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A B S T R A C T

Ecosystem dynamics and ecological disturbances manifest as breakpoints in long-term multispectral remote 
sensing time series. Typically, these breakpoints are captured using univariate methods applied individually to 
each band, with subsequent integration of the results. However, multivariate analysis provides a promising way 
to fully incorporate the multispectral bands into breakpoints detection methods, but it has been rarely applied in 
monitoring ecosystem dynamics and detecting ecological disturbances. In this research, we developed a multi
variate algorithm, named breakpoints-Detection algoRithm using MultivAriate Time series (DRMAT). DRMAT 
can fully use multispectral bands simultaneously with the consideration of the inter-correlation among bands. It 
decomposes a multivariate time series into trend, seasonality, and noise, iteratively segmenting the detrended/ 
de-seasonalized signals. We quantitatively evaluated DRMAT using both simulated multivariate data and 
randomly sampled real-world data, including subtle land cover changes caused by forest disturbances (de
pletions) and recovery (return of vegetation), as well as subtle changes over a broad range of land cover types. 
We also qualitatively assessed DRMAT in mapping real-world disturbances. For simulated data with prescribed 
breakpoints in both trend and seasonality, DRMAT detected breakpoints in trend with an F1 score of 85.5 % and 
in seasonality with an F1 score of 91.7 %. For real-world data in forested land cover, DRMAT unveiled both 
disturbances and subsequent recovery with an F1 score of 95.1 % for disturbances and 77.1 % for recovery. It 
detected disturbances in broader land cover types with an F1 score of 84.0 %. We demonstrated that using all- 
band data was more accurate than using selected bands in breakpoint detection. The inclusion of vegetation 
indices as model inputs did not improve accuracy unless the original input bands lacked the specific band in
formation in the vegetation indices. As a multivariate approach, DRMAT leverages the full information in the 
multispectral data and avoids the necessity of integrating results derived from individual bands.

1. Introduction

The imperative to monitor climate change and ecological distur
bances has gained both regional and global prominence, underscoring 

their pivotal role in contemporary environmental management and 
stewardship (Bright et al., 2017; Seidl et al., 2017; Zhao and Jackson, 
2014). Whether triggered naturally or anthropogenically (e.g., droughts, 
wildfires, insect infestations, deforestation, and urbanization), 
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disturbances cause discernible shifts in ecosystem structures and func
tions, many of which are observable by satellites (Gough et al., 2021; 
Mildrexler et al., 2007; Hu et al., 2021; Nickerson et al., 2022; Wu et al., 
2019). Accurate detection of such changes is crucial for monitoring 
ecosystem services, tracking carbon storage dynamics, and enhancing 
land management strategies (Lawler et al., 2014; Quesada et al., 2018).

Remote sensing, with its ability to provide consistent and repeatable 
measurements, serves as a valuable tool for detecting ecological dis
turbances (Brooks et al., 2012; Dashti et al., 2024; Verbesselt et al., 
2010a). Disturbances are often transient, but their impacts can extend 
beyond one growth cycle. Therefore, alterations in ecosystem structures, 
such as biomass and leaf area, can be captured through repeatable 
remote sensing observations (Hermosilla et al., 2015; Kennedy et al., 
2014). Many traditional studies relied on large differences between 
bi-temporal or multi-temporal data collected over an extended time
frame (e.g., one or multiple years) to identify changes (Coppin et al., 
2004; Liu et al., 2018; Lu et al., 2004; Singh, 1989; Zhao et al., 2018). 
Nowadays, with the increased temporal resolutions achievable (e.g., 
weekly or monthly intervals) (Li and Roy, 2017; Wulder et al., 2016), 
more sophisticated approaches have emerged, facilitating the develop
ment of time series analysis techniques (Hemati et al., 2021; Zhu, 2017). 
These algorithms leverage dense stacks of satellite images and track 
ecosystem changes continuously over time (Frazier et al., 2015; Huang 
et al., 2010; Masiliūnas et al., 2021a, 2021b; Wulder et al., 2012; Ye 
et al., 2021; Zhu et al., 2022).

In sync with greater data availability and computing power, many 
time series algorithms for mapping disturbances have been developed in 
recent decades. Well-known examples include LandTrendr (Kennedy 
et al., 2010), BFAST (Verbesselt et al., 2010a), VCT (Huang et al., 2010), 
CCDC (Zhu and Woodcock, 2014), EWMACD (Brooks et al., 2012; 
Brooks et al., 2014), C2C (Hermosilla et al., 2016), DBEST (Jamali et al., 
2015), BEAST (Zhao et al., 2019), and COLD (Zhu et al., 2020). Meth
odologically, the core of the existing time series algorithms is breakpoint 
detection (Schroeder et al., 2017; Zhang et al., 2022). These algorithms 
decompose satellite time series into trend and/or seasonality, each 
potentially containing breakpoints. Trend signals are normally modeled 
as piecewise linear, while seasonality signals are modeled as piecewise 
harmonics (Brooks et al., 2014; Brooks et al., 2017; Hamunyela et al., 
2016; Verbesselt et al., 2010a; Zhao et al., 2019; Zhu and Woodcock, 
2014; Zhu et al., 2020). Breakpoints in trend indicate abrupt changes 
driven by disturbance agents such as forest harvesting, wildfire, and 
droughts (Kaptué et al., 2015; Vogelmann et al., 2016), whereas 
breakpoints in seasonality may result from shifts in plant phenology due 
to climate variables or altered ecosystem composition (Liu and Zhang, 
2020; Ma et al., 2019; Rhif et al., 2022; Verbesselt et al., 2010a, 2010b; 
Zeng et al., 2013; Zhong et al., 2024).

Despite the significant achievements of existing algorithms, several 
limitations have been identified. Notably, the presence of breakpoints in 
trend does not necessarily imply the presence of breakpoints in sea
sonality (Adams et al., 2021; Huang et al., 2010; Li et al., 2022a; Zhao 
et al., 2019). For example, heatwaves can impose a short-lived stress on 
vegetation, resulting in a sudden change in the trend without a sea
sonality shift (Li et al., 2022a). Similarly, fire-burnt forests may exhibit 
trend breakpoints due to sudden drops in average greenness, but 
whether seasonal cycles also show breakpoints depends on post-fire 
species composition recovery (Davies et al., 2022; Fernandes et al., 
2013). The opposite is also true: changes in seasonality and phenology 
do not always indicate a shift in the trend. Even if breakpoints are 
detected in both trend and seasonality signals, they do not necessarily 
coincide with each other. Any biases or errors in identifying trend 
breakpoints will be translated to the biases or errors in identifying 
seasonal changepoints, and vice versa, which emphasizes the impor
tance of distinguishing between them to enhance overall detection ac
curacies (Verbesselt et al., 2010a; Zhao et al., 2019). However, many 
current algorithms, such as DBEST, VCT, and LandTrendr, focus solely 
on trend data and neglect seasonality. Others, like CCDC and COLD, 

account for both trend and seasonality but assume that breakpoints 
occur in both signals at the same time points, which does not always 
hold true. Our new algorithm development in this study was motivated 
to avoid this pitfall and explicitly differentiate between trend break
points and seasonal breakpoints that can occur asynchronously.

One notable gap in time-series breakpoint detection is the lack of a 
multivariate algorithm (Huang et al., 2010; Jamali et al., 2015; Ver
besselt et al., 2010a; Zhao et al., 2019; Zhu and Woodcock, 2014). This 
gap is longstanding and particularly striking, especially considering that 
the majority of satellite data available for ecological and environmental 
applications is inherently multivariate in nature. Despite the wealth of 
multivariate data sources, all existing algorithms proposed in the remote 
sensing community for breakpoint detection—to the best of our 
knowledge —are inherently univariate. To a lesser extent, the predom
inant algorithms currently in widespread use, such as LandTrendr, 
CCDC, COLD, BFAST, and BEAST, also operate as univariate breakpoint 
detection models. To adapt these univariate algorithms to multivariate 
or multispectral data, practitioners often employ two strategies, both of 
which are sub-optimal.

