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COUD: Continual Urbanization Detector for Time
Series Building Change Detection

Yitao Zhao
Nanqing Liu

Abstract—Building change detection on remote sensing images
is an important approach to monitoring the urban expansion
and sustainable development of natural resources. In conventional
building change detection tasks, only changed regions between two
time phases are typically concerned. The relevance and trend of
spatiotemporal changes between multiple time phases are neglected
in most cases. In this article, we propose a two-stage continual ur-
banization detector (COUD) for time series urban building change
detection task. The COUD method employs self-supervised pre-
training for feature refinement, and performs optimization through
temporal distillation approach. Consequently, multitemporal fea-
ture extraction and changing regions localization of urban building
complexes are conducted. Considering the gap in available dataset
for time series change detection task, we produce and release a time
series dataset named ‘“TSCD”. Chengdu region of China is selected
as the study area in this research, which is partially covered by the
proposed TSCD dataset. By applying the proposed COUD method
to the selected study area for exploring the changing pattern from
2016 to 2022, a comprehensive analysis is conducted in conjunc-
tion with actual planning policies published by the management
department. Extensive experimental results confirm the reliability
of our proposed method.

Index Terms—Change detection (CD), remote sensing, temporal
distillation, time series, urbanization.

1. INTRODUCTION

OR management departments, an accurate understanding
F of the urbanization process is of great significance for urban
development decisions [1], [2]. After decades of rapid economic
and industrial development, China, a developing country, is un-
dergoing tremendous evolution [3], [4]. Including the expansion
of new city complexes, the demolition and renovation of old
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city buildings, and the renewal and evolution of agricultural and
forestry land [5], [6], [7]. With the growth of the urbanization
rate, the proportion of China’s urban population has exceeded
60% [8], [9], [10].

This greatly promotes the transformation and upgrading of the
industrial structure, while simultaneously providing an obvious
boost to per capita GDP. However, urbanization inevitably leads
to a series of challenges to the maintenance of the ecological
environment at the same time. For example, the generation of
the urban heat island effect, the shortage of groundwater, the de-
struction of the ecological environment around urban areas, and
geological disasters caused by terrain reconstruction, etc. [11],
[12], [13]. Without external constraints on urban development,
limited natural resources will be severely eroded. Therefore,
macroassessment and regulation of the urbanization changing
trends are the top priority of urban management.

To prevent such situation, it is necessary for the management
departments to implement a series of corresponding measures
to discipline and facilitate the general direction of urbaniza-
tion [14]. One of the most intuitive ways to reflect the urbaniza-
tion process is building change detection (CD) [15], [16]. CD
collects multiple information from two or more time phases of
the same geo-location, and utilizes a series of analysis meth-
ods to extract the differential features [17], [18], [19]. By this
approach, new construction and demolition of urban building
complex can be located. Initial CD tasks heavily rely on manual
walk-through survey, but the inefficiency of human counting
could not match the update rate of urban building complex.
With the rapid emergence of remote sensing imaging technology,
numerous medium-resolution and high-resolution Earth obser-
vation platforms have been established to expand the perspec-
tive, such as WorldView, Quickbird, ZY Series, and GF Series
satellites [20], [21]. In addition to on-board optical sensors,
multisource Earth observation platforms, such as TerraSAR,
Sentinel Series, COSMO-SkyMed satellites are available to fill
the gap in data acquisition under severe climates [22], [23],
[24], [25], [26]. The proliferate of remote sensing data shifts the
form of CD from manual scattered investigation to large-scale
interpretation.

Nevertheless, it is inefficient to rely on expert knowledge-
based interpretation on single-temporal image and subsequent
comprehensive judgments [27], [28]. Some researchers pro-
posed various of automatic algorithms to improve the efficiency
of CD by algebra-based methods, such as CVA method [29],
ratio methods [30], [31], and normalized difference index
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methods [32], [33]. In addition, feature transformation-based
methods were also proposed, such as MAF method [34], tas-
selled cap transformation method [35], and PCA method [36],
[37], [38]. However, the aforementioned methods are usually
limited in specific scenarios and depend on data preprocessed.
Therefore, such kind of algorithms is not capable of handling
the massive and multiple formats of remote sensing data.

The emergence of deep learning-based computer vision tech-
nology brings large-scale remote sensing CD methods into a new
era [39], [40]. Daudt et al. [41] proposed three networks with
fully convolutional U-Net structure to handle the CD on bitem-
poral images. Chenxiao et al. [42] exploited a two-stream image
fusion network in which effective features were obtained by the
fusion of deep feature and original samples with the difference
discrimination module. In [43], a dual-branch U-Net++ architec-
ture with ECAM attention mechanism was utilized to extract and
densely connect the hierarchical features. Chen et al. [44] pro-
posed an efficient transformer-based method for bitemporal CD,
in which the original embedding was split into several tokens to
model image contexts. In [45], a deep siamese PCFN model was
proposed to detect semantic changes by leveraging temporal
correlation. Lei et al. [46] adopted a lightweight architecture
with multiscale decoupled convolution and feature cooperation
to improve the performance of high-resolution CD task. For
building CD, Cao and Huang [47] proposed a full-level fused
transfer-learning method which contains a building extraction
network, a pseudolabel generation module and a CD module.

