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ABSTRACT

The Identification of changes within two different images from satellites or other sources of remote sensing is
a basic issue in earth observation that seeks to recognize any semantically significant distinctions between two
images. Methods using supervised learning approaches provide good performance on RSCD tasks, however,
they suffer from generalization issues. In this paper, we present UniRSCD, a unified architectural paradigm for
semantic change detection that integrates class-prior color statistics, dual-branch feature fusion, and
lightweight decoder design into a single end-to-end trainable framework.

UniRSCD leverages an encoder network that is built on ResNet34 and executes simultaneously over the image
pairs while using a special color signal stream to combine several difference features at different scales, along
with an attention mechanism based on RGB statistics prototypes. Our extensive evaluations on the benchmark
dataset SECOND show that the average class loU of our approach reaches 38.7% and its F1 score is 53.5%,
outperforming the previous SOTA open-vocabulary change detection method OmniOVCD by +11.6 loU and
+11.7 F1. In particular, the loU scores of buildings and playgrounds are 61.3% (+16.1) and 64.4% (+37.4)
compared to OmniOVCD, respectively, showing the effectiveness of prior-aware class disambiguation in
spectral land-cover categories.

Index terms—Remote sensing, change detection, semantic segmentation, class-prior, open-vocabulary,
SECOND dataset, bi-temporal image analysis, ResNet34, deep learning.

INTRODUCTION

Remote Sensing-based change detection refers to detecting changes in land cover by using bi-temporal satellite
imagery and has application in monitoring cities, emergencies, and forestry. In current scenarios, not only is
change detection important but semantics need to be understood too.

Unsupervised methods lack training data but are unable to give class information and produce binary masks.
Supervised methods can learn embedding per class, however, expensive annotation efforts are required,
making them less generalizable to different regions.

CLIP, SAM, and DINOv2 are some of the foundation models that can be used to detect open vocabulary
changes.There are also many encouraging results of OmniOVCD and SegEarth-OV. Nevertheless, existing
works suffer from two key issues: similar spectra and different data distribution between natural images and
remote sensing domain.

UniRSCD comprises of three modules: (1) dual-stream ResNet34 backbone with multiscale fusion; (2) color
signal stream with NDVI proxy; (3) class-prior attention with RGB prototypes. Class loU reaches 38.7% and
F1 score reaches 53.5% on the benchmark dataset of SECOND surpassing OmniOVCD +11.6 loU and +11.7
F1.

Contributions:

- An integrated model that includes spectral data, spatial data, and class data.
- RGB Prototype Attention Classes for Class Prior Spectral Ambiguity.
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- Color signal branch for contrast and NDV1 proxy learning.
- State-of-the-art performance in SECOND compared to all baselines;
- Data augmentation at test time for better boundary handling.

Related work
A. Classical Change Detection

The classical approach includes change vector analysis [1] as done by Bovolo and Bruzzone. Unsupervised
methods through PCA clustering will be shown using classical change detection methods by Celik [2] and
Deep Slow Feature Analysis [3]. For deep change vector analysis and graph networks, Saha et al. [4] and Tang
et al. [5] respectively did their studies. EI Amin et al. [6] used deep CNN features without using any
annotation. Unsupervised techniques are still not semantic despite having no annotations to rely upon.

B. Supervised Deep Learning Methods for Change Detection

Supervised deep learning methods have benchmark datasets created by Chen and Shi [7] and Ji et al.[8]. Shen
et al. [9] have introduced the S2Looking dataset. For change detection techniques, Chen et al. [10, 11] have
proposed STANet and ChangeMamba respectively. Yang et al. [12] proposed the SECOND dataset used in
this paper. Mei et al. [13] applied transfer learning on SAM for semantic change detection while Li et al. [14,
15] explored visual language guidance in remote sensing change detection.

C. Open Vocabulary and Foundation Models for Segmentation

CLIP was introduced by Radford et al. [16] and DINO along with DINOv2 were proposed by Caron et al. [17]
and Oquab et al. [18]. Segmentation methods with open vocabulary and foundation models, such as ForSCLIP
and ProxyCLIP [19, 20], will be shown by increasing dense inference performance. The recent developments
in self-supervised segmentation are from SAM [21], SAM 2 and SAM 3 [22, 23]. Li et al. [24, 25] proposed
SegEarth-OV and SegEarth-OV3 respectively for remote sensing segmentation. Applications of foundation
models in change detection include [26] and [27] by Zheng et al. and Tan et al. respectively. OmniOVCD is a
method that Zhang et al. developed for zero-shot results on SECOND. Li et al. [29] and Zhu et al. [30]
furthered the work on open vocabulary change detection.

