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ABSTRACT
Semantic change detection (SCD) identifies changed regions and
land-cover transitions in bitemporal remote sensing imagery. Al-
though deep models have advanced SCD, most assume accurate im-
age registration and may confuse geometric displacement with se-
mantic change when this assumption is violated. We propose Uni-
FOT, a framework that combines optical flow and optimal trans-
port for SCD under misregistration. Its Hybrid Alignment Match-
ing Unit (HAMU) contains two complementary branches. The Flow
Warp Module estimates local displacement fields and aligns bitem-
poral features, whereas Global Transport Attention establishes non-
local semantic correspondence through spatially regularized optimal
transport. A Geometry–Context Gated Mixer then adaptively fuses
the alignment and association cues before multitask decoding. Ex-
periments on SECOND and JL1 with simulated spatial perturbations
show that UniFOT improves semantic transition recognition and re-
duces pseudo-changes caused by registration errors. These results
support the complementary use of geometric alignment and seman-
tic matching for SCD under controlled misregistration.

Index Terms— Semantic change detection, remote sensing, im-
age misregistration, optimal transport, optical flow, feature align-
ment

1. INTRODUCTION

Semantic change detection (SCD) jointly identifies changed regions
and their land-cover transitions in bitemporal remote sensing im-
ages [1, 2]. Compared with binary change detection, SCD provides
category-level transition information for applications such as urban
planning and resource monitoring. Most existing studies, however,
assume pixel-aligned image pairs. In practical remote sensing, vari-
ations in viewing geometry, platform pose, terrain, and preprocess-
ing can leave residual spatial displacement [3]. Such misregistration
makes unchanged objects appear at different locations and can there-
fore produce pseudo-changes that interfere with semantic transition
recognition.

At the feature level, geometric displacement and semantic evo-
lution are entangled in the same bitemporal discrepancy. An un-
changed object with shifted boundaries can produce a response sim-
ilar to a genuine transition, whereas an overly aggressive alignment
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operation may warp or suppress evidence from newly appearing and
disappearing objects. The central difficulty is therefore not simply
to register two feature maps, but to determine which discrepancies
should be geometrically corrected and which should be retained for
semantic interpretation.

Multitask Siamese networks have become a common solution
for SCD [4]. Daudt et al. [1] established an early fully convolu-
tional baseline that coupled change detection with bitemporal se-
mantic segmentation. Subsequent CNN-based methods strength-
ened task interaction by reusing semantic features or reasoning over
cross-temporal relationships [5, 6]. Transformer-based models fur-
ther enlarged the effective context. ChangeMask uses a hierarchi-
cal Transformer to model multiscale semantics [7], while Pyramid-
SCDFormer targets small changes and boundary details [8]. SCan-
Net explicitly models spatio-temporal dependencies and semantic
transitions [9]. Despite these advances, these methods are primar-
ily designed and evaluated under the same accurate-registration as-
sumption.

Recent change-detection models have introduced adaptive
sampling or feature alignment to reduce spatial discrepancies.
Deformable convolution can learn data-dependent sampling off-
sets [10], and optical-flow estimation can provide displacement
fields for feature warping [11]. BiFA explicitly aligns bitemporal
features before comparison to suppress inconsistent responses [12].
These approaches improve local geometric adaptation, but a single
alignment mechanism remains vulnerable under semantic changes.
Flow estimation is reliable when corresponding content is preserved,
yet it becomes ambiguous when an object disappears, emerges, or
changes appearance. Conversely, global content matching can re-
cover long-range correspondence but may associate semantically
similar regions that are spatially unrelated. Robust SCD under mis-
registration therefore requires local geometric correction and global
semantic association to be considered jointly.

To address this requirement, we propose UniFOT, a modular
framework built on a weight-sharing encoder and a lightweight mul-
titask decoder, as shown in Fig. 1. Its core Hybrid Alignment Match-
ing Unit (HAMU) is inserted at multiple encoder scales. Within each
HAMU, the Flow Warp Module (FWM) estimates a dense resid-
ual displacement field and warps bitemporal features to correct local
spatial shifts. In parallel, Global Transport Attention (GTA) formu-
lates correspondence as an optimal transport problem and uses spa-
tial regularization to constrain nonlocal semantic matching. Because
the reliability of these cues varies across image pairs and spatial lo-
cations, the Geometry–Context Gated Mixer (GCGM) uses dynamic
convolution and spatial gating to integrate them. The fused differ-
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Fig. 1. Overview of UniFOT. HAMU combines flow-based local alignment (FWM) and transport-based global association (GTA), after which
GCGM adaptively fuses the two difference cues for multitask decoding.

ence features are then injected into the semantic branches to coordi-
nate semantic segmentation and binary change detection.

