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Abstract. Open-Vocabulary Change Detection (OVCD) faces a funda-
mental granularity gap: foundation models prioritize high-level semantic
abstraction while change detection requires pixel-level spatial fidelity.
Traditional OVCD methods rely on instance extraction models, intro-
ducing spatial semantic ambiguities and leading to over-segmentation
or under-segmentation in remote sensing scenarios. To bridge this gap,
we propose Free-CD, a training-free OVCD framework that reformu-
lates the task by predicting a change probability distribution rather than
enforcing binary change masks via instance boundaries. We introduce
RIFI-Up, an upsampler that enforces a resolution-invariant feature in-
version constraint, enabling high-fidelity detail recovery without seman-
tic artifacts. Additionally, we propose a Bayesian Probability Correction
mechanism that separates change priors from semantic categorization,
introducing a correction term to rectify change area discrimination and
enforce bi-temporal semantic consistency. Extensive experiments on four
remote sensing datasets demonstrate that Free-CD consistently outper-
forms current methods, establishing new standards in accuracy and gen-
eralization for open-vocabulary change detection. Code is available at
https://github.com/20374230/FreeCD.
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1 Introduction

Semantic Change Detection (SCD) stands at the critical intersection of Earth
observation and computer vision, transforming bi-temporal data into action-

* corresponding author.


https://orcid.org/0009-0002-6123-3775
https://orcid.org/0000-0003-0465-2340
https://orcid.org/0000-0003-0483-1306
https://github.com/20374230/FreeCD

2 Y. Zhu et al.

Free-CD DynamicEarth

‘E“i’fﬁgﬂ

[ No-change - Low vegetation - N.vg. <urlace- Tree - Water - Bu|ldmg - Playgmund

Fig.1: A qualitative comparison between DynamicEarth and the proposed
Free-CD framework. The results illustrate that DynamicEarth exhibits clear limita-
tions in both region delineation and category discrimination accuracy.

able insights for urban planning, disaster response, and environmental conserva-
tion ||§|, While supervised learning has achieved pixel-level precision,
it remains restricted by fixed vocabularies. The dynamic nature of the physical
world demands Open-Vocabulary Change Detection (OVCD), a paradigm lever-
aging Vision-Language Models (VLMs) to identify arbitrary changes beyond
predefined categories. However, the core challenge of OVCD lies in a fundamen-
tal granularity gap: foundation models (e.g., CLIP, DINO) prioritize high-level
coarse semantic abstraction, whereas change detection necessitates pixel-level
spatial fidelity.

To bridge this granularity gap, contemporary OVCD architectures like Dy-
namicEarth leverage instance extraction models like the SAM or APE
to provide fine-grained spatial boundaries. However, this paradigm tightly
couples detection with recognition and imposes rigid semantic boundaries, over-
looking a critical fact: the instance extraction process itself inherently introduces
spatial semantic ambiguities. This manifests as over-segmentation (splitting a
single semantic object into multiple masks) or under-segmentation (merging dis-
tinct objects into one). In remote sensing scenarios, where region-based land
cover types (e.g., farmland, grasslands) significantly outnumber discrete object
instances (e.g., buildings), such low-quality instance extraction severely corrupts
semantic discrimination. As illustrated in Fig. [I] this architecture proves partic-
ularly fragile when handling land cover classes with strong regional continuity
(e.g., bare soil) or fuzzy semantic boundaries (e.g., low vegetation and trees).
Crucially, forcibly generating deterministic masks and assigning them singular
semantics introduces spurious confidence. This underscores the need for a mech-
anism that can explicitly model boundary fuzziness and semantic uncertainty.

