from the ensemble of N predictions RNV*"xw by
averaging across the ensemble dimension N to get R"*™. The values in this
prediction are continuous but represent 5 different hypotheses. To achieve the
effect of two predictions indicating a change in continuous space, we set the
threshold to 0.3. This is equivalent to discretising into 5 values (with rounding)
and then thresholding at > 2. This was established as the optimal threshold on
the validation set with results presented in Appendix B.3.
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As explained in the main paper, we sample time steps during training in a
logit-normal fashion (see Appendix B.2 for details and ablations). During infer-
ence, time steps are equally spaced on the interval [0, 1]. In our case, we use 10
timesteps (T = 10). The value was simply selected as the one where performance
according to ablations is good, but the same ablation also shows that increasing
T does not yield consistent gains. The number of repetitions in the ensemble (i.e.,
5) was selected as it represents a good speed-performance trade-off. While we
could’ve selected a higher value to achieve even better CD performance, we be-
lieve our selection is a fair choice given its similar inference speed to the previous
best method.

As already explained in the main paper, we use rotation and flipping aug-
mentations, each applied with a probability of 30%. All input images are of size
256 x 256, which means that for OSCD, we rescale the images from crops of
96 x 96, following other works [44,52]. Data normalisation is specified above for
the image encoder and VAE. Dataset details are in Appendix A.

A cosine scheduler without restarts is used in all cases, with the PyTorch
default implementation. The Muon optimiser comes from the Timm library. We
picked this option with the recent success of LLM applications, but the change
in results compared to AdamW was minimal in preliminary studies.

Metric implementations come from TorchMetrics and augmentations from
Albumentations.

E.2 Ablation and analyses implementation details

Encoder ablation details. All parameters stay the same as for the base model,
except for the following, which are specific to encoder selection. For DINOv2, we
use facebook /dinov2-large; all hyperparameters stay the same. For the DINOv3
satellite, we use facebook/dinov3-vitl16-pretrain-sat493m, all hyperparameters
stay the same. For RADIO 2.5, we use nvidia/RADIO-L; all hyperparameters
stay the same, except the learning rate, which is divided by 10, and normalisation
is set to author-provided. For RADIO 4, we use nvidia/C-RADIOv4-SO400M
(ShapeOptimised version since there is no ViT-L), and the hyperparameters are
the same as in RADIO 2.5.

Conditioning ablation details. The process of base-feature normalisation and
differencing is explained in the implementation details above for ChangeFlow.
For other ablated options, we list the details here.

Feature difference is computed per element, meaning that given two feature
maps, both of shape Rh/xw/xc, we subtract the values at the same indices of
', w’,c. When we compute a signed difference, we subtract the feature map of
the second image (the one at a later time step) from that of the first. In the case
of concatenation conditioning vector, we concatenate the features in the channel
dimension to obtain R xw'x2c (and accordingly adjust the DiT input channel
dimension).

In the case of L2 normalisation, we compute the L2 vector norm across the
channel dimension of feature map R *w'xe¢ (resulting in RM*%" norm vector),
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then divide all corresponding channel values by this norm. Unlike LayerNorm,
this option does not contain the learnable scale parameters.

VAE ablation details. We use the following VAEs from Huggingface and leave
all hyperparameters the same as the original: stabilityai/sdxl-vae, stabilityai/-
stable-diffusion-3.5-medium, black-forest-labs /FLUX.1-dev, and Tongyi-MAI/Z-
Image-Turbo. The encoder is always frozen, while the decoder is frozen except
in ablations where indicated. Since the input of DiT is defined as the sum of
the VAE latent dimension d and the image encoder latent dimension ¢, the VAE
part of the dimension is accordingly changed to the latent dimension of VAE:
d = 4 for SD-XL and d = 16 for all others.

In experiments where we also finetune the SD-XL. VAE decoder, we use a
standard binary dice loss (same as in [44]) on the change mask, computed with
single-step single-repeat inference and binarised from RGB to a single channel.
The gradient passes through both the VAE decoder and the DiT, enabling us to
avoid the standard rectified flow MSE loss in the "Pixel loss only" experiments.
All other parts of DiT and the image encoder keep the same configuration in
these experiments. We set the VAE decoder learning rate to the same as DiT’s:
1-10%. In the case of the CNN decoder, it is a UNet-like model with a single
final CNN block with a channel dimension of 256. Its weights are randomly
initialised. Even with the CNN decoder, we keep the VAE encoder for target
mask encoding. The learning rate, gradient propagation, and loss are the same
as in the finetuned VAE case explained above.