Datasets
A. Second

The SECOND Dataset (Semantic Change detectiON Dataset) [16] is an extensive reference for detecting
semantic changes in very high-resolution (VHR) remote-sensing images. There are 4,662 pairs of bitemporal
aerial imagery in the dataset, collected from six cities in China; the VHR images are collected from a wide
range of urban and suburban land-covers. Every image is also collected in a resolution of 0.5m-3m and are all
collected at a size of 512 pixels x 512 pixels. The images in T1 and T2 have 7 different land cover classes,
namely no-change, background, water, impervious, low vegetation, tree, and playground.

In this research, we utilized the official train/test split defined by the authors of the dataset; the dataset usable
for this experiment consists of 3,041 image pairs for training and 1,694 image pairs for testing. Each of the
label images is given in RGB format, and thus converted from an RGB image into an integer class through the
use of a colour map based on a 1-to-1 colour mapping technique. For generating a change label, T2 class will
indicate change, otherwise, T1 will be maintained when it is greater than zero, thus enabling multi-class
change segmentation from one image only.

B. Class Distribution and Problems

There are very few images with enough different classes to distinguish from one another, (second dataset) but
the majority (55 - 75% of the image) of pixels are still classified as unchanged. For classes that changed, the
most common for urban locations were building and playground, and had more pixels on average per sample
than, for example, both water and tree class change. The number of changed vegetation and surface classes
had seasonal differences, and because the illuminations at T1 and T2 were different.
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Proposed Method: Unirscd
A. Overview

In this study we propose the "UniRSCD" framework, which generates a pixel-by-pixel change map from two
images of the same location taken at two distinct periods T1 and T2. UniRSCD has four modules in its
architecture: First: Dual-Branch Encoder. Objective of Dual-Branch Encoder: This is done to encode the
acquired input image data during T1 and reencode the same during T2. Second — a feature fusion model which
fuses the features extracted from T1 and T2. Third — a color signal branch model which calculates the raw
spectral difference of the images captured at T1 and T2.String Algorithms Used for Ensemble Class Prior
Attention Model Computations. All four components are used to create a decoder that output full resolution
prediction maps.

B. Class-Prior Attention Module

One of the issues with detecting changes in a particular class of Cover is that many Cover Classes will have
similar 'Spectral' Content, e.g., Trees and Low Vegetation (will both show up as Green). In an effort to help
our model discern between these two classes, a Class Prior Attention Module was developed, based on the
very basic, yet effective principle that every Cover Class will exhibit a 'Typical Average Colour' in RGB
Colour Space.

We are going to calculate the mean 'RGB Colour Value' of each Class based on our training sample set (for all
training pixels), and create a Class Vector that we will store in the Prior Matrix.

UniRSCD — end-to-end research overview

Image T1 Image T2 SECOND dataset

Before change After change 4,662 pairs - 7 classes - VHR

Dual-branch encoder Color-signal branch Class-prior attention
ResNet34 shared weights Diff - T1 - T2 - NDVI proxy RGB prototypes - softmax T

v

Feature fusion bottleneck
FA - FB - FA—FB| - FAGFB

Decoder + skip connections
4x upsample - DoubleConv

Test-time augmentation (TTA)

Semantic change map
256%256 - T-class pixel labels

puitding (N 1.3+ (+16.1
playground (N .o (+37.41
surface (NG :+.++ (+6.7)
Low veq (IIIEGEGEGED 256> (+4.1)
Tree [ z0.5% (+4.2)
water [ 22.4% (+1.2)

OmnioveD
B unirsco

Class-avg loU 38.7% - F1 53.5%

+11.6loU - +11.7 F1 over OmniOVCD

Fig. 1. displays the entire architecture of the unified remote sensing change detection (UniRSCD) system using
the example of four different optical images for a bi-temporal image pair. The bi-temporal images are
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processed using one of the three networks mentioned below: 1) ResNet34 with 2) color channel and 3) class
prior attention module. The concatenation of all three models occurs at the bottleneck and is decoded to
produce an output of a single 7-class semantic change detection map for each image.

