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Abstract—Semi-supervised change detection (SSCD) aims to
learn robust pixel-level change maps from limited annotated
bi-temporal images and abundant unlabeled pairs. Recent
consistency-regularization frameworks such as FixMatch and
UniMatch rely on strong augmentation to enforce weak-to-
strong prediction consistency, but hard-occlusion methods such
as Cutout and CutMix may disrupt the topology of ground
objects in remote sensing scenes. We therefore propose Frac-
tional Differential Perturbation (FDP), a structure-preserving
strong augmentation strategy based on fractional calculus. FDP
injects controlled high-frequency perturbations while preserving
low-frequency geometric structure, thereby increasing texture-
level difficulty without destroying object boundaries. Extensive
experiments on the WHU-CD and LEVIR-CD datasets show that
FDP consistently improves semi-supervised baselines, especially
in low-label regimes (e.g., a 5.3% IoU gain on WHU-CD with
5% labels).

Index Terms—Semi-supervised learning, Change detection,
Fractional differential operator, Consistency regularization

I. INTRODUCTION

Remote sensing change detection (CD) aims to identify
semantic changes between bi-temporal images [1]. It under-
pins critical Earth observation applications, including urban
expansion monitoring, land resource management, and disaster
assessment [2], [3]. Beyond satellite imagery, CD techniques
have also extended to industrial inspection, robotics, and
street-view analysis [4]-[7].

Modern CD systems have evolved from convolutional
Siamese architectures to Transformer-based models and
stronger feature interaction designs [8]-[10]. Despite this
progress, state-of-the-art performance depends heavily on
pixel-level annotations, which motivates semi-supervised
change detection (SSCD): learning from a small labeled set
alongside abundant unlabeled data.

Consistency regularization has become the dominant SSCD
paradigm, led by frameworks such as FixMatch and UniMatch
[11], [12], which enforce prediction consistency between
weakly and strongly augmented views. In this setting, the
design of strong augmentation is crucial. However, standard
techniques exhibit clear limitations in remote sensing: 1) hard-
occlusion methods (e.g., Cutout and CutMix) may disrupt the
topological continuity of ground objects such as roads [13],
[14]; 2) simple photometric perturbations lack the structural
diversity needed to simulate complex environmental shifts.
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To address these issues, we introduce Fractional Differen-
tial Perturbation (FDP), a structure-preserving strong aug-
mentation tailored for SSCD. FDP uses fractional calculus [15]
to inject soft perturbations that increase texture-level difficulty
while retaining geometric integrity. We further adopt a pair-
aware bi-temporal augmentation design that preserves spatial
alignment through shared geometric preprocessing while ap-
plying symmetric strong perturbations to the two temporal
images.

Our contributions are: 1) We identify the limitations of
hard-masking augmentation in remote sensing CD. 2) We pro-
pose Fractional Differential Perturbation (FDP), a structure-
preserving perturbation method that improves pseudo-label re-
liability while remaining compatible with existing consistency-
based pipelines. 3) Extensive experiments demonstrate the
effectiveness of FDP, especially in low-data regimes (e.g., 5%
labeled data), while confirming that it introduces no additional
learnable parameters and no inference-time overhead.

II. RELATED WORK
A. Deep Learning for Change Detection

CD models have evolved from convolutional Siamese net-
works [8] to Transformer-based architectures and stronger
feature interaction modules [9], [16], [17]. However, they still
depend heavily on dense pixel-level annotations, motivating
semi-supervised learning (SSL).

B. Semi-Supervised Learning

SSL leverages unlabeled data to improve generalization.
Representative directions include adversarial learning [18],
[19], pseudo-labeling [20], and, most notably, consistency
regularization. Temporal Ensembling [21], Mean Teacher [22],
FixMatch [11], and UniMatch [12] progressively strength-
ened weak-to-strong consistency learning. In remote sensing,
SemiCDNet [23] and SemiCD [24] adapted these ideas to
change detection, but standard strong augmentations such as
Cutout and CutMix [13], [14] may still disrupt target topology,
motivating structure-preserving perturbations.

C. Fractional Calculus in Image Processing

Fractional calculus generalizes differentiation to arbitrary
orders and offers useful non-local properties. Compared with



integer-order operators such as Sobel, fractional derivatives
can enhance high-frequency textures while preserving low-
frequency structure [25]. They have also been used in edge
detection and image denoising [26]. In remote sensing, Liu et
al. [27] showed that fractional differential masks can enhance
weak texture details, motivating our use of fractional calculus
for structure-aware strong augmentation.