Motivated by these observations, we reformulate the OVCD objective. In-
stead of enforcing binary change masks via instance boundaries, we recast po-
tential change region proposals as predictions of a change probability distri-
bution. This probabilistic formulation naturally accommodates ambiguity while
maintaining pixel-level spatial fidelity through a high-fidelity feature upsampling
scheme. Acknowledging the scarcity of annotated data in open-vocabulary set-
tings, we explore a training-free pathway that leverages the intrinsic priors of
foundation models to mine latent change relations in remote sensing scenes.
Specifically, we propose Free-CD, a training-free OVCD framework that de-
composes the task into two parallel sub-tasks: potential change region proposal
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and bi-temporal open-vocabulary segmentation. To ensure consistency between
change detection and semantic discrimination, we introduce a Bayesian Probabil-
ity Correction mechanism. This mechanism jointly calibrates the change proba-
bility map using bi-temporal semantic cues and enforces bi-temporal consistency
via robust mask operations. Furthermore, to address semantic artifacts caused
by traditional upsampling, we design RIFI-Up. This novel module incorporates
a resolution-invariant feature inversion constraint, ensuring high-fidelity spatial
detail recovery while preserving semantic consistency throughout the upsampling
process. The contributions of this paper are summarized as follows:

i) Free-CD: A training-free OVCD framework that mathematically reformu-
lates spatial upscaling and semantic inference, enabling high-performance change
detection across multiple categories without task-specific training.

ii) RIFI-Up: A feature upsampler enforcing a resolution-invariant feature
inversion constraint. It enables pixel-level fidelity through direct reconstruction
without semantic drift by leveraging resolution-invariance from Fourier Neural
Operators.

iii) Bayesian Probability Correction: A mechanism that separates change pri-
ors from semantic categorization, introduces a correction term to rectify change
area discrimination, and enforces bi-temporal semantic consistency.

iv) SOTA Performance: Extensive experiments on four remote sensing bench-
marks demonstrate Free-CD’s superiority over state-of-the-art methods, estab-
lishing new standards in accuracy and generalization for open-vocabulary change
detection.

2 Related Works

2.1 Remote Sensing Image Change Detection

Remote sensing image change detection is primarily categorized into two tasks:
Binary Change Detection (RSIBCD) and Semantic Change Detection (RSISCD)
[41]. RSIBCD identifies significant surface changes between bi-temporal images,
outputting a binary change map. Most deep learning-based methods employ con-
volutional or transformer architectures for supervised learning, focusing on en-
hancing feature representation and discrimination. Research directions include
minimizing information loss [20}[35[42], designing feature enhancement mod-
ules [3},/15,/24,/61], and leveraging edge information [2[31,/52]. Recent efforts also
explore adapting foundational models like SAM for change detection [10].
RSISCD extends binary detection by further identifying the specific types of
changes (e.g., from forest to urban). Mainstream approaches include: Multi-task
Learning Frameworks, which jointly solve binary change detection and seman-
tic segmentation [8,[16,/17,23|[38]. These works focus on spatiotemporal con-
sistency, multi-scale fusion, and task-decoupling strategies. Post-Classification
Comparison (PCC) compares independent semantic segmentation results from
each timestamp [16,[50]. While prone to error accumulation, this paradigm has
inspired recent OVCD methods like DynamicEarth [29]. In summary, despite
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significant progress, the field still faces challenges, including limited quality
and scale of the labeled dataset, the complexity of detecting diverse land cover
changes in high-resolution imagery, and the growing demand for algorithmic effi-
ciency in practical applications. OVCD thus presents a novel and transformative
solution. Its ability to transcend predefined categories and operate with user-
defined semantic queries directly addresses the core limitations of conventional
methods, offering a path toward more generalizable and annotation-efficient
change analysis.