In the conventional CD pipeline, bitemporal features are
extracted individually and fused differentially. Then, the feature
distances are measured to optimize the model with a fully
supervised loss function [48], [49], [50]. However, the fully su-
pervised CD suffers from the drawback of data-driven limitation,
which requires pixel-level manual labeling of the change region
for each pair of bitemporal samples. Considering the fact that
intensive manual labeling is very tedious and time-consuming,
researchers turn the interest to the application of semisuper-
vised and self-supervised approaches in CD tasks, promot-
ing the model to discover the latent features with unlabeled
datasets. Peng et al. [51] proposed an end-to-end architecture
with lightweight attention applied to improve the segmentation
performance. In [52], a self-supervised framework considering
contrast on seasonal factor was proposed to deal with the domain
gap in remote sensing images. Akiva et al. [53] designed a
self-supervised method to obtain better representation on the
material and texture of ground objects. Noh et al. [54] offered a
distinct pipeline of unsupervised CD via domain transferring
method. Single temporal image was transferred by a Cycle-
GAN [55] model to obtain the pseudochange pairs, then the
reconstruction loss were measured between the pairs. For se-
mantic representation, Chen et al. [56] proposed a triple-branch
contrastive framework for semisupervised CD. A novel CD
method leveraging dual-frequency signals and interactive fusion
was proposed in [57]. Jiang et al. [58] applied a SimSiam [59]
structure to self-supervised contrastive pretraining for CD.

Although both the prosperity of deep learning and massive
remote sensing data provide dual additives to remote sensing
CD tasks, there still remain several limitations as follows.
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1) The vast majority of the existing deep learning-based CD
methods are restricted in bitemporal scenarios. However,
urbanization is a continuous and long-term process and the
analysis of change patterns of time series data is inevitable.

2) Expert knowledge is required to interpret the complex
scenarios of remote sensing data, which greatly limits the
efficiency of manual labeling. As a consequence, manual
labeling is not able to fulfill the gap of comprehensive
processing for massive remote sensing data. In addition,
environmental factors, such as illumination and shadows,
are common among data from various platforms, which
also cause negative impacts on feature extraction.

However, few research works with deep learning-based meth-
ods for time series CD are conducted [60], [61]. The majority of
the existing exploration on time series CD task concentrate on
statistical analysis method [2], [62] and unsupervised learning
method [63]. These methods suffer from shortcomings in effec-
tiveness and generalization, as well as the limited capability of
feature extraction from the massive unlabeled remote sensing
data.

Overall, the main challenge for time series CD is that: How
to fully leverage the available labeled data to capture tempo-
ral context information to design a continual time series CD
framework?

Motivated by this, we perform an investigation on deep
learning-based time series CD of remote sensing images. In this
article, we consider the CD of building complex in the urban-
ization process as our main task and propose a time series-based
continual urbanization detector (COUD). The COUD method
is organized in a two-stage approach, containing pretraining
for COUD framework and temporal distillation supported fine-
tuning. Unlabeled RS data are utilized for the pretraining stage
for COUD framework. And the temporal distillation supported
fine-tuning, driven by the pretrained encoder, is assigned to
sequentially perform temporal optimization between a series of
individual models by temporal distillation.

The main contributions can be summarized as follows.

1) To the best of our knowledge, it is the first to propose a
self-supervised pretraining framework “COUD” to fully
leverage the spatiotemporal patterns in massive unlabeled
time series RSI data.

2) Two adaptive pretraining schemes are provided in our
proposed framework for various data formats, which
greatly expands the applicable scenarios. Contrast-COUD
is suitable for discrete RSI data, while TS-COUD utilizes
grouped times series data for optimization.

3) We originally annotate and release a challenging bench-
mark (TSCD) of Chengdu, China from 2016 to 2022 to
fill the gap in time series CD dataset. Extensive experi-
ments and analysis are performed on this dataset with the
proposed method.

4) In the downstream fine-tuning, we design a continual CD
approach optimized with temporal distillation to endow
the model with the capability to perceive the temporal
context.

The rest of this article is organized as follows. Section II

expounds study site and data involved this article. The details of
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Fig.1. Existing CD methods versus our COUD. Illustration of the utilization
of temporal context from pretrained encoder in our COUD method. (a) Existing
CD methods. (b) Proposed COUD method.

TABLE I
SPECIFIC PARAMETERS OF THE SOURCE IMAGES OF TSCD DATASET
Original Image | Acquisition Date | Resolution | Number of Bands
2016 2016.2.8
2018 2018.11.11 R
0.5 m/pixel 3 (RGB)
2020 2020.1.25
2022 2022.8.22

the COUD method are described in Section III. Extensive exper-
imental results are presented in Section IV. Finally, Section V
concludes this article.

II. STUDY SITE AND DATA COLLECTION
A. Study Site

Since the “Western Development” strategy has been proposed
by the Chinese government in 2000, comprehensive construction
covering the economy, technology, and ecological environment
has been carried out in the western region of China. As a
significant central city in western China, Chengdu, Sichuan
Province is selected as the study area in this article to evaluate
the proposed method described later.

Chengdu, the capital of Sichuan Province, is located in the
southeast of China. With a permanent population of more than 20
million, the city covers an area of about 14 355 km?. As shown
in the Fig. 2, the specific study area is located at Tianfu New
Area Science City in the south of Chengdu, near the Xinglong
Lake. During 2016 and 2022, this region has undergone a sig-
nificant evolution of ground objects (e.g., buildings, vegetation,
cultivated), which is suitable for performing experiments as a
typical study area.

B. Data Collection

The source images of study area are acquired by the
WorldView 02 Satellite with the resolution of approximately
0.5 m/pixel, which are shown in the Table I. Considering the
continuity of the surface change process, we set two years as
the sampling interval and collect images for four periods of
2016, 2018, 2020, and 2022, respectively. As shown in Fig. 3, to
alleviate the impact of external factors when image acquisition,
image co-registration by manual control points selection and
resampling are performed to ensure a uniform coordinate frame.
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TABLE I
SETTING OF THE PROPOSED TSCD DATASET
Dataset Temporal of Subset Train/Val/Test
2016-2018 900/257/128
TSCD 2018-2020 900/257/128
2020-2022 900/257/128

The number of train/val/test is pairs of bitemporal image samples.

