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INTRODUCTION 

As the front line in maintaining biodiver-
sity and ecosystems, conservation areas face se-
vere threats due to human activities and climate 
change. They are considering the importance of 
this conservation area, understanding, and com-
prehending the various forms of disturbance that 
can damage this conservation area. Disturbances 
are sudden events that can drastically change 
ecosystem characteristics [Begon et al., 1986]. 

Disturbances to changes in land cover need to be 
identified through the dynamics of land cover so 
that managers can get input in managing the area 
sustainably [Turner and Simard, 2017; Ansari 
and Golabi, 2019]. Mapping forest disturbance 
and spatial patterns is essential in sustainable 
forest management and in implementing climate 
policy initiatives, such as the Reducing Emis-
sions from Deforestation and Forest Degrada-
tion program [Coops et al., 2007; Hirschmugl et 
al., 2020]. This disturbance strongly influences 
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the sensitivity of land cover changes. Fires, 
climbing, pests and diseases, illegal logging, 
tornadoes, and encroachment can cause changes 
in land cover. These factors indicate the level of 
sensitivity to changes in land cover.

To visualize disturbances in land cover 
changes, remote sensing images are used such 
as Landsat [Kennedy et al., 2010; Quintero et 
al., 2019; Nguyen et al., 2018] and SAR imagery 
[Hirschmugl et al., 2020]. The development of 
remote sensing algorithms is progressing signifi-
cantly, including algorithmic approaches in map-
ping land cover, and detecting forest disturbance 
factors. Algorithmic approaches such as Breaks 
for Additive Seasonal and Trend (BFAST) [Ver-
besselt et al., 2010], Landsat-based detection of 
trends in disturbance and recovery (LandTrendr) 
[Kennedy et al., 2010, 2018; Cohen et al., 2018], 
and continuous change detection and classifica-
tion (CCDC) [Zhu and Woodcock, 2014] has 
been widely used and applied in various studies 
and areas. In this research, we use the LandTren-
dr algorithm because it can provide information 
about the timing and magnitude of disturbance 
and recovery in land cover changes in an area 
[Liu et al., 2022]. The use of the LandTrendr al-
gorithm has been widely used in various studies 
related to changes in forest areas [Banskota et al., 
2014; Ding and Li, 2023; Li et al., 2023], min-
ing areas [Liu et al., 2022; Xiao et al., 2020], and 
mangroves [Chen et al., 2022]. The LandTrendr 
algorithm is also used in research in conserva-
tion areas, which monitors changes in forest land 
cover in conservation areas and detects distur-
bances that cause changes [Komba et al., 2021; 
Zhang et al., 2023; Toker et al., 2021]. Monitor-
ing disturbance factors that cause changes in land 
cover and prioritizing an area at multiple levels 
is needed [Smith et al., 2019], especially in ar-
eas with intensive management. In Indonesia, 
monitoring disturbance and recovery factors has 
received little attention; for this reason, the aim 
of this research is to detect monitoring vegetation 
change and disturbance in the Gunung Merbabu 
National Park area.

One of the most essential disturbances in land 
cover change is fire. Fires occur in the Gunung 
Merbabu National Park area almost yearly, espe-
cially during the dry season [BTNGMb, 2019a]. 
Trends in land cover changes, primarily due to 
fire, are essential to know because of how big 
the response is to changes in burned land cover 
[Soulard et al., 2016]. Climbing activity increases 

from year to year [BTNGMb, 2019b] and can also 
cause changes in the landscape structure of the 
Gunung Merbabu National Park area, although 
not too extensive. The large number of climbers 
causes the need for land for walking/climbing, 
camping, or other activities to become greater 
so that plants become reduced. Restoration/reha-
bilitation activities are also carried out annually, 
both in the form of Gunung Merbabu National 
Park office activities and by the community in the 
form of mass planting. This activity is directed 
at restoring the function of the area in the reha-
bilitation zone, which covers an area of around 
1,298.98 ha [BTNGMb, 2018]. In forest ecosys-
tems, disturbance is inevitable, and maintaining 
spatial heterogeneity in cover types, different 
stages of succession, and different biogeochemi-
cal states can increase resilience and biodiversity 
[Liang et al., 2016; Kulakowski et al., 2019].