The first strategy for utilizing univariate breakpoint detection algo
rithms with multispectral data is to select a single spectral band or 
synthesize multispectral data into a spectral index and then apply the 
univariate algorithm to the chosen single time series (Chance et al., 
2016; Hermosilla et al., 2015; Kennedy et al., 2010). Commonly used 
indices include the Normalized Difference Vegetation Index (NDVI), the 
Enhanced Vegetation Index (EVI), the Normalized Difference Moisture 
Index (NDMI), and the Normalized Burn Ratio (NBR). Another synthesis 
method is the use of principal component analysis to generate a linear 
combination of all spectral bands and retain only the first principal 
component as an index (Hayes and Sader, 2001). Regardless, different 
bands or indices exhibit varying sensitivities to terrestrial vegetation 
conditions (Gao et al., 2023; Tewkesbury et al., 2015; Zeng et al., 2023), 
and the most suitable band or index is typically selected based on 
empirical evidence or known associations with the desired change fea
tures. For example, shortwave infrared (SWIR) bands have been proven 
reliable for detecting forest disturbances while the blue band has been 
found less useful (Cohen et al., 2018). When detecting post-disturbance 
recovery, the near-infrared (NIR) band outperforms others 
(Negrón-Juárez et al., 2020). Experimental evidence also indicates that 
SWIR-based indices such as NBR are superior to NDVI or EVI in detecting 
forest disturbances, particularly those related to fires (Huang et al., 
2010; Kennedy et al., 2010). A salient drawback is that, given the 
different sensitivities of bands and spectral indices to disturbances, 
applying a time series algorithm using different bands or indices may 
lead to varied results of detected disturbances (Cohen et al., 2017; 
Schultz et al., 2016).

The second strategy is to separately apply univariate algorithms to 
individual spectral bands and then integrate the results into a final list of 
breakpoints based on certain aggregation rules in an ad-hoc manner 
(Cohen et al., 2018; Healey et al., 2018; Zhu et al., 2020; Zhu and 
Woodcock, 2014). The best example of this kind is the CCDC algorithm 
(Zhu and Woodcock, 2014). This aggregation strategy has been experi
mentally found to be more useful with better detection accuracies than 
the first strategy (Potapov et al., 2015; Schultz et al., 2016; Zhu et al., 
2020). Given its advantages, practitioners sometimes call detection 
methods based on the second strategy as “multivariate” algorithms. But 
technically speaking, they are still univariate and not multivariate, in 
the same way that we cannot call the running of linear regression 
multiple times for different response variables as a multivariate linear 
regression model. Irrespective of the subtleties in technical jargon, the 
separate application of a univariate algorithm (e.g., BFAST, BEAST, 
CCDC, and COLD) to multiple spectral bands is theoretically justifiable 
only if the multispectral bands are statistically independent, which un
fortunately is not the case because of strong inter-band correlation. A 
true multivariate algorithm will model all the time series of different 
bands jointly, account for inter-band correlation explicitly, estimate the 
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parameters of interest simultaneously, and provide more reliable and 
robust estimates. Such benefits of multivariate approaches have been 
long known in the statistics community (Anderson, 1958) and widely 
demonstrated in applied fields (Audibert et al., 2020; Jin et al., 2021; 
Molenaar et al., 2003; Stergiou and Christou, 1996; Swartz et al., 2008; 
Wang et al., 2022a; Zhang et al., 2019). Despite the theoretical and 
empirical evidence of multivariate algorithms as well as a clear need 
from the remote sensing community, such a multivariate time series 
breakpoint detection algorithm is still lacking—a gap we aim to fill in 
this study.

This study provides a breakpoints-Detection algoRithm using 
MultivAriate Time series (DRMAT) to avail upon the full spectral in
formation. Instead of applying an algorithm to multiple input bands 
separately, it considers all bands simultaneously with the inter- 
correlation among bands incorporated and the avoidance of inte
grating final results. The objectives of this study are (1) to decompose 
multivariate time series and to iteratively detect breakpoints using 
decomposed signals, and (2) to show its application in ecosystem dy
namics and ecological disturbance detection using both simulation data 
and real-world data.

2. Methods

2.1. Conceptual difference between multivariate approaches and 
univariate approaches

We first used a example multispectral time series in Fig. 1 to 
demonstrate the conceptual difference between a multivariate approach 
and an inherently univariate approach. Here, univariate approaches are 
defined as methods that can only accept individual time series as the 
input, despite their ability to combine results from various time series.

Univariate approaches and multivariate approaches differ in three 
aspects: the number of simultaneous input bands, the incorporation of 
inter-correlation among these bands, and the need for integrating the 
final results. Specifically, univariate approaches take only one band as 
input each time. As long as the input information is put into the model 
individually, the inter-correlation among input information is not 
considered, regardless of the richness of the input information (e.g., 
multiple bands, various vegetation indices). Furthermore, the detected 
breakpoints using different input bands are not consistent, and different 

methods used to integrate these results can lead to different breakpoints 
in the whole signal. As a result, the final breakpoint-or-not decision is 
heavily dependent on the integration scheme. These potential limita
tions of univariate approaches can be alleviated by switching to a 
multivariate approach. The multivariate approach not only leverages 
the inter-correlation among bands but also eliminates the need to inte
grate various results by incorporating all the bands simultaneously.

2.2. The DRMAT algorithm

DRMAT shares similarities with the Seasonal-Trend decomposition 
approach (Cleveland et al., 1990; Verbesselt et al., 2010a), but it can be 
applied for detecting breakpoints in multivariate time series. Specif
ically, it detects breakpoints via decomposing the multivariate time se
ries into trend, seasonality and noise signals and segmenting the 
detrended and de-seasonalized signals iteratively. The source code of the 
DRMAT is available at https://github.com/YangLiOSU/DRMAT.

2.2.1. Build a multivariate decomposition model with breakpoint 
information embedded

A multivariate time series Yn×m includes m bands, each consisting of 
n observations. We consider such time series to be composed of three 
components—trend (Τ), seasonality (S), and noise (ε) as in Eq. (1): 

Y = T+S+ ε (1) 

Based on previous studies (Verbesselt et al., 2010a; Zhao et al., 2019; 
Zhu et al., 2020), we model the trend Τ as a piecewise linear function of 
time with p breakpoints t*

u=1,…,p, so the trend Τ is divided into p + 1 
segments 

[
t*
u, t*

u+1
]
(u = 0,…, p), where t*

0 and t*
p+1 refer to the start and 

end of the time series (Fig. 2b). Each trend segment 
[
t*
u, t*

u+1
]

is formu
lated as.

T̂u(t) = au + but (u = 0,…,p) (2).
The number of breakpoints (p), their timings

(
t*u
)
, and segment- 

specific coefficients (au, bu) are recorded in the trend parameters ΘT: 

ΘT = {p} ∪
{
t*
u
}

u=1,…,p ∪ {au, bu}u=0,…,p (3) 

The seasonality S is approximated as a piecewise harmonic function 
of time with q breakpoints t*

v=1,…,q, so that S is divided into q + 1 time 

Fig. 1. Illustration of breakpoint detection using a univariate model and a multivariate model.

Y. Li et al.                                                                                                                                                                                                                                        Remote Sensing of Environment 315 (2024) 114402 

3 

https://github.com/YangLiOSU/DRMAT


segments 
[
t*
v , t*

v+1
]
(v = 0,…, q), where t*

0 and t*
q+1 refer to the start and 

end of the time series (Fig. 2c). Each seasonality segment 
[
t*
v , t*

v+1
]

is 
formulated as 

Ŝv(t) =
∑3

k=1

{

ak,vsin
(

2πkt
P

)

+ bk,vcos
(

2πkt
P

)}

(v = 0,…, q) (4) 

k is the harmonic order for the vth time segment, P is the period of 
seasonality. Similarly, the number of breakpoints (q), their timings

(
t*
v
)
, 

and segment-specific coefficients for all the harmonic terms 
(
ak,v, bk,v

)

are recorded in the seasonality parameters ΘS: 

ΘS = {q} ∪
{
t*
v
}

v=1,…,q ∪
{
ak,v, bk,v

}

k=1,2,3;v=0,…,q (5) 

To separate parameters controlling breakpoints from others, we 
reclassified the model parameters {ΘT ,ΘS} into {L, βL}. L refers to the 
model structure, including number and timing of the breakpoints in both 
trend and seasonality. 