2.2 Open-Vocabulary Semantic Segmentation

Open-Vocabulary Semantic Segmentation (OVSS) aims to segment images based
on arbitrary textual concepts, breaking away from the constraints of prede-
fined categories. Early OVSS methods predominantly adopted two-stage frame-
works [1112225,|32}34,/43\|55] 56|, which first utilize instance proposal networks
(e.g., Mask2Former [14] or SAM [27]) to extract category-agnostic mask can-
didates, followed by open-vocabulary classification using vision-language mod-
els such as CLIP [44]. While effective in natural images, the two-stage OVSS
paradigm faces two domain-specific challenges when applied to remote sensing
that hinder its effectiveness. First, under high resolution, instance proposers like
SAM generate excessive fine-grained segments, which leads to over-segmentation
and introduces numerous trivial instances that severely interfere with subse-
quent semantic discrimination. Second, ambiguous object boundaries arise be-
cause many land cover types (e.g., low vegetation and trees) exhibit gradual
transitions and fuzzy semantic boundaries, which confuses instance extraction
and leads to fragmented or inaccurate proposals. To overcome these limitations,
recent remote sensing OVSS methods have increasingly adopted one-stage frame-
works [5[281[531[58]. These approaches directly predict semantic masks from im-
age features using a unified architecture, eliminating the reliance on standalone
instance proposal networks. In handling diverse remote sensing scenarios un-
der the OVSS setting, one-stage methods circumvent the problematic instance
extraction step, thereby effectively avoiding over-segmentation and boundary
ambiguity, and demonstrating stronger robustness and better accuracy.

Recent advances in remote sensing-oriented OVSS methods [5,28}[30L58| have
demonstrated strong generalization capability and segmentation accuracy across
diverse remote sensing scenarios and multiple land cover categories. Inspired
by these works, FreeCD abandons instance-level change proposals, reinterprets
change detection as the prediction of change probability distributions, and yields
promising performance.

3 Task Definition and Formulation

Let F' denote the event that a change occurs at a given location between bi-
temporal remote sensing images, and let C represent the predefined open-vocabulary
category set (including both foreground categories and the background class).



Free-CD 5

Bitemporal images! Potential Change Area Proposal ;, \:f Bayesian Probability

Correction
CINE
Vision g
Encoder C
Low -res.

Feature RIFI-Up I\ Potential
:: Change Area  pum
I v O

7

Background
Probability
Rectification

Aueus
QuIso))

e

High-res Feature

Background
probablity

OVsS
Model

|

Bi-temporal
semantic prohab]lly

Fig. 2: Illustration of Free-CD Framework. The processing pipeline consists of three
steps: Potential Change Area Proposal, Bi-temporal Open-Vocabulary Segmentation,
and Bayesian Probability Correction.

One of the OVCD objectives is to predict the joint conditional probability
P(F,c; | C) of a location undergoing a change belonging to category ¢; € C
in one temporal phase. Since the change event F' depends solely on regional dif-
ferences between bi-temporal images and is independent of specific categories,
this joint probability can be decomposed as:

P(F,¢; | C) = P(F)- P(¢; | C), (1)

where P(F') represents the probability of a potential change occurring in the
region (corresponding to the Potential Change Area Proposal task), and P(c; |
C) denotes the conditional probability of the region belonging to category ¢;
(corresponding to the Bi-temporal Open-Vocabulary Segmentation task).

4 Free-CD

In this paper, we present Free-CD, a unified OVCD framework as illustrated
in Fig. 2] This framework separates OVCD into two parallel tasks: potential
change area proposal and bi-temporal open-vocabulary segmentation. The po-
tential change area proposal process estimates the probability P(F') of a region
undergoing a potential change. The bi-temporal open-vocabulary segmentation
branch performs object-boundary segmentation and category discrimination on
the bi-temporal images, yielding the conditional probability P(c; | C) for each
category ¢; € C for each time phase. In the Bayesian Probability Correction stage,
the results from the two branches are integrated through background-probability
correction and mask fusion, producing the final change-mask image.

4.1 Potential Change Area Proposal

We adopt a straightforward approach to obtain the potential change region pro-
posal: the features extracted by the feature encoder from the bi-temporal images
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are directly up-sampled, and then the similarity of the high-resolution features is
compared pixel-wise to obtain the potential change area probability P(F). This
process can be formally described as follows:

Fi = dsenc(z-i)a (XS {1a2}’
F' =, (F), ic{l2), 2)

K3

P<F> = ésigmoid (_ésim(Flup, F;p».