III. METHODOLOGY

This section presents the proposed semi-supervised change
detection framework. We first outline the overall architec-
ture based on a teacher-student consistency-regularization
paradigm. We then describe the mathematical formulation of
Fractional Differential Perturbation (FDP) and explain its
role as a structure-preserving strong augmentation. Finally, we
introduce the bi-temporal consistency strategy and the overall
optimization objective.

A. Overview of the Framework

Our method builds on the consistency regularization frame-
work, adapting its perturbation strategy to the change detection
architecture. As illustrated in Fig. 1, the overall architecture
follows a teacher-student learning paradigm.

Let Dy, = {(z;,y;)} denote the labeled dataset containing
a small set of bi-temporal pairs, and let Dy = {u} denote
the abundant unlabeled dataset. The core idea is weak-to-
strong consistency. For an unlabeled pair u = (t1,t2), the
teacher model generates a pseudo-label ¢, from a weakly
augmented view u,, = A,(u). The student model is then
trained to predict this pseudo-label from a strongly augmented
view us = As(u).

Unlike conventional methods that rely heavily on Cutout for
As, which may destroy the topological continuity of remote
sensing targets, we propose a texture-oriented perturbation
strategy based on fractional calculus, termed FDP.

B. Fractional Differential Perturbation (FDP)

We formulate FDP as a parameter-free perturbation method.
Unlike learnable layers that require gradient updates, FDP re-
lies on mathematically derived fractional operators to enhance
high-frequency details while retaining low-frequency structural
information.

1) Fractional Differential Operator: We adopt the
Griinwald-Letnikov (G-L) definition for discrete fractional
differentiation, which is well-suited for digital image
processing. For a 1D signal f(¢), the derivative of fractional
order v is generally defined as:
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where h is the step size.

A digital image f(x,y) is a discrete 2D signal where the
minimum division interval is h = 1. To better handle the
discrete nature of image pixels without interpolation artifacts,
we adopt the Pu-2 fractional differential operator [15]. For

a fractional order v, the partial difference in the negative z-
direction and y-direction is derived as:
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This formulation introduces a “look-ahead” term (C_;) along-
side the “history” terms (C},), allowing the operator to capture
local context more effectively than standard causal filters.

2) Calculation of Mask Coefficients: The filter coefficients
{C_1,Cy,...,C} are critical for determining the frequency
response of the perturbation. Unlike integer-order operators
with fixed integer values (e.g., -1, 1), these coefficients are
non-linearly related to the order v via the Gamma function
I'(-). Based on the Pu-2 derivation, the first few coefficients
used in our 5 X 5 implementation are calculated as follows:
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The subsequent coefficients C; and C3 follow a similar
recursive structure involving I'(n—v). Intuitively, the Gamma-
based terms control how quickly the weights decay as the
spatial distance increases: slower decay yields a wider and
smoother interaction neighborhood, whereas integer-order fil-
ters concentrate most of their energy on a few adjacent pixels.
As a result, FDP perturbs fine textures over a local region
without collapsing into a hard edge-only response. The slowly
decaying non-zero coefficients also endow the operator with a
“long-term memory” property, allowing it to capture non-local
textural context that differs fundamentally from local integer-
order gradients.

3) Multi-Directional Feature Aggregation: To capture om-
nidirectional texture variations, we construct 8 fractional
differential masks corresponding to the directions d €
{0°,45°,...,315°}. Each mask is a 5 x 5 convolution
kernel constructed by spatially arranging the coefficients
{C_1,...,C3} derived in Eq. (4). For instance, the positive
x-direction mask W, aligns coefficients along the center
row, while diagonal masks (e.g., Wrpp) align them along
the diagonal. Other masks are obtained by rotating or flipping
these base structures. For an input image I, we compute the
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Figure 1. Pipeline of the unlabeled branch in the proposed method. FDP is inserted into the strong augmentation branch, where it uses the non-local property
of fractional derivatives to inject texture perturbations while preserving the geometric structure of ground objects. The teacher and student share the same

architecture, and the teacher weights are updated via EMA.

response maps {R;} by convolving I with all 8 masks. To
ensure rotation invariance, we select the maximum response:

R (i) = macx (T Wa) . ) ®

4) Residual Perturbation Injection: FDP is applied as an
additive perturbation rather than a replacement. The aug-
mented image I, is generated by superimposing the frac-
tional response onto the original image:

Iyyg = Clamp(I + A - Ryag, 0, 1) (6)

where A\ is a hyperparameter controlling the perturbation
intensity. This process modifies the local texture distribution,
making the surface appear rougher or more complex, while
preserving the global geometric boundaries of objects. This
forces the model to rely on shape and structure—features
that are robust for change detection—rather than overfitting
to specific textures.