L = {p} ∪
{
t*
u
}

u=1,…,p ∪ {q} ∪
{
t*
v
}

v=1,…,q (6) 

While βL contains all the parameters that determine the shape of 
trend and seasonality of each time segment, 

βL = {au, bu}u=0,…,p ∪
{
ak,v, bk,v

}

k=1,2,3;v=0,…,q (7) 

Therefore, the multivariate model to simulate multispectral land 
surface reflectance is reformulated into Eq. (8): 

Ŷ(t) = XL(n×e)βL(e×m) (8.1) 

or 

Ŷ(t) = XL(n×(p+q) )βL((p+q)×m ) (8.2) 

where e is the total number of breakpoints in the multivariate time 
series if we do not differentiate breakpoints in trend and seasonality. If 
we do, then p and q refer to the breakpoints in trend and seasonality, 
respectively.

Next, we describe two model options where one considers simulta
neous breakpoints of both trend and seasonality across segments, 
whereas the other allows the flexibility to differentiate breakpoints in 
trend versus seasonality thus reducing the dimension of model param
eters. For a multivariate model that does not differentiate breakpoints in 
trend and seasonality (Eq. 8.1), with e(e = 0,1, 2,…) breakpoints in the 
multispectral time series, the matrix that describes the model structure 
(i.e., the design matrix XL) of the multivariate model contains 8×

(e + 1) columns, including 2× (e + 1) columns describing trend and 6×

(e + 1) columns describing seasonality in the multispectral time series. 
Here, 2 is the number of coefficients in each trend segment as described 
in Eq. (2), and 6 is the number of coefficients in each seasonality 
segment as described in Eq. (4). The parameter matrix βL of the model 
contains m columns, with each corresponding to one band. Therefore, 
whenever adding a breakpoint into the model, it adds an extra 8 columns 
in XL and 8 rows in βL.

For a multivariate model that differentiates the breakpoints in trend 

Fig. 2. In the presence of breakpoints in trend and seasonality, a simulated multivariate time series (a) is decomposed into piecewise trend signals (b), piecewise 
seasonality signals (c), and random noise. Detecting breakpoints in this multispectral time series is achieved by detecting breakpoints in trend and seasonality, 
respectively. Trend breakpoints (i.e., blue lines) and seasonality breakpoints (i.e., red lines) do not necessarily coincide with each other. (For interpretation of the 
references to colour in this figure legend, the reader is referred to the web version of this article.)

Y. Li et al.                                                                                                                                                                                                                                        Remote Sensing of Environment 315 (2024) 114402 

4 



and seasonality (Eq. 8.2), with (p + q) breakpoints (i.e., p breakpoints in 
trend and q breakpoints in seasonality), the design matrix XL contains 
2× (p + 1)+ 6× (q + 1) columns, where 2× (p + 1) columns describing 
trend and 6× (q + 1) columns describing seasonality in the multispec
tral time series; the parameter matrix βL of the model contains m col
umns (i.e., m bands) and each column includes 2 × (p + 1) + 6 × (q + 1)
rows. When adding a trend breakpoint, the multivariate model will be 
updated with an extra 2 columns in XL and 2 rows in βL; when it is a 
seasonality breakpoint, it will add an extra 6 columns in XL and 6 rows in 
βL.

2.2.2. Detecting trend and seasonal breakpoints iteratively

2.2.2.1. Detecting the initial breakpoints with the coupled trend and sea
sonal signals. We used the Top-Down segmentation algorithm to detect 
initial breakpoints in the time series. This algorithm traverses the data 
and identifies breakpoints that minimize the information criteria (Keogh 
et al., 2004), such as the Akaike information criterion (AIC), the 
Bayesian information criterion (BIC), and the Hannan-Quinn informa
tion criterion (HQC), all of which have been broadly used in model se
lection (Brewer et al., 2016; Farwell et al., 2021; Gao et al., 2019; Chin 
et al., 2020). All these three information criteria work by evaluating the 
model fitting and penalizing the model complexity at the same time. 
They share the same model fitting evaluation terms but differ in penalty 
terms (Eq. 9.1, 9.2, and 9.3). AIC penalizes the model complexity with 
2 × m × d (Eq. 9.1), where m and d refer to the number of bands and 
columns of the design matrix XL. By contrast, BIC and HQC penalize 
model complexity by ln(n) × m × d (Eq. 9.2) and ln(ln(n) ) × m × d (Eq. 
9.3), respectively, where n denotes the length of the time series. 

AIC = n× ln(|Σ̂ |) +2×m× d (9.1) 

BIC = n× ln(|Σ̂ |) + ln(n)×m× d (9.2) 

HQC = n× ln(|Σ̂ |)+ ln(ln(n) )×m× d (9.3) 

Σ̂ is 1/n times the residual sum of squares and cross-products matrix.
BIC promotes the most parsimonious model by putting the largest 

penalty on model complexity, followed by HQC and AIC. As such, we 
chose BIC as the default information criterion of DRMAT. By way of 
interpretation, the smaller the BIC, the more justified the balance of 
model fitting and model complexity. Whenever an additional breakpoint 
is added to the model, the top-down segmentation will demonstrate 
improved fitting as indicated by a continuous decrease in the residual 
sum of squares and cross-products matrix, but with an increase in the 
penalty component related to the number of parameters. The decision to 
add an additional breakpoint to the model depends on whether the 
current BIC is smaller than the previous one. The top-down segmenta
tion stops when the BIC begins to rise, indicating that the model has 
reached its optimal balance of fitting and complexity.

Initial breakpoints were estimated based on the entire available 
multispectral time series, in which the trend and seasonality signal are 
coupled. This may increase the probability of ignoring a true breakpoint 
because the cost of adding an additional breakpoint is too high due to 
the coupling of trend and seasonality signals, thus the algorithm likely 
favors a lower number of breakpoints and hence leads to higher omis
sion errors. However, we consider that breakpoints detected using the 
coupled signals have higher confidence because they are less likely to be 
added to the model unless the improvement of model fitting exceeds the 
penalty for model complexity. Therefore, we use them as an initial guess 
of the breakpoints for the following decomposition model, in this way, 
the algorithm efficiency will be improved.

2.2.2.2. Updating the breakpoints with the decomposed trend and season
ality signals. After getting initial breakpoints, DRMAT refines such seg
mentation of the multispectral time series with decomposed trend and 

seasonality signals as in Fig. 3:

i) Recording the initial breakpoints detected with undecomposed 
signals in list L (Fig. 3a). We also initialize the trend breakpoints 
L T and seasonality breakpoints L S to the breakpoints as in L .

ii) Updating multivariate regression model with detected break
points. Specifically, if a multispectral time series Yn×m is divided 
into (e + 1) time segments by e breakpoints after the initial 
breakpoint detection, the design matrix XL contains 8 × (e + 1)
columns: 2 × (e + 1) trend columns and 6 × (e + 1) seasonality 
columns; the parameter matrix βL is a (8 × (e + 1) ) by m matrix, 
where m is the number of bands in the time series.

iii) De-seasonalizing the original multispectral time series using 
Ytrend + ε = Y − Ŷ season, where Ŷ season = XL(season)βL(season). In this 
case, XL(season) only contains the seasonality columns, which is an 
n by 6 × (e + 1) matrix; the corresponding βL(season) only contains 
the parameters that determine the shape of seasonality signals, 
which is a (6 × (e + 1) ) by m matrix.

iv) Segmenting the multispectral time series based on the de- 
seasonalized time series Ytrend + ε. After getting trend break
points, we update L T with newly detected p (p = 0,1, 2…) trend 
breakpoints and also update the multivariate regression model 
based on the current trend breakpoints. Note that now the trend 
breakpoints are differentiated from seasonality breakpoints, and 
hence the design matrix XL will be updated. However, if no trend 
breakpoint is detected in the de-seasonalized signal, DRMAT will 
stop, unless this is the first attempt at detecting a trend break
point, as both sections of b and c in Fig. 3 should be performed at 
least once.

v) Detrending the original multispectral time series using Yseason +

ε = Y − Ŷ trend, where Ŷ trend = XL(trend)βL(trend). Here, XL(trend) only 
contains the trend columns, which is a n by 2 × (p + 1) matrix; 
the corresponding βL(trend) only contains the parameters that 
determine the shape of trend signals, which is a (2 × (p + 1) ) by 
m matrix.

vi) Segmenting the multispectral time series based on the detrended 
time series Yseason + ε. After getting seasonality breakpoints, we 
update L S with newly detected q (1 = 0, 1,2…) seasonality 
breakpoints and also update the multivariate regression model 
based on the current p trend and q seasonality breakpoints.

vii) Going back to step iii) until no more breakpoints in trend and 
seasonality are detected.