Given bi-temporal remote sensing images Z;,i € {1, 2}, the pre-trained fea-
ture encoder @, first extracts low-resolution features F;. Then, the feature
upsampler RIFI-Up &,,(+) is applied to obtain high-resolution bi-temporal fea-
tures F;"’. RIFI-Up leverages the stacked parameterized Joint Bilateral Upsam-
pler (JBU) [21] to operate feature upsampling. Details of RIFI-Up can be found
in Sec. bl Since the JBU operates with reference to the original image resolution,
the potential change region proposal process is robust to resolution variations.
Following [60], cosine similarity is used to measure the degree of change between
bi-temporal images, and a sigmoid function Pgigmoida(-) normalizes the cosine
values into a probability representation.

4.2 Bi-temporal Open-Vocabulary Segmentation

The Bi-temporal Open-Vocabulary Segmentation process performs semantic seg-
mentation independently on each temporal image to delineate object boundaries
and identify semantic categories in the bi-temporal imagery. Given a category
set C, the OVSS model outputs, for each pixel in a single-temporal image, the
per-class conditional probability P(c; | C) for every category ¢; € C. This can
be abstractly formulated as:

H(Cj | C) = @sts(zi,cj‘), 1€ {1,2}, cj € C, (3)

where P;(c; | C) denotes the per-pixel conditional probability for category c;
in the image of temporal phase i, and @oyss(-) represents any arbitrary OVSS
model.

4.3 Bayesian Probability Correction

The Bayesian Probability Correction module operates through a two-stage pipeline:
background probability rectification and mask fusion. First, we correct
the background probabilities to accurately derive the conditional likelihood that
a change proposal belongs to foreground categories, addressing definitional dis-
crepancies between single- and multi-temporal settings. Subsequently, mask fu-
sion integrates these calibrated probabilities to generate the final semantic change
masks.

Background probability rectification: To ensure probabilistic complete-

ness, the category set C must form a complete event group, satisfying . . P(c; |
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C) = 1. Typically, C includes a "background" class B indicating that a pixel
does not belong to any foreground category. However, in single-temporal se-
mantic segmentation, the background probability P(B | C) reflects the event
that a "pixel does not belong to any foreground category," whereas in multi-
temporal change detection, the event F’ "change belongs to the background"
constitutes the union of "no change occurred" and "the change does not belong
to any foreground category". This definitional discrepancy introduces bias in bi-
temporal background discrimination, leading to inconsistent OVCD results. To
address this, we introduce a background correction mechanism. Specifically, let
V = C\ {"background"} denote the set of foreground categories, and let event
B represent "a region is predicted as background in a single-temporal image."
Thus, the corrected probability of event F’ ("change occurs and belongs to the
foreground class") for the predefined category set C in multi-temporal settings
is defined as:

P(F'|C)=P(F)-(1- [ P(B0),ic {12}, (4)

i=1

where P;(B | C) represents the conditional probability of a region being predicted
as background in temporal phase ¢. With this correction, the OVSS task only
needs to classify foreground regions, and the OVCD objective is reformulated
as:

P(F'.c;|C)=P(F'|C)-P(c; | V), ¢ €V (5)

The Free-CD framework adopts this refined task definition, effectively re-
solving background-induced biases and ensuring consistent bi-temporal change
region identification.

Mask Fusion: Following Equation [5} we generate the final change mask
through a straightforward two-step procedure. First, a thresholding operation
converts the probability P(F’ | C) into a binary state, indicating regions where a
change has occurred. Subsequently, this binary mask is applied to the semantic
probability maps P;(c; | V) to assign semantic labels to the changed areas. This
process is formalized as:

Mgcp = Pinreshold (P(F' | C))

Micp = Mpep © Pargmax (Pilcj | V)i € {1,2}, ¢; €V, (6)
where Mpcp denotes the binary change mask obtained via the thresholding
operator @ipreshold(+). The semantic change mask for temporal phase ¢, denoted
as M, is generated by first applying the argmax operator ®,rgmax(+) to obtain
the dominant foreground category at each pixel, followed by an element-wise
multiplication (®) with Mpcp. This operation effectively sets regions classified
as background to zero, resulting in a mask that highlights only the changed areas
with their corresponding semantic labels.
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Fig. 3: Effect of the Resolution-Invariant Constraint. Shown are the bi-temporal images
together with the corresponding change proposals and change masks generated with
(w/) and without (w/o) the resolution-invariant constraint. Without the constraint,
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Fig. 4: Training and inference procedure of RIFI-Up. The training stage consists of
two stages: a) FNO network training for feature-image alignment, and b) upsampler
training to obtain RIFI-Up. Only RIFI-Up is used during the c) inference stage.