MATERIAL AND METHODS 

Study area

This study was conducted in the Gunung 
Merbabu National Park area, which has an area 
of around 5,820 ha. Gunung Merbabu National 
Park covers three districts in Central Java Prov-
ince, Indonesia, namely Semarang, Magelang and 
Boyolali Districts, which are geographically lo-
cated at coordinates 110o26’22”E and 7o27’13”S. 
Before its designation as a conservation area, 
Gunung Merbabu National Park served as a pro-
duction forest and protected forest area under the 
management of Perhutani. Since 2007, Gunung 
Merbabu National Park Office has managed the 
Gunung Merbabu National Park area [BTNGMb, 
2014]. This area is located in the middle of Java 
Island and directly borders 37 buffer villages. 
There are 135 types of flora identified in the Gu-
nung Merbabu National Park area with priority 
types, namely Castanopsis argantea, Anaphalis 
javanica, Paraserianthes lophantha, and Engel-
hardia serrata [Hardian et al., 2020]. Land cover 
in Gunung Merbabu National Park consists of 
forests covering an area of 3689,575 Ha in 2020 
[Ardiaristo et al., 2022]. In its management, Gu-
nung Merbabu National Park is managed based 
on zoning, which consists of 7 zones, namely core 
zone, wilderness zone, rehabilitation zone, utili-
zation zone, special zone, religious, cultural and 
historical zone, and traditional zone [BTNGMb, 
2020] (Fig. 1 ).
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Method 

This study uses various Landsat satellites, 
including Landsat 5 TM, Landsat 7 ETM+, and 
Landsat 8 and 9 OLI, from 1994 to 2023. Landsat 
image archive data can be accessed publicly using 
Google Earth Engine (GEE). The data acquisi-
tion, preprocessing, and Landtrendr processes are 
also carried out with GEE [Kennedy et al., 2018]. 
Images were only selected from July to October 
to reduce the influence of seasonal vegetation 
variations and cloud abundance. The images were 
extensively preprocessed, involving adjustment 
of surface reflectance using the LEDAPS tech-
nique for Landsat 5–7 and the LaSRC algorithm 
for Landsat 8–9. Sensor-to-sensor harmonization 
is implemented using equations to maintain uni-
formity across multiple sensors [Roy et al., 2016]. 
A medoid filtering technique selects the most rep-
resentative pixels for each year by selecting pixel 
values closest to the median across all bands. This 
choice is essential for creating precise time series 
observations at the pixel level. This study con-
centrates on the Normalized Burn Ratio (NBR), 
a ratio statistic responsive to forest disturbance, 
to identify changes in forest cover. NBR is calcu-
lated using a unique formula that utilizes the near-
infrared and shortwave bands, known for their ef-
ficacy in detecting forest disturbances. This study 
uses the LandTrendr algorithm, a multi-stage 

method specifically created to detect and mea-
sure vegetation changes, especially forest loss 
and increase. The approach consists of six main 
stages: removing spikes caused by noise, identi-
fying possible nodes through regression analysis, 
fitting trajectories, simplifying the model, select-
ing the optimal model based on the p-value of 
the F-statistic, and assessing the segmentation re-
sults. In this study, the selected parameters were 
determined. Namely, Max Segment was 6, spike 
Threshold was 0.9, Vertex Count Overshoot was 
3, prevent one-year recovery was True, recovery 
threshold was 0.25, pvalThreshold was 0.05, min 
observations needed was 6 [Wang et al., 2023]. 
The method is rigorous, and every step is essen-
tial for the results. This study concentrates on 
determining the most prominent changes in for-
est cover by using a magnitude filter to consider 
changes in NBR values that exceed 0.1. The in-
vestigation examined variations over a minimum 
area of 0.54 hectares, roughly equivalent to six 
pixels of a Landsat image. The comprehensive 
procedure yielded specific results regarding the 
length, extent, and timing of vegetation decline 
and recovery, as seen in the research visuals. A de-
crease in spectral values characterizes forest loss, 
while an increase in subsequent years character-
izes an increase. To validate the resulting loss and 
gain data, an accuracy assessment was conducted 
using 200 sample points selected in a stratified 

Figure 1. Map of study area
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random manner, with 100 sample points each for 
forest loss and 100 for forest gain. An accuracy 
assessment using confision matrix was carried out 
with R software [Umarhadi et al., 2023].

RESULT AND DISCUSSION

Accuracy assessment

The Landtrendr algorithm is a tool that can be 
used to monitor changes temporally [Tao et al., 
2023]. Reference data is needed to obtain valida-
tion results with high accuracy in addition to ap-
plying the suitable parameters and stages when 
validating samples. In addition to using Google 
Earth images and Landsat imagery, this research 
also uses information about events that can influ-
ence change, such as fires or logging [Komba et 
al., 2021]. For example, according to Figure 2a, a 
sample was collected from Google Earth in both 
2014 and 2021, showing the occurrence of loss 
in that area. Additionally, Timesync visualization 
is also used to see the development of a tempo-
ral observation plot [Cohen et al., 2010]. As can 
be seen in Figure 2b, changes in vegetation cover 
lost due to logging are visualized from Timesync. 
In 1996, logging was carried out at this location 
because the location was a patch of pine pro-
duction forest previously managed by Perhutani 
(BTNGMb 2014). Accuracy assessment of forest 
loss and gain from 1994 until 2022 obtained by 
the Landtrendr algorithm resulted in forest loss of 
80.42% and forest gain of 87.76%. These results 

show that the results of the Landtrendr algorithm 
in this study are strong.