After that, we conduct a dense labeling of building objects
on the images for each time phase to acquire the corresponding
building distribution maps. Three changing labels (2016-2018,
2018-2020, 2020-2022) are obtained by differential operations
on the adjacent building maps. The final TSCD dataset is gener-
ated by uniformly cropping and dataset partition on the original
images/labels. Both building polygon labels in “.tif” format and
vertex coordinates in “.json” format are provided in the TSCD
dataset. The specific setting of the proposed TSCD dataset is
listed in the Table II. For better illustration, we present the
multilevel metadata and two series of temporal samples in the
TSCD dataset are shown in Fig. 4.

III. PROPOSED METHOD

In this section, the key components of the proposed COUD
method will be introduced in detail. Afterward, the timing-aware
temporal distillation for fine-tuning is also explained.

A. Overview

The overall workflow of COUD is illustrated in Fig. 5. In
contrast to conventional CD methods, our proposed method pays
more attention to continual CD task in a time series context. We
customize two keys steps for time series processing: pretraining
for coud framework and temporal distillation supported
fine-tuning. In the pretraining stage, massive unlabeled data
are exploited to optimize the COUD framework, in which the
encoder will be reused in the fine-tuning stage. Following this,
a temporal distillation updating approach for continual CD is
introduced to align multitemporal classifiers. In comparison
with conventional CD methods illustrated in Fig. 1, our method
focuses more on the time dimension in which various temporal
phases are connected and unified by incorporating temporal
contextual.

B. Pretraining for COUD Framework

Conventional CD paradigm requires extensive labels for op-
timization. However, in label-limited scenarios (e.g., time series
CD), the model may suffer from low robustness and instability.
Therefore, we provide two pretraining paradigms with massive
unlabeled data for different scenarios.

1) Contrast-COUD Pretraining: As shown in Fig. 5(a),
Contrast-COUD is applicable to ungrouped RSI data and is
organized in a concise architecture. For each unlabeled single-
temporal sample I € RF*W*C i the unlabeled dataset, view
augmentations are performed to generate paired views V =
{Q, K} with distinct styles. Afterward, the two generated views
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Fig. 2. Study site of this article. The specific region is in the south of Chengdu, Sichuan Province. A thumbnail of the area is presented in the upper left corner,
and a sample of satellite imagery covering the area is displayed in the lower left corner.
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Fig. 5. Workflow of the proposed COUD framework for time series CD task. The whole framework is composed of pretrained stage and fine-tuning stage. Two
pretraining paradigms are proposed for discrete RSI data and time series RSI data. Then, the continual CD is performed with temporal distillation to correlate the
temporal context. (a) Contrast-COUD. (b) TS-COUD.

)/ K are fed into the lightweight encoder for feature extraction. where E represents the encoder, and P is the projector in
A projector is attached to process the embedding features from  Contrast-COUD. H and S are the hidden features and output
the encoder. Both the hidden features # and the final semantic ~ semantic vectors, respectively.
vectors S are acquired through the contrastive MLP. The forward In the proposed Contrast-COUD paradigm, the specific model
calculation is as follows: architecture is listed as follows.
e Lightweight encoder: U-Net architecture with ResNet-18
{H,S} =P[E(V)] (1) downsampling stages. Five upsampling blocks (Deconv —



19606

BN—ReLU) are utilized to restore the feature size as the
input samples.
® Contrastive MLP: Three-layer MLP with BN layers. The
dimensions of hidden features and output semantic vectors
are 2048-dim.
In this stage, only single-temporal images without any labels
are fed into the Contrast-COUD framework. The pretraining loss
function to pull the features together is as follows:

502% >

(1,4)€B,i#j

D [H;,S;] (2)

where H; and S; are the ith element of the hidden features and
semantic vectors, respectively. 3 represents the binary selective
set of {0,1}. N is the length of the output list, and D is the
cosine similarity [64].

2) TS-COUD Pretraining: As shown in Fig. 5(b), we also
propose an alternative pretraining paradigm to fully leverage
the temporal pattern of unlabeled time series RSI data.

Masking branch: For a group of time series data
{Ir,,Ir,, Ir,, I, }, the initial state I, is fed into an masked
encoder with random masking, and the decoder reconstructs
the latent feature to the input sample. The forward calculation
process is as follows:

rr, = Decy [Encv (I7;,)] 3)
1 N
Ly =5 > ez — I | @)

where Encys and Decy; are the masked encoder and decoder,

respectively. N, are the patch number for reconstruction.
Temporal branch: Then, the subsequent states { I, , I, , I, }

are fused according to the temporal distance o to the initial state

ITﬁm = ITl =+ oy * IT2 + (]. — Oét) * ITg' 5)

Simultaneously, the initial state I7, and the fused state are
processed in parallel by the temporal encoder and projector to
obtain corresponding prediction

pr, = Projr [Encr(I7,)] (6)
PT. = Projr [Encr(I7,,)] (M

where Enct and Projr are the temporal encoder and projector,
respectively.

The specific model architecture of TS-COUD is listed as

follows.

1) Masked/temporal encoder: Modified ViT-L-16 with 1024-
dim embedding.

2) Decoder: Eight-layer multihead self-attention blocks with
512-dim embedding.

3) Projector: Four-layer MLP with BN layers. The dimen-
sions of hidden features and output semantic vectors are
1024.

The objective function of temporal branch in TS-COUD is as

follows:

exp(p™/7)

Lr = —1
T T () + 2 (exp(p /)

®)

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

Anchor Classifier, /) Current Classifier|

Conv | .
Blockg,,, |

,,,,,

------- Conv.
Block g,

Attention
Layer g,

A= —— 1 || Layere,,) | | lLayerg,,

_____ !
I‘ Down-stream Classifier ‘O =

! o |

H .

1 MLP g Lol
L}

: Activation

I

Fig. 6. Illustration of temporal distillation supported fine-tuning. The param-
eters of later classifier are updated based on the former anchor classifier.