5 RIFI-Up

To mitigate semantic artifacts from traditional upsampling, we propose RIFI-
Up, a feature upsampler that integrates a resolution-invariant feature inversion
constraint. Leveraging the inherent resolution invariance of Fourier Neural Oper-
ators (FNO), RIFI-Up enforces a transformation that reconstructs the original
image directly from upsampled features, ensuring high-fidelity detail recovery
without artifacts.

5.1 Construction of the Encoder Inverse Mapping

Let the image space be T C L?(2;R?) and ®cyne : T — F an encoder network
mapping an image I to a feature map F = Pg,(I). To design an upsampler
that enhances features while preserving semantics, we seek an inverse mapping
&L F — T such that I ~ &_L(F).

Although ViT encoders are theoretically injective , their complex nonlin-
ear form precludes analytic inversion. We therefore approximate the inverse by

a learnable pseudo-inverse GGy minimizing the reconstruction error:
. 2
min EINIHGQ(Q)QHC(I)) —IH . (7)
6

The existence of such an approximator is guaranteed by the universal approxi-
mation theorem for neural operators [1].
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To apply the inverse mapping for feature upsampling, we introduce an up-
sampling operator @y, : F — Fhigh. The desired composite mapping is:

I~ @ (Pup(F)). (8)

For the upsampler to produce high-fidelity features that generalize across scales,
its inverse mapping must satisfy resolution invariance. That is, for low-resolution
features F' = Pgy(I) corresponding to the down-sampled image @Pyown (), the
same inverse mapping should accurately reconstruct that low-resolution image:

Piown(l) ~ q-ﬁe_nlc(F) 9)

Without this constraint, the learned inverse mapping becomes merely a com-
mon fitting function from specific high-resolution features to the image, which is
more sensitive to details in the input features. When processing multi-temporal
features, such a mapping tends to distort normal feature differences between
the two temporal phases, thereby introducing pronounced artifacts in the gen-
erated change proposals, as shown in Fig. [B] Resolution invariance forces the
inverse mapping to remain stable and continuous in function space, decoupling
it from the absolute scale of the input features and filtering out spurious noise
introduced by resolution differences. This ensures semantic consistency and ef-
fectively avoids artifacts.

5.2 Implementing the Inverse Mapping with Fourier Neural
Operators

FNOs learn resolution-invariant inverse mappings. An FNO layer operates in the
Fourier domain:

vir1(z) =0 (th(:c) + fﬁl(R(ﬁ . _F(Ut))(l’)) , (10)

where F is the Fourier transform, R4 a learnable spectral weight matrix, W a
linear transformation, and ¢ a non-linear activation. The spectral parameteriza-
tion makes the operator grid-independent, enabling evaluation at any resolution
after training on one.

We instantiate the inverse mapping as FNO Gy : F — Z. It is trained on a
low-resolution dataset D; = {(Fy, I;)} where F} = $epe(l;) and I} = Paown (1) for
high-resolution images I, minimizing:

min E(g, 1)~ |Go(£1) —I*. (11)

After training, Gy~ satisfies resolution invariance: for any spatial domain {2,
Go~(F|n) = Go-(F)|n. Given high-resolution features Fj, it directly produces
I n = Go= (Fp) € Iy This yields a continuous, resolution-invariant approximation
&L ~ Gy, used to build the upsampler RIFI-Up.
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5.3 Training Procedure

The training consists of two stages: FNO network training and upsampler train-
ing, as shown in Fig. []

1) FNO Network Training Stage: This stage uses low-resolution images
and their corresponding features to train the FNO network for feature-to-image
alignment. The loss function is defined as:

2
2’

['FNO - HF - gﬁdown(l)’ (12)

where F' represents the low-resolution features, @yown () is the downsampled
original image, and || - || denotes the squared 12 norm.