C. Dual-Branch Encoder and Feature Fusion

We build a ResNet34 encoding for each input image by the dual branch encoder.. For each depth level, the
encoder returns the feature maps of T1 and T2 denoted by F_A and F_B correspondingly. Instead of the
difference F_A - F_B we perform the following concatenation of four types of the output:

[Fa, F ,|FA-Fe|,F A O F_B]

As can be seen from the formula, FA & FB encode the texture pattern of the input image, [FA — FB| encodes
the difference in intensity present in FA & FB, and FA N FB encodes the interaction. Then, the obtained
output can be fed into 1 x 1 convolution layer which results in more informative representation, making the
model capable to spot the difference while being insensitive to the irrelevant ones, e.g., The two separate
encodings happen due to illumination differences or seasonality.

D. Color-Signal Branch

Sometimes purely deep feature extraction does not allow spotting the changes at low-level color features that
are easily observable in the image.G and R stand for Green and RED Channels in the T2 Image respectively.
In addition, & denotes a small constant, and then pass through the 4-Layer CNN to create a feature map that
consists of 64 Channels (C_f) that will be concatenated to other Encoder Features in the future.

E. Decoder and Final Prediction

To create an upsampled version of the original 256x256 image, the decoder processes the data created by the
encoder vertically starting with the final layer of the encoder (the bottleneck) and requiring four more steps.
First, we concatenate all fused encoder feature maps plus the color feature C_f and prior feature P_f at the
bottleneck. The decoder up-samples the data size at each of the four up-sampling (via transposed convolution
layers), 3x3 convolutions with Batch Normalization followed by ReLU (i.e., two 3x3 convolutions with Batch
Normalization and ReLU) will occur at each up-sampling step with an encoder layer skip connection to help
maintain spatial detail in the output image. The upsampling layer is going to produce a predicted image that
has a total of seven classes from a conv layer with each conv layer using only 1x1 conv kernel in its final conv
layer.

Each test image is predicted using the four different (original + horizontal flip + vertical flip + both horizontal
and vertical flip) versions of test time augmentations (TTAs). The predictions for the four TTA version's
softmax outputs are averaged when creating a prediction for each test image; this averaging process
strengthens the confidence of the predictions made along the edge of objects.

F. Objective of Training

We train the model with cross-entropy and Dice Losses. The cross-entropy loss will penalize the wrong
predictions at each pixel while the Dice Loss directly optimizes the overlap of predicted with ground truth. The
unmodified class will be assigned a lower loss to prevent the model from simply predicting all pixels as being
unmodified and receiving a higher than actual accuracy because of class imbalance.

We use the AdamW optimizer with a cosine learning rate schedule over 21 epochs, with a batch size of 12. All
images are resized to 256x256 and normalized using ImageNet mean and standard deviation We will augment
our training data by applying random horizontal and vertical flips, and brightness and contrast jitter.
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Experiments
A. Experimental Setup

All experiments were run on the test split of the SECOND dataset (1,694 bi-temporal images). The model is
trained on 3,041 images in a mini-batch of 12 and is evaluated every epoch. The resolution of all input images
is scaled to 256256 and the images are normalized with the mean and standard deviation from ImageNet. The
training is run for 21 epochs with AdamW optimizer and a cosine annealing learning rate schedule, starting at
a base learning rate of 1x107.

Minority classes such as water, low vegetation and surface are oversampled by copying region crops from the
training data to be pasted into the background images. Standard geometric augmentations including random
horizontal flips, vertical flips, random 90° rotation, brightness and contrast jitter are applied to the bi-temporal
images together to maintain consistent labels.

TTA with 4 inputs (original, horizontal flip, vertical flip and combination of horizontal and vertical flip) is
applied at inference time. The softmax probability map for each of these 4 inputs are averaged to produce the
final prediction using argmax.

B. Evaluation Metrics

The evaluation metrics used are class-wise loU and F1-score on the six semantic change classes; class-average
is calculated on the 6 semantic change classes, the static class of ‘'unchanged' background is not included. The
results reported are class-average loU and class-average F1. Class-average mloU of all 7 classes (including
unchanged) is also presented for context. All the methods are compared against OmniOVCD on the same test
set and the same held-out set.