Vegetation change

One of the Landtrendr algorithm results is 
a vegetation change map containing duration, 
magnitude, and year of change [Kennedy et al., 
2010]. In this study, changes in vegetation were 
chosen as loss and gain to describe the sensitivity 
of disturbances to vegetation, presented in Figure 
3. This figure shows that the total gain is greater 
than the total loss during 1994–2021. Specifically, 
there is a total gain of 2279.52 hectares and a total 
loss of 933.57 hectares. Based on Figure 3 and 
Table 1, the average total gain magnitude during 
the research period was 323, and the average to-
tal loss magnitude was 335. The average duration 
of gain and loss was one year, which illustrates 
the reasonably rapid changes in vegetation within 
one year [Umarhadi et al., 2023]. 

Table 1 shows that there were no loss and gain 
values from vegetation in some years. Specifi-
cally, there were no losses in 2004, 2010, 2013, 
and 2014, and no gains in 2004, 2006, 2015, and 
2018. There are several possibilities for this to 
happen. Another effect is a bad image due to the 
influence of clouds at the research location [Shen 
et al., 2022] or no significant changes within a 
certain period.

According to Figure 3 and Table 1 show 
that the largest area of vegetation loss occurred 
in 2018, with an area of 121.95 ha. If examined 
further, in 2018, there was a reasonably large 

Figure 2. Example of forest loss for sample points from (a) Timesync and (b) Google Earth image
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fire in the Gunung Merbabu National Park area 
of up to 457 ha [BTNGMb, 2019a]. Likewise, 
in 1997, there was a vegetation loss of 101.07 
ha, one of the areas of which was Perhutani plots 
where logging was carried out. This can be seen 
from this example, which can be seen in Figure 
4, where at the point of vegetation loss, value of 
NDVI spectral value, we can see fluctuations in 
the spectral value; where when vegetation loss 
occurs, the NDVI value suddenly drops, and the 
following year it rises.

The most significant vegetation gain in 1994 
was 1294.38 ha, which covered 56% of the total 

vegetation gain in 1994–2021. There needs to be 
more information about what happened in 1995 
because Perhutani still carried out management, 
but if we look at the location and Landsat images 
from 1995, it is possible because vegetation recov-
ered from a relatively large fire incident in 1994 
and recovered again in 1995. As shown in Figure 
5, the NBR spectral value in 1994 was -260; in 
1995, it increased to 329. A low or negative NBR 
value can indicate that the area has experienced a 
fire, with high reflectance in the short-wave infra-
red band. Due to carbon and other burning mate-
rials [Li et al., 2021]. 

Figure 3. The output map of the Landtrendr algorithm is a map of the duration, 
magnitude and year of changes in vegetation gain (a) and vegetation loss (b)
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Table 1. Average value of magnitude and area during 1995–2021

Year
Loss Gain

Average magnitude
(NBRx1000) Area (ha) Average magnitude 

(NBRx1000) Area (ha)

1995 293 109.98 328 1294.38

1996 396 90.72 442 21.51

1997 365 101.07 568 27.45

1998 302 12.69 338 159.57

1999 313 16.02 291 9.54

2000 337 13.77 209 7.38

2001 264 24.66 286 9.9

2002 383 33.03 237 5.76

2003 341 12.06 411 5.67

2004 0 0 0 0

2005 242 15.84 314 5.49

2006 343 104.4 0 0

2007 278 26.28 304 83.61

2008 385 12.87 272 15.03

2009 232 15.3 419 2.16

2010 0 0 298 19.35

2011 547 49.05 195 3.42

2012 177 11.88 516 40.77

2013 0 0 264 27.27

2014 0 0 336 2.25

2015 484 74.88 0 0

2016 298 24.84 441 110.16

2017 287 43.2 268 3.51

2018 213 121.95 0 0

2019 232 7.65 153 0.18

2020 275 10.17 236 369.27

2021 224 1.26 315 55.89

Figure 6 shows that the most significant chang-
es in vegetation, both loss, and gain, occurred in 
the core zone with quite large magnitudes. The 
area of vegetation loss during the 1994–2022 pe-
riod was 373.68 ha with an average magnitude of 
411, while the area of vegetation gain was 722.01 
Ha with an average magnitude of 437. Magnitude 
illustrates the significant changes and disturbance 
levels occurring in this core zone. The location of 
the core zone, most of which is at an altitude of 
more than 2400 meters above sea level and veg-
etation cover apart from savanna, also protects 
the habitat of the Rek-rekan (Presbytis commata 
Frederica). Fires caused disturbances in the core 
zone during the long dry season. Although veg-
etation recovery is taking place quite quickly, fire 
disturbances must be anticipated, whether caused 
by human or natural influences.