2) Upsampler Training Stage: Following FeatUp [21], the upsampler
training is governed by a multi-view reconstruction loss L... and an image
restoration constraint Liy:

Lree = || Bene (H(I)) = B (HBup (F)) |2
Limg = |1 — 821 (@) (13)

enc

L= ‘crec + - Eimg7

where &/, (-) is a learnable downsampling network, ¢(-) denotes random per-
turbations (such as padding, zooming, cropping, horizontal flipping, and their
compositions), and v is a weighting coefficient. The parameters of the FNO
network are frozen during this training phase.

Through this two-stage training, we obtain RIFI-Up, a feature upsampler
with high fidelity and resolution robustness, which effectively supports feature
comparison and region proposal in subsequent change detection tasks.

6 Experimental Results and Analyses

6.1 Experimental Setup

Implementation. The proposed model is implemented in PyTorch and runs on
NVIDIA A100 GPUs. For the Potential Change Area Proposal module, we em-
ploy DINO-series models [639/47] as the feature backbone. To ensure a fair com-
parison, we adopt the ViT architecture as the backbone variant. For Bi-temporal
Open-Vocabulary Segmentation, we adopt APE [46] and SegEarth-OV [30] for
fair comparison. The RIFI-Up module is trained on the MillionAID dataset |36].
Both stages of the training process are carried out for 1 epoch with a batch
size of 4, the weighting coefficient v is 0.1. In the post-fusion stage, the Otsu
thresholding method [40] is employed to separate changed areas from unchanged
regions within the probability map.
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Table 1: Comparison with the DynamicEarth framework on SECOND, HiUCD,
HRSCD, and JL1-SCD. Best in Free-CD and best in DynamicEarth performances
are highlighted.

SECOND  HiUCD HRSCD JL1-SCD
Fscd mloU Fscd mloU Fscd mIoU Fscd mloU

SAM-DINO-SegEarth-OV ~ 16.02 50.37 20.86 48.79 2.81 43.82 7.86 38.20
SAM-DINOv2-SegEarth-OV 18.91 56.22 22.67 52.35 3.12 48.02 7.87 38.58
Dynamic- SAM-DINOv3-SegEarth-OV 20.50 58.77 23.24 53.21 3.18 48.38 8.07 40.31

Framework Structure

Earth  APE-/-DINO 4.97 50.88 14.00 48.73 0.58 32.23 5.58 43.83
APE-/-DINOv2 4.99 51.11 18.08 52.96 2.89 34.73 10.23 44.45
APE-/-DINOv3 4.74 50.70 17.96 53.45 3.65 35.70 10.26 44.72
DINOv1-SegEarth-OV 18.95 51.93 25.38 48.93 7.46 54.57 12.99 45.73
DINOv2-SegEarth-OV 21.43 57.75 26.42 53.81 8.18 55.18 13.99 46.16
DINOv3-SegEarth-OV 23.19 59.84 30.00 54.99 8.37 57.73 16.15 52.37

Free-CD  DINOv1-APE 5.01 51.33 18.53 49.19 2.64 34.70 10.10 44.27
DINOv2-APE 4.97 51.10 18.08 52.94 2.88 34.73 10.22 44.43
DINOv3-APE 4.88 50.79 18.12 53.52 3.75 35.79 10.34 44.74

Dataset and Evaluation Metrics. The experiments are conducted on four
commonly used SCD datasets: SECOND |[57], HiUCD |[51], HRSCD [16], and
JL1-SCD, and two building change detection datasets: LEVIR-CD [10] and
WHU-CD |[26]. For the SCD task, following common SCD methods like [§],
we adopt the Fscd score and mean Intersection over Union (mloU) as evaluation
metrics. For the building change detection task, following [29], F1-score and IoU
are adopted.