Pre-trained 3 | Multi-Head xN
COUD Encoder | Self-Attention Blocks

p——  S——

Sharing
Structure

where pT is the cosine similarity between 7, and pr,, and p~
is the cosine similarity between 77, and pp,. .

The overall learning target is the weighted combination of
loss for masking branch and temporal branch

L=Ly+Lr. )

It is worth noting that in the backward propagation, the stop-
gradient operation [59], [65] is conducted to avoid the mode
collapse. The weight of temporal encoder is adjusted with the
masked encoder by EMA strategy. Through the COUD pre-
training, the model is promoted to acquire robustness to image
background and sensitiveness to temporal pattern.

C. Temporal Distillation Supported Fine-Tuning

Downstream fine-tuning: After the pretrained stage, the
weight of masked encoder is frozen and assigned to assist the
downstream fine-tuning. As shown in the Fig. 6, the bitemporal
embeddings pass through the pretrained COUD encoder to ac-
quire the semantic tokens. Afterward, the original bitemporal
embeddings is sent into the downstream CD classifier with
the semantic tokens. Given a pair of bitemporal image pairs
as It, and I, ,, the aforementioned calculation process is
summarized as follows:

fr, = Enc’*(Ir,, pe) (10)
tokeny, = MHSA (tokeny, ) (11)
[, = Enc*(Iz, ., pe) (12)
tokent, ., = MHSA (tokenr, ., ) (13)

CM = Dec ([ITn, I, ], [tokenTn,tokenTnH]) (14)

where Enc* is the pretrained COUD encoder, pe represents
positional encoding, MHSA is the multihead self-attention
blocks, and Dec is the UNet++ decoder in downstream clas-
sifier.

Temporal distillation: Compared to conventional CD tasks,
the proposed COUD is designed to pay more attention to the
temporal context related to the continual changes in the urban-
ization process. Therefore, we formulate a temporal distillation
approach, namely “T.-D.,” to bridge the neighboring CD classi-
fiers with temporal characteristic.

As shown in the Fig. 6, the anchor classifier is the well trained
classifier in the previous time phase, as current classifier is the
classifier to be optimized. Supposing that the anchor classifier
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(t — 1) share the same architecture with the current classifier (¢),
we stipulate that each parameter is updated with two weighted
components. Denoting the parameter sets of the previous clas-
sifier and current classifier as ©;_; and Oy, respectively. The
optimization of the latest classifier parameter O} is calculated
by

O} < O+ Brp * O41 (15)

where [Srp is the weight parameter for distillation.

Through the T.-D. updating, the current training classifier
inherits the temporal-aware context of the former model by the
timeline. Then, the ground truth is introduced to the classifier
training by supervised fine-tuning. In the implementation, we
adopt a concise classifier of an five-layer U-Net++ architecture
to participate in the fine-tuning.

The experimental results of temporal distillation supported
fine-tuning can be found in Section V-A.

IV. EXPERIMENTS
A. Experimental Settings

1) Datasets: Inthis section, we introduce the datasets related
to our experiments. Since the proposed COUD is a two-stage
framework containing pretraining and downstream continual
CD stages, which have been elaborated in Sections III-B and II-
I-Cin detail. Therefore, we present these two parts, respectively.

1) Pretraining dataset of Contrast-COUD: We crop the
whole CDD dataset into 256 x 256 pixels and keep
the original dataset partition of train/val/test with
10 000/3000/3000 pairs. Only the unlabeled single-
temporal images are preserved to exploited for training,
and the labels in the CDD dataset are removed.

2) Pretraining dataset of TS-COUD: We select four time
phase of 2018-01, 2018-07, 2019-01, 2019-07 from the
Space-Net-7 dataset to perform the TS-COUD pretraining.
The images are cropped into 12 812 patched with 256 x
256 pixels.

3) Downstream time series dataset: In the downstream task,
we fine-tune and evaluate the performance on the proposed
TSCD dataset shown in Table II. We name the three
subsets in TSCD by imaging year as TSCD-2016-2018,
TSCD-2018-2020, TSCD-2020-2022. The comparative
experiments are conducted on each subset.

2) Evaluation Metrics: In the evaluation procedure, three
metrics of F1-score, IoU, and OA are reported, which are com-
monly utilized in CD tasks. Moreover, considering the temporal
characteristic of the TSCD dataset, we additionally introduce
three metrics related to temporal dimension: 7T-F'1, T-IoU, and
T-OA. The specific calculation methods for above-mentioned
three metrics are as follows:

M
1 1 2 x TP
T-Fl=—S Fl,= — 16
DTS o SNE XS 0 g%
1]\4 M
T-IoU = — S IoU; = — 17
oU =372 o Z{TP—&-FN%—FP} {17

=1 i=1
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TABLE III
COMPARISON RESULTS ON THE TSCD-2016-2018 DATASET
Dataset Method F1-Score  IoU OA
FC-EF 61.40 4430 9793
FC-Siam-Conc 55.53 3844 97.21
FC-Siam-Diff 57.72 40.57  97.60
SNUNet-CD 68.50 5290 98.47
TSCD-2016-2018 USSFCNet 59.02 41.86 98.13
A2Net 59.67 4253  98.11
SEIFNet 64.79 4792  98.05
Contrast-COUD 69.38 5312 98.38
TS-COUD 69.12 52.82 98.59
M M
T‘OA:J\ZZOA_MZ{TP TP 4+ TN
Pt — + TN + FN + FP
(18)

where TP, TN FN, and FP are the main elements of confusion
matrix, and M is the temporal number of the dataset.

3) Implementation Details and Comparative Methods: For
a fair exploration of the native representation capabilities, we
remove all the pretrained weights from the selected methods.
We would like to declare that although our downstream classifier
employs a well-trained encoder, no labels are involved during the
self-supervised stage. The model is motivated to automatically
extract the latent features without any supervision from labels.