3. Evaluation

We quantitatively and qualitatively evaluated DRMAT based on four 
case studies. In Case Study 1, we used simulated data to quantitatively 
evaluate whether DRMAT can detect the prescribed breakpoints in both 
trend and seasonality signals. We used a simulated dataset because the 
visual interpretation of real-world seasonality breakpoints is highly 
subjective, while a simulated dataset allows us to prescribe a known 
“true” scenario. Once the efficacy was verified using simulated data, we 
then applied it to real-world cases. In Case Studies 2 and 3, we used real- 
world datasets, randomly sampled from the Global Forest Change map 
(Hansen et al., 2013) and MapBiomas (Souza Jr et al., 2020), respec
tively, to quantitatively evaluate DRMAT. The former was used to 
examine the capability of DRMAT in detecting forest disturbances and 
subsequent recovery, and the latter was used to detect disturbances in a 
broad set of land cover types. In Case Study 4, we focused on a specific 
geographic region in Berkeley-Oakland California, the United States. 
This region encountered various land disturbances from 1982 to 2018. 
We qualitatively evaluated DRMAT’s effectiveness in mapping spatio
temporal patterns of disturbances in this region.
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3.1. Case study 1: simulated multispectral time series

Real-world time series are necessary for algorithm evaluation, but it 
is difficult to distinguish whether a breakpoint occurs in a trend signal or 
a seasonality signal through visual interpretation, and such limitation in 
reference data prevents a comprehensive evaluation of DRMAT using 
real-world time series. Moreover, real-world pixels that are perturbed 
multiple times over decades are uncommon (Hermosilla et al., 2019), 
challenging the evaluation of the algorithm using real-world time series. 
Compared to real-world time series, simulated multivariate time series 
provides a tractable way to assign multiple breakpoints in both trend 
and seasonality signals and to validate the results with prescribed 
breakpoints, therefore has been adopted in this study to evaluate the 
accuracy of DRMAT in detecting breakpoints.

The simulation data were generated as the sum of three components 
as we introduced in Section 2.2.1: trend, seasonality, and noise. Each 
simulated time series spanned 20 years with 0–3 breakpoints randomly 
sampled in trend and seasonality signals, respectively. Trend signals 
were considered as piecewise linear, with two coefficients (i.e., slope 
and intercept) randomly sampled from a multivariate Gaussian distri
bution. The seasonality signals were piecewise harmonics with three 
frequencies and thus six coefficients (i.e., three sines and three cosines), 
all of which were randomly sampled from another multivariate Gaussian 
distribution. Both Gaussian distributions were fitted from 200 real 
multivariate time series that would be introduced in Case Study 2 
(Section 3.2). Therefore, this simulated dataset is more representative of 
disturbances in deciduous forests.

It is worth noting that trend/seasonality signals from different bands 
may not be correlated with each other, but noise signals from different 
bands are correlated with each other because of a couple of factors, such 
as the contamination by clouds or aerosols at the same time and loca
tion, the topography, and the overlap among sensor bands 
(Schowengerdt, 2006). Therefore, we adjusted the correlation of noise 

among bands by adjusting the off-diagonal elements in the residuals’ 
correlation matrix, which was also generated from the 200 real multi
variate time series.

To ensure that the signal variation at breakpoints in trend (season
ality) is not covered up by the signal variation of the seasonality (trend) 
and noise, we rescaled the variance of trend and seasonality signals to 
the same and simulated noise based on varying levels of 2 % ~ 20 % of 
data noise. Based on the abovementioned rules, a total number of 200 
simulated time series were generated, with 416 breakpoints in the trend 
signal and 435 breakpoints in the seasonality signal; 13 out of 200 time 
series have no breakpoints in either trend or seasonality signal (Fig. S1).

3.2. Case study 2: Subtle land changes due to forest disturbances and 
recovery

3.2.1. Data sampling
To assess the accuracy of DRMAT in detecting forest disturbances 

and subsequent recovery, we sampled 200 sites in temperate deciduous 
forests in the United States. For each of these sites, we obtained Landsat 
multispectral surface reflectance time series spanning from 2001 to 
2020, detected their breakpoints based on DRMAT, and compared them 
with a reference dataset. Here, breakpoints included both disturbances 
and subsequent recovery (White et al., 2017) because both could lead to 
signal shifts in trend or seasonality signals. The reference dataset was 
provided by examining remote sensing images at each site via TimeSync 
(Cohen et al., 2010) and Google Earth. For simplicity, we only sampled 
temperate deciduous forests in the United States that experienced 
disturbance in 2005 and recovered afterward using the procedure 
described below. Doing so allowed the detection of breakpoints caused 
by both disturbances and recovery. We also examined the site images 
from 2006 to 2020 to identify the years of recovery.

A two-step procedure was employed to ensure that the disturbance 
occurred in 2005 and that forests could be recovered. Firstly, the Global 

Fig. 3. The framework of DRMAT. The filled blue rectangle is the input data. The unfilled blue, green, and red rectangles are detection procedures, decision rules, 
and end nodes, respectively. The dashed arrow indicates that the deseasonality section (b) and detrend section (c) are not performed simultaneously but sequentially. 
DRMAT chooses one side each time and uses the output of one section (i.e., de-seasonalized signal of b or detrended signal of c) as the input of the other section. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Forest Change map (Hansen et al., 2013) was used to locate forest pixels 
in the temperate region in the United States that were only disturbed in 
2005, with no forest loss in all other years. To reduce the possibility of 
sampling misclassified pixels in the Global Forest Change map, each 
pixel we sampled was the central pixel of a 3 × 3 image chip, where all 
pixels satisfied the abovementioned criterion to minimize the risk of 
sampling a misclassified pixel. Then, to exclude pixels classified as forest 
losses with no recovery, we overlaid all the pixels with the USGS Na
tional Land Cover Database, a set of land cover maps that include years 
of 2001, 2004, 2006, 2008, 2011, 2013, 2016, and 2019, and chose only 
those classified as “deciduous” in 2001 and 2004, “non-forest” in 2006, 
2008, followed by the same forest type again in 2011, 2013, 2016, and 
2019. After this two-step procedure, we sampled 200 pixels from all the 
candidates and extracted their multispectral surface reflectance from 
Landsat, including bands 1–7, which are blue, green, red, near-infrared 
(NIR), shortwave infrared 1 (SWIR1), shortwave infrared 2 (SWIR2) and 
surface temperature bands, respectively. All pixels were quality 
assessed. Detected breakpoints with decreasing Normalized Difference 
Vegetation Index (NDVI) would be classified as disturbances, while with 
increasing NDVI would be classified as recovery. Generally, distur
bances refer to vegetation depletion and degradation (a negative signal), 
while recovery is considered as the return of vegetation following a 
disturbance (a positive signal). It’s important to note that we are not 
making statements regarding metrics aimed at indicating the return of 
vegetation after a disturbance but rather using the multidirectional 
nature of the DRMAT to inform on the directionality of the change.