Using the Landtrendr algorithm to monitor 
vegetation changes in studies is very useful for 
knowing how disturbances to vegetation occur in 
specific periods. The study of conservation areas 
requires accurate data and information regarding 
vegetation cover within them and disturbances 
that influence vegetation changes. The appli-
cation of the Landtrendr algorithm can be seen 
because this algorithm analyzes the history of 
the spectral value of each pixel in the image for 
a certain period [Komba et al., 2021]. Using the 
Landtrendr algorithm can also be done quickly 
and does not require significant resources because 
the processing is done via Google Earth Engine 
or could computing [Kennedy et al., 2018; He et 
al., 2023]. However, there are also limitations in 
applying the Landtrendr algorithm in this study, 
namely information about disturbances that 
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Figure 4. Sampling plot of vegetation loss and LandTrendr fitted 
disturbance trajectories based on NBR and NDVI

Figure 5. Sampling plot of vegetation gain and LandTrendr fitted disturbance trajectories based on NBR

Figure 6. Graph of the area and the average magnitude of vegetation loss and gain

occurred in the past, mainly before area manage-
ment was carried out by the Gunung Merbabu 
National Park Office, which can cause some in-
formation about disturbances to be missed. In 
addition, using Landsat imagery with medium 

spatial resolution causes the detection of changes 
in vegetation to be missed [Fu et al., 2022]. Ap-
plication of imagery with higher resolution in the 
future, such as Sentinel 2 or lidar, was needed 
[Li et al., 2023]. If we look at the management 
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of the Gunung Merbabu area, where in 2007 the 
area was carried out by the Gunung Merbabu Na-
tional Park Office, the vegetation loss from 2007 
to 2021 was 399.33 Ha and the vegetation gain 
was 732.87 Ha. Management of conservation ar-
eas that focus on protecting flora and fauna habi-
tats and water catchment areas requires managers 
to maintain the existence of vegetation. Manage-
ment of the Gunung Merbabu area differs from 
when the area was managed by Perhutani, where 
logging was still permitted for thinning or plant 
replacement. The most significant vegetation 
gain in the 2007–2021 period in 2020 was 369.27 
Ha. This vegetation gain location is spread to the 
east of the Gunung Merbabu National Park area, 
which is a rehabilitation zone [BTNGMb, 2018] 
where ecosystem restoration activities were car-
ried out from 2015 to 2019 and has now been 
removed from the rehabilitation zone to become 
wilderness zone [BTNGMb, 2020]. Vegetation 
loss in 2018, when overlaid with the climbing 
route, shows vegetation loss adjacent to the Selo 
climbing route before Post 3 Watu Tulis. If we ex-
amine further, this location was the site of fires in 
2018 and 2019, and many Albizia lophanta died 
because fire and disease.

CONCLUSIONS

This study utilizes the Landtrendr algorithm 
to monitor vegetation changes and disturbances 
in Gunung Merbabu National Park located in 
Central Java Province, Indonesia. This algorithm 
leverages Google Earth images, Landsat imag-
ery, and event information such as fires or log-
ging to produce high-accuracy vegetation change 
maps. The research findings indicate that the 
Landtrendr algorithm effectively identifies veg-
etation changes, with vegetation gain exceeding 
loss from 1994–2021. However, there are several 
years with no loss or gain values, potentially due 
to poor image conditions or the absence of signifi-
cant changes. So, it underscores the importance of 
validating results with reference data and under-
standing factors influencing vegetation change.

Applying the Landtrendr algorithm in this 
study provides in-depth insights into the dynam-
ics of vegetation change in Gunung Merbabu 
National Park. The analysis reveals significant 
changes in the core zone of the area, primar-
ily due to fires and logging activities. Neverthe-
less, the management of the area by the Gunung 

Merbabu National Park since 2007 demonstrates 
successful efforts in minimizing vegetation loss 
and increasing vegetation gain. This research en-
hances our understanding of temporal vegetation 
changes. It offers pertinent insights for conserva-
tion area managers to undertake appropriate miti-
gation measures to sustain ecosystem integrity 
and flora and fauna habitats in Gunung Merbabu 
National Park.
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