FC-EF: A single-branch architecture with fully convolutional
U-Net [41].

FC-Siam-Conc: A dual-branch fully convolution network
with feature concatenation during the feature fusion stage [41].

FC-Siam-Diff: A dual-branch CD network with a difference
map calculation module before feature fusion [41].

SNUNet-CD: Modified U-Net++ structure for bitemporal re-
mote sensing images with attention mechanism utilized in the
decoder [43].

USSFCNet: A lightweight design for effective CD. Spatial—
spectral feature interaction strategy is adopted to feature extrac-
tion process [46].

A2Net: A lightweight method which identifies changes by
progressive aggregation and supervised attention [66].

SEIFNet: A Siamese CD network with spatiotemporal en-
hancement and interlevel fusion [67].

All training and testing are performed on an NVIDIA RTX
3090 GPU. Each baseline is trained with a batch size of 8 for
100 epochs and optimized by Adam optimizer with momentum
of 0.999 and weight decay of le-2. The initial learning rate is
set to le-3, which decreases to 90% every eight epochs.

B. Quantitative Analysis

In this part, we perform comparative experiments on the
three time series subsets of TSCD dataset listed in Table II.
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TABLE IV TABLE VI
COMPARISON RESULTS ON THE 7SCD-2018-2020 DATASET PERFORMANCE OF TEMPORAL METRICS ON THE TSCD DATASET
Dataset Method F1-Score  IoU OA Dataset Method T-F1 T-IoU T-OA
FC-EF 31.97 18.90  97.75 FC-EF 53.39 37.86 97.03
FC-Siam-Conc 13.35 7.15 97.79 FC-Siam-Conc 41.51 28.05 96.60
FC-Siam-Diff 9.37 491 97.54 FC-Siam-Diff 39.65 26.83 96.48
SNUNet-CD 47.17 30.86  98.06 SNUNet-CD 63.22 47.22 97.61
TSCD-2018-2020 USSFCNet 37.50 23.08 97.90 TSCD USSFCNet 55.68 39.80 97.30
A2Net 35.31 2144  97.98 A2Net 53.16 37.19 97.14
SEIFNet 4591 29.79  98.13 SEIFNet 60.37 44.01 97.41
Contrast-COUD 48.45 3197 98.25 Contrast-COUD 64.35 48.45 97.72
TS-COUD 50.52 33.80 98.21 TS-COUD 65.24 49.33 97.90
In addition, we notice a significant decay in the performance
TABLE V . .
COMPARISON RESULTS ON THE TSCD-2020—-2022 DATASET of all baselines. The reason for such decay is the presence of a
certain thickness and area of cloud cover in the original image of
Dataset Method Fl-Score  ToU OA the TSCD-201 8—2920 subse.t,. which raises a great challenge to
the feature extraction capability of the baseline. Therefore, we
FC-EF 66.99 50.37  95.41 . . .
consider this subset as hard samples for exploratory evaluation.
FC-Siam-Conc 5565 3855 9479 As demonstrated by the results, despite the extreme case of
FC-Siam-Diff 51.87 35.01  94.29 difficult sample detection, the COUD series methods are still
SNUNet-CD 73.99 5872 96.29 able to achieve acceptable performance.
On the TSCD-2020-2022 subset, TS-COUD outperforms
TSCD-2020-2022 USSFCNet 70.52 5446  95.87 . . . P
the comparative baseline by 2.08% and 2.66% in the F1 and
ANet 64.49 47.59 9534 IoU metrics. Along the timeline, we can observe an positive
SEIFNet 70.40 5432 96.06 trend in the performance improvement of COUD series methods
Contrast-COUD 7521 6027 96.52 relative to the suboptimal comparative baseline. This is partially
TS-COUD P AT TACT due tq the.fact that in tem.poral ClllstlllatIOI.l, the two previous
changing time phases provide weighted gains over the current

The experimental results of the comparison are shown in the
Tables III-V.

From the results on TSCD-2016-2018 subset shown in
Table III, we observe that the proposed Contrast-COUD and
TS-COUD methods achieve relative higher performance than
the selected CD baselines in the two main metrics of F1-score
and IoU. In terms of OA metric, COUD also outperforms all the
baselines.

It should be noted that the TSCD-2016-2018 is the first chang-
ing time phase of TSCD dataset, so we remove the temporal
distillation in the training of CD. Only the pretrained COUD
encoder is preserved for feature refinement. Despite the absence
of distillation weights from the pretemporal phase, the proposed
COUD method still obtains a superiority of 1.38% and 1.03%
over the comparative baseline in the F'1 and IoU metrics.

On the TSCD-2018-2020 subset, TS-COUD achieves the
optimal performance in F1 and IoU metrics. Specifically, TS-
COUD and Contrast-COUD receive joint guidance from the
distillation weights of the previous 2016-2018 time phase. By
vertical comparison, we observe that the best method surpasses
the comparative method by 3.35% and 2.94% in the F1 and
IoU metrics, which is a further improvement compared to the
performance in the previous time phase.

time phase, making our proposed methods more concerned with
the temporal context during feature extraction. Therefore, the
COUD series methods are naturally suitable for CD tasks with
time series data.

Meanwhile, the pretrained encoder could provide constant
guidance on feature refinement without any labels. For continual
CD in urbanization process, the emergence of massive unlabeled
data can be directly pretrained with the COUD series meth-
ods, thereby leveraging limited labeled data for downstream
fine-tuning. Compared to the high time cost of “full labeling,
full supervised training” in conventional CD, the two-stage
paradigm of COUD is an advanced endeavor.

Performance on temporal related metrics: According to the
three temporal related metrics introduced in Section IV-A2, an
additional temporal evaluation is performed through the TSCD
dataset. Compared to the conventional metrics (e.g., F'landloU)
utilized in bitemporal CD tasks, we believe the temporalized
metrics (T-F'1,T-IoU, and T-OA) reflect the temporal correla-
tion between time phases, which is therefore more applicable
to the time series CD tasks. The experimental results from
Table VI illustrate that the COUD series methods could capture
the temporal features to improve the performance in continual
vision tasks.