Based on the ground reference of the 200 sampled sites, a total 
number of 414 changepoints have been recorded via visual interpreta
tion based on TimeSync and Google Earth, including 197 disturbances 
and 217 exhibiting recovery. For disturbances, though the sampling 
procedure focused on forest disturbances that occurred in 2005, some 
disturbances occurred in 2004 as visually detected in the TimeSync and 
Google Earth. The inconsistency between the disturbance year indicated 
by the Global Forest Change map and by visual interpretation was likely 
caused by the timing of disturbances because the derivation of the 
Global Forest Change map was based on growing season data. Hence, 
disturbances that occurred at the end of 2004 could be detected by vi
sual interpretation in 2004 but could only captured by the Global Forest 
Change map in the following year. Therefore, the disturbance year from 
visual interpretation was used if the two results were inconsistent. 
Meanwhile, some sites with disturbances that occurred in years other 
than 2004 and 2005 have been sampled, we recorded their disturbed 
year based on visual interpretation in the reference data; three sites with 
two disturbances respectively have also been sampled, and we recorded 
both disturbances in each site in the reference data. Additionally, for 6 of 
the 200 sites, we did not observe any disturbances in TimeSync or 
Google Earth, so we did not record any disturbances in them. For re
covery, we marked the year with a sign of greening as the recovery year. 
In some sites, a complete recovery (i.e., no difference compared to 
adjacent non-disturbed forests) also has been observed after the 
greening in some disturbed sites (Li et al., 2022b), we regarded it as a 
second recovery and recorded both recoveries in the reference data.

3.2.2. Baseline models
We conducted multiple tests and comparisons to evaluate the per

formance of DRMAT in detecting breakpoints in the real world, 
including both disturbances and recovery. We compared the DRMAT 
model with its corresponding univariate model— top-down segmenta
tion, demonstrating the better performance of using multivariate 
methods (Section 4.2.2). We could also compare our multivariate model 
to other univariate models, such as the COntinuous monitoring of Land 
Disturbance (COLD) algorithm. However, COLD and DRMAT are totally 
different models, not only in their univariate/multivariate methodolo
gies but also in their base algorithms. COLD is categorized as a statistical 
boundary method that expects the time series to follow a statistical 
boundary; any significant departure from the boundary is defined as a 

breakpoint (Zhu et al., 2020). In contrast, DRMAT is a multivariate 
segmentation method and the connection of two segments is defined as a 
breakpoint. Therefore, distinguishing the sources of difference in the 
results between the two models is challenging. The observed differences 
could arise from the distinct univariate/multivariate methodologies or 
from the varying effectiveness of the base algorithms in detecting 
breakpoints. Considering that our multivariate model is built upon the 
top-down segmentation, the univariate model we used for comparison 
also employs the segmentation algorithm as its base algorithm.

We also investigated whether increasing the input information 
would enhance the overall accuracy of our model (Section 4.2.3). To 
further evaluate the potential benefits of incorporating more informa
tion, we conducted experiments that used NDVI, NDMI, and NBR as 
additional input (Section 4.2.4) as additional model inputs. NDVI serves 
as a renowned indicator of vegetation status, while NDMI and NBR are 
widely used in the context of forests. Additionally, we compared DRMAT 
with the other two baselines, including DRMAT without differentiating 
breakpoints in trend and seasonality (Section 4.2.5), and DRMAT with 
different information criteria (Section 4.2.6).

3.3. Case study 3: subtle land changes in broader land cover types

To evaluate the accuracy of DRMAT in detecting subtle land changes 
in broader land cover types, we randomly sampled 200 sites from 
MapBiomas. MapBiomas provides annual land use and land cover in
formation in Brazil, with five major classes in total (i.e., forests, non- 
forest natural formation, farming lands, non-vegetated areas, and 
water) (Souza et al., 2020). Each major class contains several sub- 
classifications, providing detailed insights into the landscape 
composition.

To examine the capability of DRMAT in detecting subtle land dis
turbances rather than only high-magnitude changes, we focused on 
pixels that changed among forests, non-forest natural formations, and 
farming lands, excluding pixels that were once marked as non-vegetated 
areas or water. Additionally, to ensure data quality, we excluded border 
pixels and pixels with a low level of agreement. The final randomly 
sampled 200 sites experienced land conversions across a range of land 
covers, including “Forest Plantation”, “Forest Formation”, “Savanna 
Formation”, “Grassland”, “Pasture”, “Temporary Crop”, “Perennial 
Crop”, and “Wetland”, with wetland only being observed in two sample 
sites.

For each sampled site, we accessed its Landsat multispectral time 
series from 1984 to 2020 through Google Earth Engine, with distur
bances possibly occurring in any year within this timeframe (Fig. S2). 
Based on the provided coordinates for each sampled site, we used sat
ellite images via TimeSync and Google Earth to confirm the presence of 
recorded land cover changes in the validation dataset. If a recorded 
change in a particular year was not observed in both satellite images, it 
was then classified as “no disturbance” in the reference dataset. How
ever, if a significant change in a year was observed in both satellite 
images but was not initially recorded in the reference dataset, we added 
that year as a “disturbance” accordingly. In total, 200 time series with 
407 breakpoints were sampled, with at least one disturbance occurring 
in each time series.

3.4. Case study 4: Disturbance map in Berkeley-Oakland

To assess the capability of DRMAT in capturing both the timing and 
the location of disturbances compared to conventional univariate ap
proaches, we mapped disturbances in Berkeley-Oakland region in Cali
fornia, USA, ranging from 122◦9′ W to 122◦23′ W and from 37◦47′ N to 
37◦54′ N (Fig. 4a). This region was adopted by COLD algorithm in their 
study to evaluate the model capability in detecting disturbances (Zhu 
et al., 2020). It has experienced multiple disturbances, such as Oakland 
Fire in 1991 (Fig. 4f), reconstruction of Interstate 80 in California during 
the 1990s (Fig. 4b), Port of Oakland development in early 2000s 
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(Fig. 4g), Suburban development in Wilder, Orinda since 2007 (Fig. 4e), 
San Francisco-Oakland Bridge construction at the end of 2000s (Fig. 4d), 
and Treasure Island Reconstruction after mid-2010s (Fig. 4c). Consid
ering that COLD’s analysis covered the period from 1982 to February 15, 
2018, we chose to evaluate DRMAT over the same timeframe to facili
tate direct comparison of the results. Landsat surface reflectance data 
spanning from 1982 to February 15, 2018 were used in our study. We 
adopted AIC here to capture as much historical land disturbances as 
possible in the map.

3.5. Accuracy assessment

To assess the accuracy of the DRMAT algorithm, commission error, 
omission error, and the F1 score were calculated (Shang et al., 2022; Zhu 
et al., 2020). Commission error (i.e., false positive rate) measures the 
rate of breakpoints that are detected by the algorithm yet not labeled in 
the reference data. Omission error (i.e., false negative rate) measures the 
rate of breakpoints that exist in the reference data yet fail to be detected 
by the algorithm. Decreasing commission error by being parsimonious 
on the newly detected breakpoints will increase the omission error 
because breakpoints will tend to not be detected, and vice versa. 
Therefore, we also used the F1 score as a third metric to balance the 
commission error and omission error.

4. Results

4.1. Case study 1: quantitative evaluation using simulated multispectral 
time series

The validation of DRMAT was performed on the year level: as long as 
the year of the detected breakpoint is consistent with the year of the 
referenced breakpoint, we considered the detected result to be correct. 
Results showed that DRMAT unveiled breakpoints in both trend and 
seasonality signals, with a better performance in seasonality, supporting 
the efficacy of the algorithm in detecting the underlying breakpoints. 
Both commission error and omission error in seasonality were lower 
than 10 %, contributing to an F1 score of 91.7 %. For the breakpoints in 
trend, although the omission error was as low as 3.9 % (i.e., producer’s 
accuracy of 96.1 %), the high commission error of 23.3 % (i.e., user’s 
accuracy of 76.7 %) caused a relatively low F1 score of 85.5 %.