C. Bi-temporal Consistent Augmentation

A critical challenge in semi-supervised change detection
is maintaining the semantic consistency between bi-temporal
images. Naively applying random strong augmentations in-
dependently to the pre-event image ¢; and post-event image
to can introduce artificial differences, which the model might
mistake for real land-cover changes.

To address this, we adopt a pair-aware strong augmenta-
tion design. In practice, the bi-temporal pair first undergoes
shared geometric preprocessing, including resize, crop, and
horizontal flip, to preserve spatial alignment. The two temporal
images are fed into symmetric strong-augmentation branches
with independently sampled random perturbations:

vy = (As(t1;01), As(t2; 02)) @)

where 61 and 6, denote independently sampled random pa-
rameters for the strong augmentation pipelines applied to ¢,
and to, respectively. Because spatial alignment is preserved
by the shared geometric preprocessing, whereas photometric
and textural perturbations are sampled independently in the

two branches, these perturbations force the model to ignore
augmentation-induced texture noise and focus on genuine
semantic changes between the two timestamps.

(a) Original

(b) + Colorjitter (c) + Blur (d) + FDP (v=0.5)

—_

Figure 2. Proposed strong augmentation pipeline. FDP is introduced as a
texture-perturbation step alongside photometric distortions (ColorJitter/Blur)
and geometric deformation (CutMix).

D. Augmentation Pipeline and Optimization

The strong augmentation pipeline A, models realistic ap-
pearance variations through a cascaded sequence: 1) Photo-
metric Distortion using ColorlJitter; 2) Blurring via Gaussian
Blur (p = 0.5); 3) Texture Perturbation via the proposed
FDP (p = 0.4); and 4) Geometric Deformation using Cut-
Mix. FDP complements CutMix: the former encourages local
texture invariance, whereas the latter perturbs coarse spatial
context through regional patch replacement. The network is
optimized using a joint loss £ = L, + L£,. The supervised
loss L is the standard cross-entropy on labeled data. The
unsupervised consistency loss £, filters out low-confidence
predictions using a threshold 7:

ACu = TN Z H(max(gw) > T) : H(:’Qunps) (8)

where p; is the prediction on the FDP-augmented view. By
minimizing this loss, the model learns to produce consistent
predictions despite the significant textural perturbations.

IV. EXPERIMENTS
A. Experimental Setup

1) Datasets: We evaluate on two benchmarks. LEVIR-CD
[2] contains 637 pairs of 1024 x 1024 images (0.5m/pixel), split
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Figure 3. Visual comparison results on the WHU-CD dataset. (a) Image ¢1, (b) Image t2, (c) Ground Truth, (d) UniMatch, (e) SemiCD-VL, and (f) Ours.

Red circles indicate false alarms, and yellow circles indicate missed detections.

into 445/64/128 for training/validation/testing following [24].
Each image is cropped into non-overlapping 256 x 256 patches,
yielding 7120 training pairs. WHU-CD [28] comprises aerial
imagery (0.2m/pixel) cropped into 5947 training and 744
testing pairs of size 256 x 256. Following UniMatch [12], we
randomly sample 5%, 10%, 20%, and 40% of the training set
as labeled data Dy,.