6.2 Comparison with the State-of-the-Art

Results on Semantic Change Detection. We conducted comparative ex-
periments between our proposed Free-CD and several open-vocabulary change
detection (OVCD) frameworks from DynamicEarth [29]. Free-CD outperforms
the M-C-I and I-M-C architectures of DynamicEarth across all datasets (Tab. [1).
On the fine-grained HiUCD dataset, it achieves a higher Fscd score, demonstrat-
ing improved class discrimination. For the high-resolution HRSCD dataset, gains
in both Fscd and mloU reflect its robustness to scale- and region-level changes.
Stable improvements are also observed on the diverse SECOND and JL1-SCD
datasets, confirming the general effectiveness of the framework. Additionally,
it is observed that under the APE architecture, the performance gap between
Free-CD and DynamicEarth is relatively small, suggesting that the current per-
formance bottleneck of the model is mainly attributed to the inferior identifier.

Qualitative experiments further validate these findings. As shown in Fig.
the following observations can be made: 1) Free-CD achieves more accurate
change region segmentation for complex-shaped land parcels; 2) In high-resolution
scenarios, Free-CD is less susceptible to interference from small, fragmented ob-
jects and demonstrates higher recognition accuracy for large, contiguous land
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Table 2: The best and second-best results in each column are highlighted. “—” denotes
data missing. Comparator in DynamicEarth and Free-CD is set as DINO-v2

LEVIR-CD WHU-CD

Method

IoU F1 1IoU F1
CVA [4] — 122 —
PCA-KM [7] 48 9.1 5.4 10.2
CNN-CD |[19] 7.0 13.1 49 94
DSFA [138] 4.3 82 4.1 7.8
DCVA [45| 7.6 14.1 10.9 19.6
GMCD [49] 6.1 11.6 10.9 19.7
DINOv2+CVA [60] — 173 -
AnyChange-H [60] — 230 — —
SCM 48| 18.8 31.7 18.6 31.3

DynamicEarth (M-C-I) [29] 36.6 53.6 40.6 57.7
DynamicEarth (I-M-C) |29} 50.0 66.7 61.1 75.8
FreeCD (SegEarth-OV) 41.9 59.1 48.6 64.6
FreeCD (APE) 50.5 67.1 58.9 74.7

cover patches; 3) The boundaries between semantically similar categories are
distinguished more clearly.

Results on Building Change Detection. Tab. 2] summarizes the results
on building change detection datasets. FreeCD outperforms or matches existing
methods on both benchmarks. Comparing the two Identifier settings, SegEarth-OV
yields substantial improvements, while APE shows no gain. Buildings have dis-
tinct instance properties and require strong instance-level discrimination; APE
possesses sufficient instance-awareness, approaching the task upper bound, so
further framework modifications offer limited benefit. In contrast, SegEarth-OV
is weaker on instance discrimination, and the framework effectively compensates
for its deficiency, leading to notable gains. This indicates that the performance
bottleneck of the APE setting lies primarily in the Identifier design rather than
in the change detection framework itself, which aligns with observations from
the SCD results.

6.3 Discussion on RIFI-Up Setup

We conduct ablation studies on different upsampling strategies in the poten-
tial change region proposal stage, with quantitative results reported in Tab.
The JBU variant enhanced with both feature inversion (FI) and resolution-
invariant (RI) constraints—denoted as RIFI-Up—consistently achieves the best
performance across all evaluated datasets. This confirms that RIFI-Up effec-
tively improves change detection accuracy through high-fidelity feature recovery
and adaptive resolution handling. Notably, even when using entirely training-free
upsamplers such as bilinear interpolation or plain JBU, the framework still main-
tains a reasonable level of open-vocabulary change detection capability, under-
scoring the flexibility and generalizability of the proposed Free-CD architecture.
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Fig. 5: Qualitative comparison results with other methods from DynamicEarth
on four datasets. Free-CD achieves more accurate change region segmentation for
complex-shaped land parcels, is less susceptible to interference from small objects in
high-resolution scenarios, demonstrates higher recognition accuracy for large, contigu-
ous land cover patches, and distinguishes boundaries between semantically similar cat-
egories more clearly.