4.2. Case study 2: Quantitative evaluation using forest disturbances and 
recovery

4.2.1. The breakpoints detected by DRMAT
DRMAT was able to detect most of the changepoints in the reference 

dataset, though unavoidably with commission and omission errors. 
Overall, it performed better in detecting disturbances rather than re
covery, with an omission error of 5.2 % (i.e., producer’s accuracy as 
94.8 %) and a commission error of 4.6 % (i.e., user’s accuracy as 95.4 
%). In contrast, the omission error for detected recovery increased to 
36.4 % (i.e., producer’s accuracy as 63.6 %) and the corresponding 
commission error slightly decreased to 2.1 % (i.e., user’s accuracy as 
97.9 %). So, the F1 scores of detected disturbances and recovery were 
95.1 % and 77.1 %, respectively. The lower accuracy of recovery 
detection was expected because compared to abrupt changes in surface 
reflectance after disturbances, situations relating to recovery were 
gradual thus more challenging to identify. Such slower changes during 
the recovery process not only led to a higher omission error of break
point detection but also brought in larger uncertainty in visually 
detected recovery.

4.2.2. Multivariate approach vs. univariate approach
The multivariate approach outperforms the univariate approach in 

all three metrics: commission error, omission error, and F1 score, either 
for detected disturbances or recovery (Fig. 5). For disturbances, the 
multivariate approach detected 196 disturbances, whereas the univari
ate approach detected a higher count of 465 disturbances. However, 
considering that there were only 197 reference disturbances, the uni
variate approach exhibited a notably high commission error of 60 %. 
Consequently, the F1 score of the univariate approach (56.2 %) is much 
lower compared to the F1 score of the multivariate approach (95.1 %) 
for detected disturbances. For recovery, the univariate approach per
formed less effectively than the multivariate approach in both com
mission error and omission error, consequently leading to a lower F1 
score of 34.7 % as compared to the F1 score of the multivariate approach 
(77.1 %).

4.2.3. Multispectral bands sensitivity analysis
To examine whether incorporating all-band information into the 

model gives the best result, we also detected disturbances and recovery 

Fig. 4. Major land disturbances in the Berkeley-Oakland region from 1982 to 2018. (a) A satellite image for the Berkeley-Oakland region. (b) Reconstruction of 
Interstate 80 in California during the 1990s. (c) Treasure Island comparison between April 2016 and September 2017. (d) San Francisco-Oakland Bridge construction 
image in September 2008. (e) Suburban development in Wilder, Orinda, California. (f) Oakland Fire in 1991. (g) Port of Oakland comparison between March 2000 
and October 2002. All images are from Google Earth except for the Oakland fire and Interstate 80 reconstruction, which are from Berkeley News (October 13, 2017) 
and Wikipedia of Interstate 80, respectively.
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using different combinations of bands. As input bands increased, the 
highest F1 score of detected disturbances and recovery increased, indi
cating that the accuracy of both detected disturbances and recovery 
improved, with detected disturbances showing higher accuracy than 
detected recovery. From one band to seven-band combinations, only 3 
out of 120 combinations had F1 scores above 90 % for detected distur
bances and above 70 % for detected recovery (Fig. 6). The seven-band 
combination gave the highest F1 scores (i.e., 95.1 % for disturbance 
and 77.1 % for recovery); followed by the five-band combination of 
Green, Red, NIR, SWIR1 and SWIR2, with F1 score of 93.3 % for 
disturbance and of 74.5 % for recovery (Fig. 6). A six-band combination 
of Green, Red, NIR, SWIR1, SWIR2, and ST showed a F1 score of 92.7 % 
for disturbance and of 73.1 % for recovery (Fig. 6).

4.2.4. The breakpoints detected by DRMAT with vegetation indices as 
additional inputs

To test if adding vegetation indices helped the breakpoints detection, 
we first took all seven bands as model input, then added different 

vegetation indices to see whether the overall accuracy improved. The 
red plane (red line) in Fig. 7 indicates where commission errors equal to 
20 %. When seven bands were used as input, the overall accuracy was 
already high (i.e., points located on the left side of the red plane), adding 
NDVI, Normalized Difference Moisture Index (NDMI) and Normalized 
Burn Ratio (NBR) did not show much improvement as the positions of 
blue and orange points on the left side did not change much (Fig. 7). We 
then tested whether, given fewer bands as input, adding additional in
formation from the vegetation index would help to improve the overall 
accuracy. We chose three bands (i.e., blue, green, and red) as a baseline, 
and the accuracy metrics from the three-bands were much worse than 
from seven-bands and lay on the right side of the red plane (Fig. 7). 
Adding NDVI increased the F1 scores of disturbances from 62.6 % to 
67.8 %, and increased the F1 scores of recovery from 20.4 % to 41.1 %. 
We also used NDMI and NBR as additional inputs because they provided 
new information from shortwave near-infrared bands. Adding NDMI 
and NBR increased the F1 scores of disturbances to 79.7 % and 78.1 %, 
respectively; and increased the F1 scores of recovery to 54.4 % and 58.2 

Fig. 5. Metrics of detected disturbances (a) and recovery (b) using univariate and multivariate approaches, respectively. Each subplot consists of two panels, with the 
left panel displaying metrics for the univariate approach and the right panel showing metrics for the multivariate approach. Error metrics are represented in grey 
colour, with the line bar indicating commission error and the dots bar representing omission error. The accuracy metrics, F1 score, is represented in blue bars. (For 
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 6. F1 scores of detected breakpoints (i.e., disturbances and recovery) using different band combinations. The vertical labels indicate the band combinations with 
the best F1-score for each band group, showing an overall increase in detection accuracies with more input bands.
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%, respectively.

4.2.5. The breakpoints detected by DRMAT without differentiating trend 
and seasonality

To test whether differentiating breakpoints in trend and seasonality 
improved the overall accuracy, we also detected breakpoints using 
DRMAT without differentiating trend and seasonality (DRMAT_w/o). 
Compared to the results detected by DRMAT, both commission error and 
omission error increased. Commission error increased from 4.6 % to 
10.5 % for disturbances, and from 2.1 % to 16.3 % for recovery; omis
sion error notably increased from 5.2 % to 82.7 % for disturbance and 
from 36.4 % to 81.1 % for recovery. Instead of using either detrended or 
de-seasonalized signals as inputs as DRMAT did (Fig. 3), DRMAT_w/o 
used the coupled signals. Therefore, whenever detecting a new break
point, the design matrix in DRMAT would be updated with either 6 
columns (if it was a seasonality breakpoint) or 2 columns (if it was a 
trend breakpoint), but the design matrix in DRMAT_w/o would be 
updated with extra 8 columns, resulting in more penalty when deciding 
whether the new breakpoint should be added to the current model. As a 
result, fewer breakpoints would be kept in the model and thus omission 
errors increased. Results from this study supported the advantage of 
DRMAT in effectively detecting breakpoints in seasonality or trend 
separately.

4.2.6. Information criteria sensitivity analysis
In DRMAT, the most parsimonious version with BIC as an informa

tion criterion detected the fewest breakpoints (i.e., disturbances and 
recovery), followed by HQC and AIC (Table 1). The decrease in detected 
breakpoints, therefore, led to an increase in omission errors and a 
decrease in commission errors. From Table 1, BIC resulted in the least 
number of disturbances and recovery, leading to the highest omission 
errors and the lowest commission errors compared to the breakpoints 
detected using the other two information criteria. HQC, which put less 
penalty on an additional breakpoint, detected more disturbances and 
recovery compared to BIC, resulting in slightly lower omission errors but 
greatly higher commission errors, leading to lower F1 scores for both 
disturbances and recovery. AIC detected the most disturbances and 

recovery, resulting in omission errors of 0 % yet commission errors of 
more than 60 %, leading to the lowest F1 scores.