2) Implementation Details: We employ DPT-DINOv2-S as
the backbone network for feature extraction. The models are
implemented in PyTorch and trained on two Tesla T4 GPUs.
We use the AdamW optimizer with a weight decay of 0.01.
The encoder learning rate is set to 5 X 10~4, the batch size
is 8 labeled plus 8 unlabeled samples, and training lasts
for 60 epochs. The confidence threshold 7 for consistency
regularization is set to 0.95. During preprocessing, all image
pairs are randomly resized with a scale factor sampled from
[0.6,1.4], cropped to 256 x 256, and horizontally flipped with
probability 0.5. In the strong branch, the two temporal images
follow the same augmentation policy but are perturbed with
independent random draws: ColorJitter(0.5,0.5,0.5,0.25) is
applied with probability 0.8, Gaussian blur with probability
0.5, and CutMix with probability 0.5. For FDP, the fractional
order is set to v = 0.5, the perturbation intensity A to 0.7,

and the application probability to pg, = 0.4. Because FDP
is used only in the training-time augmentation branch and is
implemented with fixed fractional masks, it introduces no ad-
ditional learnable parameters and no inference-time overhead.
Unless otherwise stated, all ablation variants share the same
split, backbone, optimizer, and training budget, and differ only
in the perturbation method or the target FDP hyperparameter.

B. Comparison with State-of-the-Arts

We compare the proposed method against several repre-
sentative semi-supervised change detection frameworks. The
quantitative results in terms of Intersection over Union (IoU)
and Overall Accuracy (OA) on the WHU-CD and LEVIR-CD
datasets are summarized in Table I and Table II, respectively.

The compared methods cover the main semi-supervised
paradigms in remote sensing. GAN-based S4GAN employs a
discriminator to distinguish predicted segmentation maps from
ground truth and use the discriminator’s confidence to select
unlabeled samples. It performs poorly in low-data regimes,
reaching only 18.30% IoU on WHU-CD with 5% labels, likely
because discriminator training becomes unstable under scarce
supervision.



Table I
COMPARISON RESULTS ON WHU-CD DATASET. THE BEST RESULTS ARE
HIGHLIGHTED IN BOLD.

Method 5% (297) 10% (594) 20% (1189) 40% (2378)

IoU OA IoU OA IoU OA IoU OA
S4GAN [19] 1830  96.69 | 62.60 98.15 | 70.80 98.60 | 7640  98.96
SemiCDNet [23] 51.70 9771 | 62.00 98.16 | 66.70 98.28 | 7590 98.93
SemiCD [24] 65.80 9837 | 68.10 98.47 | 7480 98.84 | 77.20 98.96
UniMatch V1 [12] | 77.50 99.06 | 7890 99.10 | 8290 99.26 | 84.40 99.32
SemiCD-VL [29] 81.60 99.24 | 8224 9926 | 8480 99.36 | 85.70 99.39
UniMatch V2 79.06 9891 | 8226 99.26 | 86.10 99.42 | 87.60 99.48
Ours 8436 99.11 | 86.30 99.30 | 86.57 99.30 | 87.60 99.40

Table 11

COMPARISON RESULTS ON LEVIR-CD DATASET. THE BEST RESULTS ARE
HIGHLIGHTED IN BOLD.

Method 5% 10% 20% 40%

IoU OA TIoU OA TIoU OA IoU OA
S4GAN 64.00 97.89 | 67.00 98.11 | 73.40 98.51 | 7540 98.62
SemiCDNet 67.60 98.17 | 71.50 9842 | 7430 98.58 | 75.50 98.63
SemiCD 72.50 9847 | 7550 98.63 | 76.20 98.68 | 77.20 98.72
UniMatch V1 | 75.60 98.62 | 79.00 98.83 | 79.00 98.84 | 7820 98.79
SemiCD-VL 81.90 99.02 | 82.60 99.06 | 82.70 99.05 | 83.00 99.07
UniMatch V2 | 82.10 99.01 | 82.70  99.05 | 83.20 99.08 | 83.50  99.10
Ours 8236 99.20 | 83.13 99.23 | 83.75 99.26 | 83.97 99.28

Consistency-regularization methods, including SemiCD-
Net, SemiCD, and UniMatch, are much stronger, although
SemiCDNet and SemiCD still rely on relatively simple per-
turbations or feature consistency. UniMatch V1/V2 provide
the strongest baseline through joint image- and feature-level
consistency, while SemiCD-VL is competitive at higher com-
putational cost.

Our approach integrates Fractional Differential Perturbation
(FDP) into the consistency framework as a texture-preserving
perturbation method. In the WHU-CD dataset with only 5%
labeled data, our method achieves an IoU of 84.36%, out-
performing the strong baseline UniMatch V2 by a margin of
5.3%. On LEVIR-CD, the gains are smaller but consistent
across all label ratios. This pattern is consistent with the view
that FDP stabilizes weak-to-strong consistency in low-label
settings, indicating that FDP acts as a stable regularizer rather
than a dataset-specific heuristic.