The main contributions are summarized as follows:

• We develop UniFOT for SCD under misregistration. The
framework treats spatial displacement and semantic change as
coupled correspondence problems within a standard encoder–
decoder architecture.

• We introduce HAMU to combine FWM-based local align-
ment with GTA-based global semantic association. GCGM
adaptively reconciles the two cues and reduces interference
from unreliable correspondence.

• Experiments and component ablations on SECOND and
JL1 under simulated affine perturbations show consistent
improvements in Fscd and SeK over the compared SCD
methods.

2. METHODOLOGY

As illustrated in Fig. 1, UniFOT consists of a weight-sharing en-
coder, multiscale HAMUs, and a multitask decoder. Its design
decomposes correspondence reasoning into two complementary
hypotheses. FWM assumes that locally consistent content can
be related through an explicit displacement field and produces a
geometry-corrected residual. GTA relaxes this displacement as-
sumption and searches globally for semantically compatible content
through optimal transport. GCGM evaluates the two observations
jointly and uses them to refine the local residual according to image-
level context and spatially varying reliability. Applying HAMU at

four encoder scales allows this reasoning to cover fine boundary dis-
placement and broader object-level inconsistency. The decoder then
aggregates the refined differences to predict two semantic maps and
one binary change map, while difference injection couples change
localization with bitemporal land-cover recognition.

2.1. Flow Warp Module

FWM performs preliminary alignment between bitemporal features.
Given F1, F2 ∈ RC×H×W , the two features are concatenated and
processed by a three-layer convolutional predictor Φ. The predictor
regresses a dense flow field V ∈ R2×H×W :

V = Φ(Concat[F1, F2]), (1)

where the two channels of V represent horizontal and vertical dis-
placement. A bilinear warping operation W transforms F1 toward
the coordinate system of F2:

Fwarp
1 = W(F1, V ). (2)

The absolute difference between the warped feature and the target
feature is then computed as

Dflow = |Fwarp
1 − F2|. (3)

This operation converts an implicit coordinate discrepancy into an
explicit feature residual. Where corresponding content is preserved,
warping brings the same object into a common coordinate system
and suppresses boundary responses caused only by displacement.
The remaining activation is therefore more concentrated on semantic
change and unresolved correspondence. This distinction is important



because FWM is not expected to explain every temporal difference:
at newly appearing, disappearing, or strongly altered regions, the
flow estimate can be ambiguous. Its output is consequently treated
as a strong local geometric cue rather than a complete change repre-
sentation.

2.2. Global Transport Attention

The receptive field and correspondence assumption of FWM limit
its reliability under large displacement or substantial appearance
change. GTA provides a second view of the discrepancy by es-
tablishing content-aware correspondence over the complete feature
map. Given F1 and F2, we flatten them into token sequences
X1, X2 ∈ RN×C , where N = HW . Instead of regressing one
displacement vector for each position, GTA formulates matching
as a globally coupled optimal-transport problem. Its cost matrix
combines semantic and spatial distances:

Cij = 1−
x⊤
1,ix2,j

∥x1,i∥∥x2,j∥
+ λ∥pi − pj∥22, (4)

where x1,i and x2,j denote feature tokens, pi and pj are their nor-
malized coordinates, and λ balances semantic similarity and spa-
tial proximity. The cosine term makes the assignment responsive
to land-cover content, whereas the coordinate penalty discourages
semantically plausible but spatially unrelated matches. Their com-
bination preserves nonlocal search while retaining a weak geometric
preference, which is more flexible than restricting correspondence to
a fixed window.

An entropically regularized Sinkhorn solver computes the trans-
port plan:

P = Sinkhorn(C, ϵ), (5)

where P ∈ RN×N and ϵ controls the regularization strength. Be-
cause all token assignments are optimized jointly, P represents a
globally normalized soft correspondence rather than a set of inde-
pendent nearest-neighbor matches. This coupling distributes am-
biguous evidence across compatible regions and reduces the dom-
inance of a single locally attractive match. The plan transports fea-
tures in both temporal directions:

X̃1→2 = P⊤X1, X̃2→1 = PX2. (6)

After reshaping the transported sequences to the original spatial di-
mensions, GTA obtains the bidirectional transport difference

Dot = |F̃1→2 − F2|+ |F̃2→1 − F1|. (7)

The bidirectional construction exposes discrepancies that may be
weak or ambiguous in only one transport direction. Unlike flow
warping, GTA does not require every position to be explained by
a unique local displacement. It therefore supplies a complementary
semantic correspondence cue when local geometry alone is insuffi-
cient, while the spatial term prevents unconstrained matching across
repeated land-cover patterns.