Coherence analysis details. In the main paper, we perform two analyses:
one to calculate the deviation from the expected number of holes, and the other
to calculate the deviation from the expected connected component (CC) count.
We use these metrics to qualitatively evaluate coherence based on the fact that
coherent prediction should: (i) match the expected changed region count (CC
deviation metric) and (ii) not contain sporadic holes in change masks (hole
deviation metric).

To compute these metrics, we operate on the binary change mask produced
by each method. For the C'C metric, we extract all foreground connected com-
ponents using the SciPy library (default parameters) and retain only those with
an area exceeding a small threshold (10 pixels in our experiments). Components
below this threshold are considered spurious fragments and removed. We then
count the remaining components and compare this count to the ground-truth
CC count (obtained the same way but with ground truth mask), yielding the
connected-component deviation.

For the hole metric, we apply the same procedure to the background: we
identify all background connected components and discard those that touch the
image border, since such regions represent true background rather than holes.
Among the remaining enclosed components, we keep only those whose area ex-
ceeds the same minimum threshold, and their count forms the hole count for
that prediction. The difference between this value and the ground-truth hole
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count (obtained as explained above but with ground truth mask) yields the hole
deviation.

Both metrics quantify structural coherence by penalising either unnecessary
fragmentation (extra CCs) or unwanted perforation of change regions (holes).
Lower deviation indicates that a method produces more globally consistent
change masks.

For the experiment where we calculate these metrics at the intermediate steps
of the ChangeFlow masks, we use the exact same approach as above, applied to
masks decoded from intermediate latents and thresholded as in the base model.

E.3 Related methods implementation details

For all models, we use the same data as in our case. We do adopt the normali-
sation and other model-specific settings for data processing.

We use the official code, hyperparameters, and weights provided by the au-
thors for all evaluated remote sensing foundation models. The specific versions
of the code used are as follows (repo + commit):

— GFM [34]: GFM commit: 4dd248e8544b3b6a49f5173b0931d97al7a7{424

— MTP [52]: MTP commit: 962{7{d8781c095eb26db65ead3016e666b6d417

— SatDiFuser [22]: MTP commit: 962{7fd8781c095eb26db65ead3016e666b6d-
417

Since foundation models lack a predefined, exact change-detection architec-
ture, we adopt the authors’ architecture code and load the weights as the encoder
into the BTC framework [44]. The configuration for MTP and GFM is the same
as in [44]. For SatDiFuser, we use the default parameters and UPerNet decoder
with simple feature difference, similar to BTC [44].

We use official code, hyperparameters, and weights (where applicable) for all
change detection methods. The following are repos and commits:

— FCS-Diff [14]: fully _convolutional change detection commit: 4dd8323125-
319a7ebb16cbfa9912541ceabac9a

— ChangeFormer [4]: ChangeFormer commit: afd1b7ed640aa265a2¢730de9584-
16ae7356a2f9

— SwinSUNet [57]: SwinSUNet commit: 721daf84238eda40fb49d626c21df4ed-
2246aa9e

— GCD-DDPM [55]: GCD commit: ecf225¢55e849dc92d948e6ed0ed9ff05163b-
96

— BiFA [58]: BiFA commit: 56cd0dad61e5e4b0d6a9b4{3321f0a81a91d21b8

— MaskCD [56]: MaskCD commit: 31e3el5c50a81a369fcTfec2134b61fbedaa60-
05

— ChangeMamba [10]: ChangeMamba commit: a91b82ee45059cel59f5{6f5d8e-
5818c33b84e68

— HySCDG [6]: HySCDG commit: 05db2154dc9f24ee650fb27285617abbf38d-
8a9e, pretrained model weights from HF: Yanis236/FSC-Pretrained
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— DDPM-CD [37]: ddpm-cd commit: 4970792{65227958faalde787649ce2¢5H8-
39f12

— BTC [44]: BTC-change-detection commit: db41090£2{26b84b2bd803b5177-
56a10f0805b2f

— ChangeDino [13]: ChangeDINO commit: 1870b2641b0eb83d367a484e53e023-
b578b26¢1f

We keep all hyperparameters the same as those set by the authors, except for
the epoch count on SYSU and OSCD, where we perform some tuning to improve
performance given the dataset size differences.



	ChangeFlow - Latent Rectified Flow for Change Detection in Remote Sensing