RESULTS AND COMPARISON

The per-class loU and F1 scores of UniRSCD system as demonstrated in Table 1 have been analyzed with
respect to the results produced by 5 baseline systems when evaluated on the SECOND test dataset. The
different baseline evaluations used for comparison include: all zero-shot, SegEarth-OV variants; APE variants;
and OmniOVCD. The baseline evaluation results are those published by each respective baseline system and
were all calculated based on the same defined testing protocol for each respective baseline system.

The results show that the UniRSCD system outperformed all of the baseline systems in the respective metrics.
Specifically, with respect to the OmniOVCD system, the class average loU increased from 27.1% to 38.7%
(+11.6), while the F1 score improved from 41.8% to 53.5% (+11.7). UniRSCD algorithm achieved the greatest
performance gain with respect to the baseline methods in the two classes, namely building and playground.
The reason for this is that the prior information about the two classes is very effectively obtained using the
class-prior model. The specific class from the above analysis that exhibited the greatest performance drop (loU
of 22.4%) was water.

A comparison on SECOND dataset test split of UniRSCD with 5 other baselines is presented in Table 1. The 3
types of baselines that we are comparing are (1) Open-vocabulary zero-shot methods using foundation models:
SAM-DINOv2-SegEarth-OV and SAM2-DINOv2-SegEarth-OV. These methods combine SAM/SAM2 and
DINOV2 to get training-free segmentation. (2) APE variants with no dedicated training on change-detection-
related datasets: APE-/-DINO and APE-/-DINOv2.These methods adopt the original APEs without
modification to create prompt encoders for alignment, thus free from any change detection-related training. (3)
OmniOVCD is the state-of-the-art zero-shot method and it also takes advantage of the new open-vocabulary
detection feature of SAM 3. Compared to the 5 baselines which are zero-shot, UniRSCD is a supervised end-
to-end model trained on the SECOND training split with a dual-branch ResNet34 encoder, a color-signal
branch, and a class-prior attention module. We adopt the official results of these 5 baselines from the originally
published papers. The 5 baselines that we compare UniRSCD against have used the same public SECOND test
split for evaluating performance, so it is a fair comparison to with UniRSCD.
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A. Per-Class Analysis

Building detection has the best performance, with an loU of 61.3% and an F1 of 76.0% because of the high
contrast and color of building rooftops. Playground loU improved significantly with a 37.4% increase, because
the surface of playgrounds (red and orange) can be easily identified by the RGB prior model. Water remains
the most challenging class, having the lowest loU of 22.4%, because it is difficult to recognize objects at a
small scale and their variations occur over a broad range of seasons; whereas tree detection has an loU
of 20.9% because they share spectral characteristics with low vegetation.

Table 1. Per-class loU and F1 scores on SECOND dataset test set. Bold values indicate best performance. *
denotes zero-shot methods. A row shows improvement of our method over OmniOVCD.

Method Building Tree Water Low Veg. | Surface Playground | Class Avg
loU |F1 loU |F1 |loU |F1 |IoU |F1 |loU |F1 |IloU |F1 loU |F1

SAM- 388 [56.0 |15.6|27.0|153 265|213 |35.1|26.7 421|226 |36.8 |234 |373

DINOv2-

SegEarth-

oV

SAM2- 36.3 |[533 |158|27.3|14.6|255|20.1 (334|196 (327|246 |395 |218 |353

DINOv2-

SegEarth-

oV

APE-/- 29.1 |451 (97 |177|123|220|— |— |— |— |256 |40.8 |128 |[21.0

DINO

APE-/- 319 [483 |106|19.2 122 |21.7|— |— |— |— |25.0 |40.0 |133 |215

DINOv2

OmniOVCD | 452 |62.3 |16.7|28.6 |21.2|35.0|245 (393 (277 434|270 |424 |271 |4138

[1]

UniRSCD |61.3 |76.0 |20.9|345|224|36.6 |286 445|344 512|644 |783 |387 |535

(Ours)

A vs | +16.1 | +13.7 | +4.2 | +5.9 | +1.2 | +1.6 | +4.1 | +5.2 | +6.7 | +7.8 | +37.4 | +35.9 | +11.6 | +11.7

OmniOVCD

Our model clearly beats all baselines on all evaluation metrics. The performance improvements of our
proposed method are as below when compared with the OmniOVCD baseline approach. Buildings have shown
16.1 more loU, Children's playgrounds have shown 37.4 more loU, Surfaces have shown 6.7 more loU, Trees
have shown 4.2 more loU. Average class loU improved from 27.1% to 38.7% as well as average F1 from 41.8%
to 53.5%. The playground achieves a very high improvement, and this indicates that our class prior attention
mechanism has been able to detect the special spectral features of modern artificial turf playground surfaces.