2.3. Geometry–Context Gated Mixer

The reliability of Dflow and Dot varies with displacement, appear-
ance change, and local content. A fixed summation implicitly as-
sumes that both cues are equally reliable everywhere and can there-
fore amplify conflicting correspondence. GCGM instead performs
hierarchical conditioning through dynamic convolution and spatial

gating. The concatenated cues are first summarized by global av-
erage pooling (GAP), and a multilayer perceptron predicts mixture
weights w ∈ RK for K learnable basis kernels:

w = Softmax(MLP(GAP(Concat[Dflow, Dot]))) . (8)

The instance-specific dynamic kernel is constructed as

Kdyn =

K∑
k=1

wkKk. (9)

The basis kernels encode a set of reusable transformations, while
w selects an image-pair-specific combination according to the joint
geometry–semantic context. A bottleneck with reduction ratio r lim-
its the computational cost. The dynamically enhanced feature is

Fdyn = Expand(Kdyn ∗ Reduce(Dflow)) . (10)

GCGM then predicts a spatial gate G ∈ R1×H×W from both
correspondence cues:

G = σ(Conv1×1(Concat[Dflow, Dot])) . (11)

The fused difference representation is defined as

Dfused = G⊙ Fdyn + (1−G)⊙Dflow, (12)

where ⊙ denotes element-wise multiplication. This formulation de-
liberately avoids directly adding Dot to Dflow. Instead, the trans-
port cue conditions both the dynamic transformation and the spatial
gate, allowing global semantic association to indicate where the local
residual should be recalibrated without replacing its geometric ref-
erence. The global kernel mixture captures image-level correspon-
dence characteristics, whereas G resolves reliability at individual
spatial locations. GCGM thus retains stable flow-aligned evidence
in well-matched regions and applies context-dependent correction
where the two branches reveal inconsistent correspondence.

2.4. Encoder and Multitask Decoder

A pretrained ResNet-34 serves as the weight-sharing encoder and ex-
tracts feature pyramids at four scales. Weight sharing places the two
dates in a common representation space, while multiscale HAMUs
address displacement at different spatial extents. The decoder con-
tains one binary change-detection branch and two weight-sharing
semantic segmentation branches, with each block using bilinear
upsampling followed by convolution. At every scale, Dfused is con-
catenated with the corresponding encoder feature before semantic
decoding. This difference injection prevents the semantic branches
from reasoning independently of the detected change evidence and
encourages the two land-cover predictions to remain compatible
with the binary change map.

3. EXPERIMENTAL RESULTS AND ANALYSIS

3.1. Implementation Details

UniFOT is implemented in PyTorch 2.4.1 on Ubuntu 20.04 and
trained on an NVIDIA RTX 4090 GPU. AdamW uses an initial
learning rate of 1 × 10−4, weight decay of 1 × 10−3, and batch
size 16. Training lasts 50 epochs with random cropping, rotation,
and flipping. The checkpoint with the best validation performance
is retained, and all experiments use a fixed random seed.



Table 1. Component ablation on SECOND and JL1. Inj.: difference
injection.

Idx. Components Metrics

FWM GTA GCGM Inj. OA Fscd mIoU SeK

SECOND
1 ✓ 86.37 58.60 70.37 18.45
2 ✓ ✓ 86.16 59.37 70.40 19.00
3 ✓ ✓ 86.25 58.48 69.98 18.16
4 ✓ ✓ ✓ 86.54 59.32 70.60 19.14
5 ✓ ✓ ✓ 86.79 58.62 70.92 18.68
6 ✓ ✓ ✓ ✓ 86.94 60.63 71.42 20.46

JL1
1 ✓ 89.68 80.17 79.43 42.61
2 ✓ ✓ 90.42 81.92 80.59 45.53
3 ✓ ✓ 89.98 81.29 79.55 43.84
4 ✓ ✓ ✓ 90.36 81.76 80.34 45.07
5 ✓ ✓ ✓ 89.88 80.53 80.08 43.54
6 ✓ ✓ ✓ ✓ 91.00 82.94 81.62 47.61

To evaluate robustness against registration errors, a random
affine transformation is applied to the second image T2 and its label
with a fixed probability, while T1 remains unchanged. The perturba-
tion includes translation, rotation within ±5◦, and scaling from 0.95
to 1.05. This protocol provides a controlled evaluation of geomet-
ric misregistration rather than covering every source of real-world
displacement.

3.2. Datasets

We evaluate UniFOT on SECOND [6] and JL1. SECOND contains
4,662 RGB image pairs of 512× 512 pixels with spatial resolutions
from 0.5 to 3 m. It provides annotations for six land-cover classes
and exhibits severe class imbalance across semantic transitions.