4.3. Case study 3: quantitative evaluation using subtle land changes in 
broader land cover types

In the context of subtle land cover changes in broader land cover 
types, DRMAT detected most of the breakpoints in this examined data
set, with an omission error of 7.6 % (i.e., producer’s accuracy as 92.4 %), 
a commission error of 23.0 % (i.e., user’s accuracy as 77.0 %), and an F1 
score of 84.0 %. However, compared to detecting forest disturbances, 
the overall performance of DRMAT in detecting subtle changes in 
broader land cover types is less effective. This is because the subtle land 
changes in Case Study 3 are less discernable than forest disturbances in 
Case Study 2. Notably, forest disturbances in Case Study 2 are typically 
caused by wildfire, thinning, or logging, thereby resulting in more 
pronounced differences in spectral bands before and after the distur
bances. In contrast, detecting subtle land changes in Case Study 3 poses a 
significant challenge due to the inherent similarities between the 
involved land cover types, such as the land cover change from grassland 

Fig. 7. The accuracy metrics of detected disturbance and recovery using different bands and additional vegetation index as inputs, with a three-dimensional view (a), 
a top view (b), a front view (c), and a side view (d). Red plane in (a) and red lines in (b) and (c) indicate where the commission error equals 20 %. Blue and orange 
points refer to the accuracy metrics of detected disturbances and recovery, respectively. The higher the F1 score, the larger the point size. B is the blue band, G is the 
green band, R is the red band, and VI indicates the vegetation index. (For interpretation of the references to colour in this figure legend, the reader is referred to the 
web version of this article.)

Table 1 
Disturbance and recovery detection results based on different information 
criteria.

Criterion Breakpoint 
type

Quantity Commission 
error

Omission 
error

F1 
score

AIC Disturbance 557 64.6 % 0.0 % 52.3 
%

Recovery 675 67.9 % 0.0 % 48.7 
%

HQC Disturbance 262 25.6 % 1.0 % 85.0 
%

Recovery 301 35.2 % 10.1 % 75.3 
%

BIC Disturbance 196 4.6 % 5.2 % 95.1 
%

Recovery 141 2.1 % 36.4 % 77.1 
%
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to pasture.

4.4. Case study 4: qualitative evaluation using disturbances map in 
Berkeley-Oakland

DRMAT captured the spatiotemporal patterns of disturbances 
demonstrated in Figure 4 in the Berkeley-Oakland region from 1982 to 
2018. The accumulated disturbances detected by DRMAT from 1982 to 
1991 revealed a few disturbed areas, with most disturbed pixels 
appearing to the right of the image center (Fig. 8a). These disturbed 
pixels overlapped with the reported area affected by the Oakland Fire in 
1991 (Fig. 4f) (Zhu et al., 2020). The newly added disturbed pixels 
detected by DRMAT from 1992 to 1999 gathered along the coastal area, 
forming a line that traversed from north to south (Fig. 8b). These 
disturbed pixels showed the reconstruction of Interstate 80 in this area 
in the 1990s (Fig. 4b). The accumulated disturbances detected by 
DRMAT from 2000 to 2005 showed scattered development across the 
entire region, with a notable concentration in the lower left area of the 
land (Fig. 8c). This reflected the development of Port of Oakland in the 
early 2000s, as observed on Google Earth (Fig. 4g). After that, the right 
part of the image showed a clear disturbed area marked with yellow 
pixels, which can also be observed on Google Earth as the development 
of houses in Wilder, Orinda, starting approximately in 2007 (Fig. 8d, 
Fig. 4e). DRMAT continuously monitored this region until February 15, 
2018, finding scattered disturbances across the entire region in the 
2010s, but with more centered changes in the lower left corner of the 
image, such as the reconstruction on the Treasure Island (Fig. 8e, 

Fig. 4c).
The disturbance map derived from DRMAT (Fig. 8e) and COLD 

(Fig. 8f) show similarity in most areas, but DRMAT performs better in 
certain regions, notably in the white windows (Fig. 8g, h), where houses 
have been built up since 2007. Fig. 8i shows corresponding true-colour 
images. The areas “I” and “III” represent undisturbed areas and the area 
“II” represents the disturbed one. DRMAT accurately identified the 
disturbed area in “II” with a clearly delineated outline, whereas COLD 
detected disturbed pixels in all three areas, misidentifying undisturbed 
pixels in “I” and “III” as disturbed. However, the intention of this com
parison is not to demonstrate the superiority of DRMAT over COLD, as 
COLD successfully detected the collapsed section of the Cypress viaduct 
of Interstate 880 resulting from the 1989 earthquake (Zhu et al., 2020), 
while DRMAT did not. Instead, our aim is to highlight this multivariate 
model, although built on top-down segmentation—a relatively rudi
mentary change detection method, demonstrates comparable perfor
mance to COLD—a pioneering model in the disturbance detection field.

5. Discussion

5.1. Comparison with previous models

Previous breakpoint detection models include various categories 
such as thresholding, differencing, segmentation, trajectory, statistical 
boundary, and regression (Zhu, 2017). To the best of our knowledge, all 
the reputable existing models in the remote sensing community follow 
an inherently univariate approach. This implies that they either apply 

Fig. 8. Spatiotemporal patterns of disturbances detected by DRMAT and a univariate approach (i.e., COLD) over a selected region from 1982 to 2018. Cooler colors 
indicate disturbances occurring at earlier times, while warmer colors indicate disturbances occurring more recently. (a) to (e) are disturbances detected by DRMAT, 
while (f) is disturbances detected by COLD in the same region, as a comparison. (a) is accumulated disturbances detected by DRMAT from 1982 to 1991. (b) is 
accumulated disturbances detected by DRMAT from 1982 to 1999. (c) is accumulated disturbances detected by DRMAT from 1982 to 2005. (d) is accumulated 
disturbances detected by DRMAT from 1982 to 2010. (e) is accumulated disturbances detected by DRMAT from 1982 to 2018. (f) is accumulated disturbances 
detected by COLD from 1982 to 2018. (g) and (h) indicate zoomed-in views of the disturbances in the white windows in (e) and (f), respectively. (i) shows the land 
cover changes in the white window from October 2002 to March 2018, observed from Google Earth images. “I” and “III” represent the undisturbed areas that are 
marked by blue colour; whereas “II” represents the disturbed area that is marked by yellow colour. (For interpretation of the references to colour in this figure legend, 
the reader is referred to the web version of this article.)
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models to individual bands or vegetation index and then integrate the 
results (Zhu et al., 2020; Zhu and Woodcock, 2014), or they adopt 
ensemble learning to combine various models, but the input for each 
model remains univariate (Cohen et al., 2020; Healey et al., 2018; Hu 
et al., 2024; Zhao et al., 2019). The development of DRMAT helps to 
bridge this gap by offering a multivariate approach that incorporates 
multispectral bands into time series analysis at the same time. Both 
quantitative and qualitative evaluations in this study demonstrated that 
DRMAT outperforms the univariate approach.

In addition, several well-known algorithms, such as LandTrendr, 
VCT, CCDC, and COLD algorithms, determine breakpoints by checking if 
some deviation metrics meet certain pre-set thresholds (Huang et al., 
2010; Kennedy et al., 2010; Zhu et al., 2020; Zhu and Woodcock, 2014). 
Such methods either chose empirical change thresholds or relied heavily 
on threshold testing or criterion optimization. For instance, an empirical 
threshold of three times or Root Mean Square Error (RMSE) was adopted 
in CCDC (Zhu and Woodcock, 2014), which was then updated by Zhu 
et al. (2020) as a normalized change vector magnitude. However, such 
methods adopted a uniform threshold for all, yet true thresholds that 
could determine breakpoints may vary case by case. In contrast, DRMAT 
did not use pre-set thresholds, but determined breakpoints based on BIC, 
a widely used metric that was tailored for each time series. Similar ap
proaches have also been adopted in models such as BFAST and BFAST 
Lite (Masiliūnas et al., 2021a, 2021b; Verbesselt et al., 2010a, 2010b), 
which helped to reduce the artificial bias caused by pre-set thresholds.

Compared to univariate approaches, multivariate approaches are not 
considered more computationally intensive but rather more efficient. 
For example, if a multi-spectral time series contains seven bands, uni
variate approaches need to run the model seven times and integrate the 
breakpoints derived from individual bands (Zhu et al., 2020; Zhu and 
Woodcock, 2014), while multivariate approaches only need to run the 
model once without integrating the results. Taking Case Study 3 as an 
example, it took 90.1 s (5 times average) for DRMAT to detect the 
breakpoints in all the 200 seven-band time series, whereas its corre
sponding univariate approach (i.e., top-down segmentation) took 138.3 
s (5 times average) to conduct the same task. Currently, DRMAT is 
locally implemented in MATLAB, and the speed could be further 
improved if implemented in compiled programming languages such as C 
or C++.