B. Training Dynamics

There was not any overfitting during the whole 21 epochs because the loss was steadily decreasing from 1.13
to 0.87 during the whole 21 epochs. Validation mloU stabilizes at a value above 0.385 after epoch 2, always
beating the two models; OmniOVCD at 0.271 and V2 at 0.356. Best performance in terms of mloU is achieved

at epoch 6 at 0.3970.
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Training Loss ~ Validation mlolU (7-class)

Loss
mioll

B UniRSCD {Ours) OmnioVCD (0.271)

Fig 2. shows the training loss and validation mloU of UniRSCD over 21 epochs. There was not any overfitting
during the whole 21 epochs because the loss steadily decreased from 1.13 at epoch 1 to 0.87 at epoch 21.
Furthermore, validation mloU was greater than OmniOVCD (0.271) during all training epochs. Epoch 6 was
found to have the highest mloU, and it was 0.397

C. Model Architecture Details

Table 2 summarizes the architectural details of UniRSCD. UniRSSD is a neural network architecture featuring
a ResNet34 encoder created using 4 different encoders (the first two are ResNet34, and the last two are
transposed convolutional) over 4 stages, which also reflect upon and mirror four decoder stages constructed
using transposed convolution (DoubleConv) blocks. At the bottleneck, fused encoder features, color-signal
features, and class-prior features are concatenated before decoding. UniRSSD is a relatively small model that
has ~25 million parameters compared with most large-scale foundation models (>300 million parameters).

Table 2. UniRSCD Model Architecture Details

Component Details

Encoder ResNet34, ImageNet pretrained
Encoder output channels 64, 128, 256, 512

Fusion operation [F A,F B,|JF A-F B|,F AOQF B]— 1x1 Conv
Color signal input 10-channel (diff + T1 + T2 + NDVI)
Color signal encoder 4-layer CNN — 64 channels

Prior matrix P RA{7x3} (per-class RGB mean)
Temperature t 8.0 (learnable)

Component Details

Decoder stages 4x TransposedConv + DoubleConv
Decoder channels 256 — 128 — 64 — 32

Output head 1x1 Conv — 7 classes

Input image size 256x256

Approx. parameters ~25M

TTA variants 4 (original, H-flip, V-flip, both)
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DISCUSSION

The excellent performance of UniRSCD highlights an important trade-off that exists for open-vocabulary,
unannotated methods, e.g., OmniOVCD, versus supervised, task-specific methods, which are significantly
superior when there is sufficient labeled data. Although class-level color statistics serve as a simple but
effective prior — thus requiring no additional annotations beyond the standard training labels — UniRSCD
provides a bridge between these two types of methods.

One limitation is that RGB priors are computed from training data and may not transfer well to different
geographic regions, seasons, or sensors. The next round of research will consist of fine-tuning (few shot) the
previous neural network (YG-net) on new datasets, as well as extending UniRSCD using text-guided
embeddings through CLIP or SAM 3, so that open vocabulary can be used for prompt creation.

CONCLUSION

We have introduced UniRSCD, an easy-to-deploy framework that integrates class-prior attention, dual-branch
feature fusion and a color signal branch into one end-to-end architecture. The principle behind this framework
is simple: each class of land cover exists at specific ranges of color and anchoring predictions to these color
class priors helps to reduce the chances of misclassifying land cover in the event of spectral ambiguity.
According to the results, the average class-wise loU score on the SECOND benchmark dataset was 38.7%
(loU) and 53.5% (F1), out pace by 11.6 (loU) and 11.7 F1 than the OmniOVCD.This result showed where
there were major gains both in buildings and playground areas, therefore demonstrating the advantage of
previous guided attention where the definitions of the spectra are better defined; thus, the expectation is that
the Semantic Change Detection results will provide a benchmark for future work on the Systematic Detection
of Changes in Nature.
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