From the perspective of model architecture, SEIFNet [67] and
SNUNet-CD [43] adopt lightweight design, which effectively
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Fig. 7. Visualization of the comparative experiments on TSCD-2016-2018 subset.
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reduces the model parameter counts while achieving satisfying
performance. In contrast, our proposed COUD method contains
two separate stages, i.e., self-supervised pretraining and down-
stream fine-tuning. As such, the scale of the underlying param-
eters in our COUD model is relatively large than that of other
comparative methods. The experimental analysis about compu-
tational cost will be discussed in Section V. Discussion—V-D.

C. Visualization Analysis

We visualize the detection results for all CD baselines on the
three subsets of TSCD for more intuitive discrimination. The
visualization results are presented in Figs. 7- 9, respectively. The

FC-Siam-Diff

“~ 4 -_? - 8
- ¥ st ~ & \.: ~

SNUNet USSFCNet SEIFNet COuUD

A2Net

Py

| LA S

selected experimental scenarios mainly contain urban buildings
and cultivated land. Through the comparison, we find that the
proposed COUD method is more competitive in capturing the
changing region, especially in the segmentation for the geomet-
ric features of the object’s boundaries.

The vertical comparison of the three time series subsets
demonstrates that the COUD method exhibits more accurate
performance in the object segmentation with an increasing time
phase, which confirms the effectiveness of the proposed tempo-
ral distillation approach.

Furthermore, we notice that despite the large background
and illumination variations between 77 and 75 embeddings,
COUD can still stably extract the change region in contrast to

Visualization of the comparative experiments on TSCD-2020-2022 subset.
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TABLE VII
ABLATION EXPERIMENTS OF MODEL ARCHITECTURE
ON TSCD-2020-2022 DATASET

Method + COUD Enc. + T.-D. F1-Score ToU
X X 73.99 58.72
v X 74.24 59.04
TS-COUD
X v 74.81 59.76
v v 76.07 61.38
751 - F1
loU
= 701
65
60
= 551
o
50
45
0 0.0l 0.003 0.005 0.007 0.009 001 0.02

Weight Parameter B

Fig. 10. Performances of different parameter Stp in temporal distillation.

other baselines. Since the pretrained encoder receives numerous
patches with distinct styles for discrimination in the pretraining
stage, which introduces robustness against the background and
illumination variations, thereby providing continual guidance
for feature refinement.

V. DISCUSSION

In this section, we further investigate the main components
and configurations of the proposed COUD method.

A. Ablation Experiments

In this part, we perform several ablation experiments to verify
the effectiveness of the key components in the proposed method.
The ablation experiments contain two main parts as follows.

1) Classifier architecture: To evaluate the performance of
pretrained COUD encoder and temporal distillation, we
discard the two components in fine-tuning, respectively.
The corresponding performance are reported in the Ta-
ble VII. It is proved that the application of both COUD
encoder and temporal distillation provide benefits to the
COUD framework.

2) Parameter Brp in temporal distillation: The effect of
the weight parameter [ is also explored and the specific
results are illustrated in Fig. 10. Through the comparative
experiment, the optimal parameter Srp is set as 0.005.

3) Effectofthe COUD pretraining strategy: In Table VIII, we
conduct ablation study to analyze the effect of COUD pre-
training strategy on downstream classifier, by removing

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

TABLE VIII
ABLATION STUDY OF COUD PRETRAINING STRATEGY (MASK. AND TEMPO.
ARE THE MASKING BRANCH AND TEMPORAL BRANCH MENTIONED IN
SECTION III-B2)

Method + Mask. + Tempo. F1-Score IoU
X v 75.21 60.27
COouD v X 75.78 61.01
v v 76.07 61.38
TABLE IX

THE TIME COST OF COUD PRE-TRAINING, FINE-TUNING, AND INFERENCE.

Stage Total Time | Epochs | Data Volume | Speed
Pre-training 445 h 200 12812 160 FPS
Fine-tuning 2.08 h 100 900 12 FPS

Inference 11s 1 128 11.6 FPS

o At

§ M J

~  TaiPing
Street

S ‘Agriculturalg
Development Area

JianCha { YongXing R
Street | Street 1
Fig. 11.  Tlustration of the overall development plan for Chengdu. The red

dotted box shows the approximate geographical scope of this study area.

one of the masking and temporal branches and pretraining
the COUD framework. The experimental results demon-
strate the utilization of both branches can effectively boost
the classifier performance.

B. Time Series Analysis of Region-Based Change

To achieve a detailed overview of the global urbanization
process in the study area, a time series analysis of region-based
change is performed. We set 128 m as the size of grid cell and
partition the whole study area into a 15 X 24 region matrix.
On the basis of the predictions of the COUD method for full-
region change evaluation, we calculate the changing ratio of the
building complex in each cell, thereby present the region-based
change map according to the statistics.

According to the overall development plan for Chengdu [68]
illustrated in Fig. 11, the study area in this article spans two areas:
“Xinglong Street” and “Taiping Street,” which are assigned
the development goals of “key urban development area” and
“agricultural development area,” respectively.

From the region-based change map shown in Fig. 12, the
major changes between 2016 and 2018 are concentrated in the
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Fig. 12. Region-based change maps from 2016 to 2022.

western and northeastern parts of the study area. In the western
part, several residential buildings and manufactories have been
constructed, where the highest change ratio in the grid cells
reaches 62%. In the northeast regions, the presence of numerous
new planting greenhouses confirms the development plan for
agriculture in the official documents.