6.4 Framework Adaptability

Free-CD enables plug-and-play integration of any feature backbone with any
OVSS model, directly converting an OVSS system into a full OVCD pipeline
without architectural modifications or fine-tuning when backbones are shared.
To validate this, we evaluate three CLIP-based backbones—RemoteCLIP ,
GeoRSCLIP , and original CLIP —paired with bilinear upsampling and
RIFI-Up. As shown in Tab. [l] Free-CD achieves competitive OVCD performance
across all backbone-upsampler pairings, even when bypassing the DINO-based
feature extractor. This demonstrates the framework’s robust adaptability and
its capacity to rapidly operationalize existing OVSS models as practical OVCD
solutions with minimal integration overhead.
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Table 3: Ablation of Upsampling Strategies. Bilinear: bilinear interpolation; JBU:
joint bilateral upsampling; Conv: transposed convolution; FI: feature inversion; RI:
resolution invariant. The best and second-best results in each column are highlighted.

SECOND HiUCD HRSCD JL1-SCD
Upsampler FI RI Fscd mloU Fscd mloU Fscd mloU Fsed mloU

- 21.11 56.32 28.57 52.25 8.23 57.22 15.14 49.64
- 21.47 56.43 28.73 53.23 8.24 57.27 15.51 50.44

X
X
Conv X - 18.72 54.07 28.97 53.85 7.89 56.90 15.18 50.91
JBU X - 21.53 57.91 29.56 54.40 8.29 57.36 15.77 51.54
v
v

Training- Bilinear

free JBU

Pretrained jgy 22.18 58.87 29.74 54.54 8.18 57.30 15.62 51.43

X
JBU v 23.19 59.84 30.00 54.99 8.37 57.73 16.15 52.37

Table 4: Adaptability of Free-CD to different CLIP-based backbones and upsamplers.
The best and second-best results in each column are highlighted.

SECOND  HiUCD HRSCD  JL1-SCD
Fscd mIoU Fsed mloU Fscd mloU Fscd mlIoU

Bilinear ~ 16.71 46.30 18.91 46.79 4.81 43.39 4.88 37.71
RIFI-Up 17.27 48.33 19.19 48.91 4.03 44.76 6.27 44.06
RemoteCLIP Bilinear ~ 17.04 47.53 14.69 43.68 4.04 39.68 4.90 40.06
RIFI-Up 18.18 49.16 16.42 46.14 3.57 41.23 11.65 46.32
Bilinear ~ 17.52 47.62 18.72 45.66 4.78 42.69 4.75 41.94
RIFI-Up 19.42 49.81 18.60 48.16 4.19 43.13 12.05 48.71

Pretrained  Upsampler

CLIP

GeoRSCLIP

Change

Post- Low-res Proposal

%

Fig. 6: Feature visualization results. Pre- and Post- denote the bi-temporal input
images. Low-res and High-res represent the original low-resolution features and the
upsampled high-resolution features generated by RIFI-Up, respectively. Pred indicates
the predicted change mask inferred by the model, while GT corresponds to the ground
truth mask. The Change Proposal is visualized as a heatmap highlighting potential
change regions.

Pre- Low-res High-res High-res

Pred GT
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6.5 Feature Visualization

To qualitatively assess the semantic fidelity of our proposed method, we employ
Principal Component Analysis (PCA) to visualize the feature representations.
As illustrated in Fig. [6} RIFI-Up demonstrates superior high-fidelity upsampling
capabilities. Consequently, the derived change proposals and predicted masks
display significantly reduced artifacts, closely aligning with the ground truth.

7 Conclusion

In this paper, we presented Free-CD, a unified, training-free framework for open-
vocabulary change detection that decouples change localization from semantic
classification. By integrating RIFI-Up for resolution-invariant feature recovery
and Bayesian Probability Correction to mitigate semantic ambiguity, Free-CD
achieves superior spatial fidelity and robustness without task-specific fine-tuning.
Extensive experiments across four benchmarks confirm that our method consis-
tently outperforms state-of-the-art approaches in accuracy and generalization.
The framework offers a versatile pipeline for evolving, practical open-vocabulary
change analysis.
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