C. Ablation Studies

To investigate the effectiveness of the proposed components,
we conduct comprehensive ablation studies on the WHU-
CD dataset with 10% labeled data. Each ablation isolates
one factor while keeping the remaining training configuration
unchanged.

1) Effectiveness of FDP Strategy: To demonstrate that the
performance gain stems from the structure-aware nature of our
fractional perturbation rather than simple noise injection, we
compare FDP against unstructured Gaussian noise and integer-
order Sobel perturbation.

Structure-Aware vs. Random Noise: As shown in Table
111, simply adding random Gaussian noise (81.70%) degrades
performance compared to the baseline (82.26%). This re-
sult suggests that structure-agnostic noise corrupts semantic
information without providing meaningful regularization. In

contrast, our FDP achieves 86.30%, showing that structure-
aware perturbation can increase difficulty while preserving
semantic integrity.

Fractional vs. Integer Order: Although Sobel improves
over the baseline (+2.18%), it still lags behind FDP (+4.04%).
The Sobel operator acts as a strict high-pass filter, extracting
sparse edges while suppressing low-frequency context. This
highlights the advantage of the fractional order (v = 0.5),
which behaves as a flexible enhancer rather than a hard edge
extractor.

Complementarity with Geometric Augmentation: Since
the baseline already includes CutMix as a geometric per-
turbation, the significant gain brought by FDP (+4.04%)
confirms that our texture-based perturbation is complementary
to geometric augmentation. CutMix encourages robustness to
coarse spatial-context replacement, whereas FDP strengthens
local texture invariance, and their combination yields the best
performance.

Original

Figure 4. Visual comparison of different differential masks and augmentation.
(a) Original Image. (b) Gaussian Noise. (c) Sobel Operator (Integer-order).
(d) FDP (Fractional-order, v = 0.5): enhances rich textures while preserving
semantic structure.

Table 11T
ABLATION STUDY OF DIFFERENT AUGMENTATION STRATEGIES ON
WHU-CD (10% LABELED).

Strategy IoU (%) OA (%)
Value A Value A
Baseline (UniMatch w/ CutMix) | 82.26 - 99.26 -
+ Gaussian Noise (Random) 81.70  10.56 | 99.24  |0.02
+ Sobel (Integer-order) 84.44 1218 | 99.19  10.07
+ FDP (Ours) 86.30 14.04 | 99.30 10.04

2) Parameter Sensitivity Analysis: We investigate three key
hyperparameters: fractional order v, intensity A, and applica-
tion probability pgg,. As summarized in Table IV, performance
peaks at v = 0.5, A = 0.7, and pgg, = 0.4. 1) Fractional
Order v: The results show that performance peaks at a
lower fractional order of v = 0.5, suggesting that fractional
differentiation enhances texture details without destroying the
low-frequency structural context. 2) Intensity A\: Moderate
intensity (A = 0.7) is optimal; excessive noise (A = 1.0)
degrades semantic content. 3) Probability pap: Applying FDP
frequently but not deterministically (pggp = 0.4) provides the
best regularization trade-off.

V. CONCLUSION

We proposed Fractional Differential Perturbation (FDP)
to address the limitations of hard-occlusion augmentations in
SSCD. FDP leverages fractional calculus to inject structure-
preserving textural perturbations, increasing difficulty for the



Table IV

PARAMETER SENSITIVITY ANALYSIS ON WHU-CD (10% LABELED).

Parameter | IoU (%) values under different settings

Order v 0.2 0.5 1.2 1.5 1.8
84.82 8630 8499 8585 85.05

Intensity A 04 0.6 0.7 0.8 1.0
8531 85.60 86.30 8585 84.13

Prob py 0.2 04 0.6 0.8 1.0
P 85.69 8630 85.85 85.03 84.90

student model while maintaining geometric integrity. Exten-
sive experiments demonstrate that FDP outperforms existing
methods and remains complementary to CutMix. Since FDP
is inserted only in the strong augmentation branch, it does not
alter the inference architecture. Future work will include more
exhaustive multi-run statistical evaluation, explicit wall-clock
overhead analysis during training, direct pseudo-label quality
analysis, and broader validation on additional datasets or dense
prediction tasks beyond remote sensing change detection.
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