Itis alsoillustrated that the urbanization process in the western
of the study area rapidly increased from 2018 to 2020, and the
emergence of massive building complexes and infrastructures
are highlighted in the dark blue cells in the region-based change
map. Meanwhile, subtle changes have occurred in some culti-
vated regions, mainly reflected in the alternation of crop types.

From 2020 to 2022, we notice a boom in the number of
buildings in the southwestern of the study area, where multiple
residential settlements are under construction. In the mean-
time, changes in the eastern agricultural development area show
scattered characteristics, with numerous grid cells experiencing
changes to a certain extent. Specifically, such changes are man-
ifested in the reclamation of new agricultural land. Moreover, a
newly constructed high-speed railway appears in the northeast
of the study area, leading to the change in spatial and temporal
distribution of the cropland.

Overall, from 2016 to 2022, the development orientation in
the study area gradually shifts southward, accompanied by a
simultaneous development in urbanization and agriculture.

In addition, we display two regions to explore the continual
change trends from 2016 to 2022. As shown in the Fig. 13(a), a
building complex is gradually being constructed. In Fig. 13(b),
a large shopping mall is emerging in the left of the scenario. We
notice that despite the significant background and illumination
differences between the time series original embeddings, the
COUD method is still able to accurately localize the changed
building objects and extract the corresponding changed pixels.
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Fig. 13.

Time series visualization of changed objects from 2016 to 2022.

C. Multilevel Change Ratio Evaluation

We conduct a multilevel evaluation of the building object
evolution in the whole study area, in which the quantitative clas-
sification is performed by establishing various criteria. On the
basis of the change ratio calculated by the previous section, the
change status of each time phase is classified into the following
four levels.

Lv.1. No change: ratio = 0%.

Lv.2. Minor change: 0% < ratio < 10%.

Lv.3. Moderate change: 10% < ratio < 30%.

Lv.4. Major change: ratio > 30%.

The statistical results shown in Fig. 14 indicate that among the
three change time phases, the “no change” and “minor change”
levels account for the majority of change situations, while “mod-
erate change” and “major change” occupy a relatively minor
proportion. By horizontal comparison, the first two change levels
dominate significantly within the 2016-2018 and 2018-2020
time phases. Combined with the region-based change maps in
Figs. 12, the changes in these two periods mostly show concen-
tration characteristics, which are reflected in the concentrated
construction of buildings or planting greenhouses. And in the last
period of 2020-2022, the percentage of “moderate change” rises
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s \ TABLE X
INTERTEMPORAL CROSS- VALIDATION ON THE CLASSIFIER TRAINED
Multilevel Change Ratio Evaluation From 2016 to 2022 ON THE TSCD-2016—2018 SUBSET
No change = Minor change = Moderate change = Major change
50 48.05 611 Testing Subset | Testing Paradigm Method F1 ToU
B - oemmmemm " . SNUNet-CD | 47.17 — 17.27 | 30.86 — 9.45
-~ 38.89 38.06
g BT Sl ) .| A (Decay) | -29.90 2141
6 . T Direct Transferring
g ® Rl Ty COUD  |48.45 — 24.57 |31.97 — 14.01
L | P | e | . B
---- y -23.88 -17.9
g 2 I P TSCD-2018-2020 A Decay) 4 0
E ” B Ry SNUNet-CD | 17.27 — 29.18 | 9.45 — 17.08
° . . R A (Gain) 1 +11.91 +7.63
0 | Minor Fine-Tuning
2016-2018 2018-2020 2020-2022 COUD 24.57 — 45.19|14.01 — 29.19
Change Temporal A (Gain) 1 +20.62 +15.18
. 7
SNUNet-CD | 73.99 — 27.34 | 58.72 — 15.83
Fig. 14. Multilevel change ratio evaluation from 2016 to 2022. . .| A (Decay) | -46.65 -42.89
Direct Transferring
COUD |75.21 — 39.43 [ 60.27 — 24.55
3578 -35.72
TSCD-2020-2022 A (Decay) 4 578 7
___________________________ SNUNet-CD | 27.34 — 64.74 | 15.83 — 47.87
[~ TsCD-2016-2018 \I [ Tscp-2018-2020 || TscD-2020-2022 | o A Gaim 1 3740 3204
| | | Minor Fine-Tuning
| : I : I : COUD  |39.43 — 71.17 |24.55 — 55.24
1| To | ™ LEN R e LN A (Gain) 1 +31.74 +30.69
| ) ! ) ! )
b) Model parameter counts: The parameter counts of the total
COUD framework are evaluated to be 468.25M. Specifi-
cally, the majority of the parameter counts (i.e., 403.01M)
are contained in the pretraining stage, while the fine-tuning
classifier only accounts for a minor portion (i.e., 65.18M).
(b) : . Although the pretrained encoder is reused for downstream
: Few Labels i Few Labels s . .
e / / fine-tuning, the parameters are frozen in this stage. As
assifiero -e2 - - .
Minor Fine-Tuning such, the learnable parameters of the downstream classifier
i o ) ) ) could be optimized with high efficiency. It is worth noting
Fig. 15. Tllustration of the two evaluation paradigms on temporal generaliza-

tion. (a) Classifier is directly transferred to the other subsets in TSCD dataset.
(b) Classifier will be evaluated after minor fine-tuning with few labels from the
target subsets.

sharply to 24.44%, which corresponds to the new construction
of extensive building complexes appearing in Fig. 12.