JL1 is a cropland change-detection competition dataset collected
by the Jilin-1 satellite. It contains 6,000 image pairs of 256 × 256
pixels at 0.75 m spatial resolution. Five land-cover classes define
nine annotated “from-to” transition categories.

3.3. Ablation Study

Table 1 evaluates FWM, GTA, GCGM, and difference injection on
both datasets. The baseline in row 1 contains the multitask de-
coder and difference injection but excludes the three HAMU compo-
nents. Adding FWM alone (row 2) improves Fscd and SeK on both
datasets, showing that local feature warping reduces errors induced
by displacement. GTA alone (row 3) is less effective on SECOND
but improves the primary metrics on JL1. This difference indicates
that global semantic association is sensitive to correspondence am-
biguity when it lacks an explicit local alignment cue.

Directly summing FWM and GTA (row 4) does not consistently
outperform FWM alone. Their cues can conflict when flow warping
and global matching assign different correspondences. Replacing
static summation with GCGM (row 6) improves all metrics over row
4 on both datasets. The result supports adaptive rather than uniform
fusion of local geometric and global semantic evidence.

Removing difference injection from the full model (row 5) re-
duces all four metrics on both datasets. Thus, passing Dfused to the
semantic branches is important for coordinating change localization
with bitemporal land-cover prediction.

Table 2. Comparison on SECOND and JL1. Best and second-best
values are bold and underlined.

Method OA Fscd mIoU SeK

SECOND
HGINet 84.60 51.73 66.37 11.83
CDSC 85.57 53.59 67.01 13.49
Bi-SRNet 86.84 59.73 71.06 19.57
BT-SCD 86.82 60.13 70.67 20.36
SCanNet 86.61 60.39 70.72 19.90
SSCDl 87.00 60.26 71.28 20.04
UniFOT 86.94 60.63 71.42 20.46

JL1
HGINet 83.23 67.79 69.39 24.46
CDSC 85.55 70.77 73.67 29.44
Bi-SRNet 89.75 80.71 79.82 43.62
BT-SCD 90.40 81.31 80.82 45.05
SCanNet 89.86 81.57 79.64 44.44
SSCDl 90.54 81.54 81.35 45.95
UniFOT 91.00 82.94 81.62 47.61

3.4. Comparison with State-of-the-Art Methods

We compare UniFOT with six representative SCD methods: BT-
SCD [13], CDSC [14], HGINet [15], SCanNet [9], Bi-SRNet, and
SSCDl [6]. All results in Table 2 are obtained under the same per-
turbed evaluation setting.

On SECOND, UniFOT achieves the best Fscd, mIoU, and SeK.
Its Fscd and SeK exceed the second-best results by 0.24 and 0.10
percentage points, respectively. SSCDl obtains a slightly higher OA,
but its lower Fscd and SeK indicate weaker recognition of semantic
transitions. This distinction is important because unchanged pix-
els dominate OA on class-imbalanced SCD data. The gains in the
primary metrics are consistent with HAMU reducing displacement-
induced false transitions while retaining semantic change evidence.

On JL1, UniFOT ranks first in all four metrics. It exceeds the
second-best method by 1.37 points in Fscd and 1.66 points in SeK.
HGINet and CDSC show larger degradation under the perturbed set-
ting, whereas Bi-SRNet, SCanNet, and SSCDl remain more compet-
itive through stronger temporal or task interaction. UniFOT further
improves their results by explicitly combining local alignment and
nonlocal association. The larger gain on JL1 is consistent with the
value of this complementary correspondence design, although the
current protocol does not isolate every source of dataset difficulty.

3.5. Qualitative Visualization

Figure 2 compares representative predictions. In the SECOND ex-
amples, CDSC and HGINet produce fragmented building regions,
while UniFOT recovers more contiguous shapes and boundaries. In
the JL1 examples, several methods miss narrow cropland structures
or produce irregular boundaries after displacement. UniFOT bet-
ter preserves these structures and shows fewer spatially shifted er-
rors. The visual observations agree with the improvements in Fscd

and SeK, but they are illustrative rather than a substitute for the full
quantitative evaluation.
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Fig. 2. Qualitative comparison on SECOND (top) and JL1 (bottom).
Columns show the input image, ground truth, UniFOT prediction,
and predictions from the compared methods.

4. CONCLUSION

We presented UniFOT for semantic change detection under mis-
registration. HAMU combines FWM-based local spatial correction
with GTA-based global semantic association, and GCGM adaptively
integrates the resulting cues before multitask decoding. Experiments
on perturbed SECOND and JL1 data show consistent improvements
in Fscd and SeK, while the ablations support the contributions of
adaptive fusion and difference injection. The current evidence is
limited to controlled affine perturbations on two datasets. Future
work will examine naturally misregistered multisensor imagery and
reduce the cost of global transport for large-scale processing.
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