5.2. The optimal band combination for breakpoint detection

Comparison of performance using different combinations of spectral 
bands supported the advantage of using all seven-bands, which yielded 
the highest F1 scores and was followed by a five-band combination of 
Green, Red, NIR, SWIR1, and SWIR2 (Fig. 6). The good performance of 
this five-band combination in breakpoints detection was also recognized 
by Zhu et al. (2020), especially in reducing the omission errors. How
ever, increasing input bands from five selected bands to seven bands 
resulted in fewer detected breakpoints in both disturbances and recov
ery, leading to lower commission error and higher omission error. In the 
multivariate model, adding more bands as inputs led to more penalty in 
adding an additional breakpoint. Specifically, when only five bands 
were used as inputs, m in Eq. (9) equaled five; but when seven bands 
were used, m in Eq. (9) increased to seven, and hence the computed BIC 
would be increased, making it more difficult to add an additional 
breakpoint. Therefore, increasing the number of input bands from five to 
seven reduced the overall detected breakpoints and contributed to lower 
commission error and higher omission error. However, it is worth noting 
that omission error is usually taken more seriously than commission 
error as if a breakpoint is missed by the model, it will be missed forever; 
but if there are some false positives in the results, one can always reduce 
then by using some post-processing method. Therefore, taking the five 
bands or seven bands as input should be carefully discussed case by case.

A six-band combination of Green, Red, NIR, SWIR1, SWIR2, and ST 
also demonstrated high F1 scores in breakpoints detection, yet its F1 

scores were still lower than the seven-band combination (Fig. 6). 
Although the exclusion of blue band was encouraged in previous studies 
because blue band was among the least important spectral regions for 
forest disturbance detection (Cohen et al., 2018), we demonstrated that 
incorporating blue band still decreased the commission error. Such 
improvement was possible due to the model structure of the multivariate 
algorithm.

Our study also highlights the importance of SWIR1 and SWIR2 bands 
in accurately detecting disturbances, as well as the effectiveness of the 
NIR band in detecting recovery. The sensitivity test indicates that SWIR1 
and SWIR2 are consistently present in the band combinations that 
achieve the highest accuracy in identifying disturbances. Moreover, 
when the original input bands lack NIR and SWIR bands, the inclusion of 
NBR and NDMI, two vegetation indices that contain SWIR1 and SWIR2 
bands, respectively, significantly improves the detection accuracy. This 
approach outperforms the use of NDVI, which lacks SWIR bands. Simi
larly, the NIR band is present in all the band combinations that achieve 
the highest accuracy in detecting recovery. The superior performance of 
SWIR bands in detecting disturbances is in line with previous studies by 
Cohen et al. (2018) and Schultz et al. (2016), and the performance of 
NIR band in detecting recovery is consistent with previous studies by 
Negrón-Juárez et al. (2020).

5.3. The trade-off between efficacy and accuracy

We used top-down segmentation to detect breakpoints in the 
decomposed trend and seasonality signals of a time series. The F1 score 
is higher than 85 % using simulation data, and higher than 77 % using 
real-world Landsat data, but optimization methods still exist. For 
example, once a breakpoint is determined by top-down segmentation, its 
location will not be changed, which gradually narrows down the 
possible combinations of breakpoints. However, previously determined 
breakpoints could still be optimized each time a new breakpoint is added 
to the model by, for example, adjusting the location of the previously 
determined breakpoints to test whether they can be substituted by 
nearby points. This optimization will increase the overall accuracy, but 
it is inevitably computationally expensive. Meanwhile, the Landsat time 
series used in this study is not an annual time series but with seasonal 
variations. Moving the breakpoint backward or forward may only up
date the perturbed month but does not contribute much to updating the 
detected perturbed year. Therefore, in this efficacy and accuracy trade- 
off, we chose top-down segmentation to capture the breakpoints with 
adequate accuracy and meanwhile to save computation time.

5.4. Limitation of the validation dataset

The quantitative and qualitative assessments of DRMAT were con
ducted on an annual basis because the availability of reference datasets 
on a monthly scale is limited, either images from TimeSync or from 
Google Earth. Meanwhile, when visually interpreting real-world dis
turbances, we found that visual interpretation of land disturbances was 
less reliable at the monthly level, with significant variability among 
independent observers, particularly in areas with subtle changes. 
Therefore, annual interpretation provides a more confident basis for 
validation datasets.

The necessity of validating change detection models on a specific 
time scale depends on their application scenarios. For instance, if a 
change detection model is used for continuous monitoring of the stock 
market, validation datasets may need to be at minute or even second 
scales. However, in the remote sensing field, where models are typically 
used for detecting land disturbances such as wildfires or insect in
festations, large-scale wildfires can occur over months, while an insect 
infestation may span years (Mack et al., 2011; Nolè et al., 2022; 
Vogelmann et al., 2016; Ye et al., 2021). Thus, most existing change 
detection algorithms in the remote sensing field are validated on an 
annual scale (Huang et al., 2010; Hughes et al., 2017; Jin et al., 2013; 
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Zhao et al., 2019; Zhu et al., 2020; Zhu and Woodcock, 2014). With the 
advancements in remote sensing techniques and emerging scenarios 
demanding more precise disturbance detection, we anticipate that 
future efforts in disturbance detection models in the remote sensing field 
will prioritize enhancing both temporal and spatial resolution.

5.5. Science implications of DRMAT

The capability of DRMAT in detecting breakpoints in both trend and 
seasonality signals will benefit studies interested in subtle changes in 
vegetation; such changes could be in trend (e.g., post-disturbance re
covery) or in seasonality (e.g., phenological shifts). Specifically, post- 
disturbance recovery of vegetation may be exhibited over different re
covery stages, which are accompanied by different trends (Bartels et al., 
2016; Kuuluvainen and Gauthier, 2018; Nguyen et al., 2018). Accurately 
detecting such trend shifts helps to determine the recovery stages and 
further helps to quantify the related energy and carbon balance. Besides, 
vegetation is also experiencing seasonality shifts in response to climate 
change, such shifts could be an advanced or delayed phenology (Meng 
et al., 2020; Piao et al., 2019; Wang et al., 2022b), or vegetation de
mographic changes (Felton et al., 2021; Heijmans et al., 2022). These 
reported seasonality shifts also impact the biophysical and biogeo
chemical processes and hence impact energy redistribution and carbon 
uptake and partitioning (Chen et al., 2022; Keenan et al., 2014). DRMAT 
can leverage the increasing availability of multisource satellite time- 
series data to detect such subtle seasonality shifts.

6. Conclusion

Compared to existing algorithms in the field, DRMAT is a true 
multivariate statistical method: it fully incorporated inter-correlation 
among bands, jointly estimated parameters, and avoided the need for 
integrating final results. DRMAT can decompose multivariate time series 
into trend, seasonality, and noise signals; reconstruct each branch signal 
and build a complete multivariate time series together; and most 
importantly, identify ecosystem dynamics and disturbances over time. 
Using both simulated data and real-world disturbances in forests and in 
broader land cover types, we demonstrated the potential of DRMAT in 
detecting breakpoints in multispectral time series. For simulation data, 
DRMAT detected prescribed breakpoints in both trend and seasonality 
signals with F1 scores higher than 85 %. For real-world data, DRMAT 
detected breakpoints caused by forest disturbances and following re
covery with F1 scores of 95.1 % and 77.1 %, respectively. It also 
detected disturbances in broader land cover types with an F1 score of 
84.0 %. The overall accuracy decreased if fewer bands were used as 
inputs. Our results indicated that DRMAT, as a multivariate model, 
outperforms the univariate approach significantly. We envision its 
eligibility in not only remote sensing data, but also in environmental, 
ecological, and socioeconomic time series data.
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