D. Model Computational Cost

a) Time cost: The time cost of the pretraining, fine-tuning,

and inference stages are tested on the NVIDIA RTX 3090
GPU, respectively, listed in Table IX.
1) Pretraining stage: In this stage, we use part of the
SpaceNet-7 dataset to optimize the model for 200 epochs.
From Table IX, the pretraining will cost about 4.45 h
with the speed of 160 FPS, which is basically acceptable.
Moreover, due to the two-stage architecture of COUD, the
pre-training is allowed to be performed in an offline mode.
2) Fine-tuning and inference stages: Here, the classifier
update the parameters with triplet guidance: i) Pretrained
encoder; ii) Previous T;_; classifier; iii) Backward prop-
agation. Therefore, the fine-tuning efficiency might be
slightly affected (e.g., 12 FPS), but the total optimization
time still remains at a relatively low level of 2.08 h.
In addition, the 11 s inference process can satisfy the
requirement in real-world scenarios.

that the COUD framework adopts the ViT basic blocks,
such that its underlying parameter counts might be larger
than that of the related works in CNN architecture. Mean-
while, inspired by SEIFNet [67], the lightweight COUD
framework could be the future research.

E. Exploration on Model Generalization

Considering the model generalization capability as an essen-
tial scalability for deep learning-based methods, we additionally
explore the temporal generalization of the proposed COUD
method based on the TSCD time series dataset. Ideal method
is expected to possess strong robustness to temporal changes. In
this article, the temporal generalization is primarily reflected
in the intertemporal cross-validation performance on unseen
samples between the three subsets of TSCD.

Despite the fact that for data-driven methods, direct trans-
ferring to an unknown dataset typically leads to unavoidable
performance degradation, we still record the degradation extent.
With consideration of the self-supervised paradigm adopted by
the proposed method, we also investigate the adaptability on
unknown dataset by performing minor fine-tuning for compre-
hensive evaluation on the model generalization. According to
the results in Section IV-B, we select the suboptimal method
SNUNet-CD [43] for comparison.

The results of intertemporal cross-validation are listed in
the Tables X—XII. The comparative results are divided into two
portions: performance decay and fine-tuning gain. The decay
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TABLE XI

INTERTEMPORAL CROSS-VALIDATION
ON THE CLASSIFIER TRAINED ON THE TSCD-2018-2020 SUBSET

Testing Subset | Testing Paradigm Method F1 ToU
SNUNet-CD | 68.50 — 25.96 | 52.09 — 14.91
A (Dec -42.54 -37.18
Direct Transferring Decay) | ?
COUD 69.38 — 39.10 | 53.12 — 24.30
A (D -30.28 -28.82
TSCD-2016-2018 Decay) |
SNUNet-CD | 25.96 — 53.66 | 14.91 — 36.67
. . . A (Gain) T +27.70 +21.76
Minor Fine-Tuning
COouD 39.10 — 60.39 [ 24.30 — 43.26
A (Gain) T +21.29 +18.96
SNUNet-CD | 73.99 — 45.12 | 58.72 — 29.13
A (Decay -28.87 -29.59
Direct Transferring (Decay) 4 >
COUD 75.21 — 50.26 [ 60.27 — 33.56
A (D -24.95 -26.71
TSCD-2020-2022 (Decay) 4 > i
SNUNet-CD | 45.12 — 70.79 | 29.13 — 54.78
. . . A (Gain) T +25.67 +25.65
Minor Fine-Tuning
CouD 50.26 — 72.71 (33.56 — 57.12
A (Gain) T +22.45 +23.56
TABLE XII

INTERTEMPORAL CROSS-VALIDATION
ON THE CLASSIFIER TRAINED ON THE TSCD-2020-2022 SUBSET

Testing Subset

Testing Paradigm

Method

F1

ToU

TSCD-2016-2018

Direct Transferring

SNUNet-CD

68.50 — 30.62

52.09 — 18.08

A (Decay) |

-37.88

-34.01

CouD

69.38 — 43.43

53.12 — 27.74

A (Decay) |

-25.95

-25.38

Minor Fine-Tuning

SNUNet-CD

30.62 — 60.57

18.08 — 43.44

A (Gain) 1

+29.95

+25.36

COouD

43.43 — 62.66

27.74 — 45.63

A (Gain) 1

+19.23

+17.89

TSCD-2018-2020

Direct Transferring

SNUNet-CD

47.17 — 21.87

30.86 — 12.28

A (Decay) |

-25.30

-18.58

COouD

48.45 — 27.02

31.97 — 15.61

A (Decay) |

-21.43

-16.36

Minor Fine-Tuning

SNUNet-CD

21.87 — 40.63

12.28 — 25.49

A (Gain) 1

+18.76

+13.21

COouD

27.02 — 46.38

15.61 — 30.19

A (Gain) 1

+19.36

+14.58

value reflects the performance maintenance capability when the
model is directly transferred to other unseen temporal subsets. In
contrast, the gain value indicates the capability of efficient per-
formance reconstruction when minor fine-tuning is performed
on the model.

The proposed COUD method exhibits lower performance
decay on unseen temporal samples compared to the existing
methods. Benefiting from the temporal context of the tempo-
ral distillation approach, the COUD possesses superior perfor-
mance maintenance capability. In terms of fine-tuning gain,
we perform minor fine-tuning for 20 epochs to observe the
performance reconstruction. Experimental results demonstrate
that the COUD method is able to rapidly restore and approach
to the original performance without heavy training. In summary,
the proposed COUD method could provide satisfying temporal
generalization when dealing with time series data.
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VI. CONCLUSION

In this article, we proposed a COUD to handle the CD task
in time series remote sensing images. The proposed two-stage
method contains the pretraining of COUD framework and the
temporal distillation supported fine-tuning. We also release a
challenging TSCD dataset covering Chengdu region of China,
fulfilling the absence of time series CD dataset. The experimen-
tal results demonstrate that our proposed method is capable of
leveraging the temporal pattern in time series CD task. Com-
prehensive evaluation related to the actual planning documents
released by the management department on the selected study
area demonstrates the effectiveness and exactness of the COUD
method.

We will further explore robust methods under extreme time
series conditions of occlusion and shadowing, as well as mul-
titemporal interaction and model lightweight compression. We
expect that the COUD method could provide an efficient tool to
the administrative departments for urbanization monitoring in
the future.
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