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A B S T R A C T   

The vast peat deposits in the Peruvian Amazon are crucial to the global climate. Palm swamp, the most extensive 
regional peatland ecosystem faces different threats, including deforestation and degradation due to felling of the 
dominant palm Mauritia flexuosa for fruit harvesting. While these activities convert this natural C sink into a 
source, the distribution of degradation and deforestation in this ecosystem and related C emissions remain un
studied. We used remote sensing data from Landsat, ALOS-PALSAR, and NASA’s GEDI spaceborne LiDAR-derived 
products to map palm swamp degradation and deforestation within a 28 Mha area of the lowland Peruvian 
Amazon in 1990–2007 and 2007–2018. We combined this information with a regional peat map, C stock density 
data and peat emission factors to determine (1) peatland C stocks of peat-forming ecosystems (palm swamp, 
herbaceous swamp, pole forest), and (2) areas of palm swamp peatland degradation and deforestation and 
associated C emissions. In the 6.9 ± 0.1 Mha of predicted peat-forming ecosystems within the larger 28 Mha 
study area, 73% overlaid peat (5.1 ± 0.9 Mha) and stored 3.88 ± 0.12 Pg C. Degradation and deforestation in 
palm swamp peatlands totaled 535,423 ± 8,419 ha over 1990–2018, with a pronounced dominance for 
degradation (85%). The degradation rate increased 15% from 15,400 ha y− 1 (1990–2007) to 17,650 ha y− 1 

(2007–2018) and the deforestation rate more than doubled from 1,900 ha y− 1 to 4,200 ha y− 1. Over 1990–2018, 
emissions from degradation amounted to 26.3 ± 3.5 Tg C and emissions from deforestation were 12.9 ± 0.5 Tg 
C. The 2007–2018 emission rate from both biomass and peat loss of 1.9 Tg C yr− 1 is four times the average 
biomass loss rate due to gross deforestation in 2010–2019 reported for the hydromorphic Peruvian Amazon. The 
magnitude of emissions calls for the country to account for deforestation and degradation of peatlands in national 
reporting.   
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1. Introduction 

The lowland Peruvian Amazon has been revealed to contain vast 
carbon (C) deposits of peat (Lähteenoja et al., 2012; Draper et al., 2014; 
Hastie et al., 2022). Peat forms in (quasi-) permanently waterlogged 
environments where organic matter degrades slowly accumulating in 
large reservoirs of C over the timescale of millennia (Petrescu et al., 
2015; Flores Llampazo et al., 2022). However, if disturbed, peat soils 
lose C and can become large sources of CO2 (Limpens et al., 2008; 
Lähteenoja et al., 2009b; Wang et al., 2018), and N2O (Drösler et al., 
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2014; Swails et al., 2021) owing to the stimulation of soil organic matter 
decomposition, changes in the amount and nature of litter inputs and 
modifications in the environment (van Lent et al., 2019; Hergoualc’h 
et al., 2020). Disturbance of the vegetation also leads to biomass losses 
and associated CO2 emissions. 

Hastie et al. (2022) mapped 6.3 million ha (Mha) of peatlands within 
78 Mha of the lowland Peruvian Amazon in the departments of Loreto, 
Ucayali and Madre de Dios. These peatlands form on floodplains of 
major rivers and in geomorphological features that favor waterlogged 
conditions (Kalliola et al., 1991). In total, the region was estimated to 
store 5.4 PgC in peat soil which is nearly the entire above-ground carbon 
stock of Peru (Hastie et al., 2022). For context, the Peruvian peatlands 
are one of the largest deposits of peat in the tropics, however they are 
smaller than the peatlands of Southeast Asia, which contain an esti
mated 68.5 PgC, and the peatlands of the Congo basin, which contain an 
estimated 30.6 PgC (Cole et al., 2022). The highest concentration of 
peatlands occurs in the Pastaza-Marañón foreland basin (PMFB) in the 
Loreto department (Draper et al., 2014; Gumbricht et al., 2017). This 
basin has accumulated peat deposits up to 7.5 m thick (Lähteenoja et al., 
2012) and holds 76% of the estimated peat C stock in the lowland 
Peruvian Amazon (Hastie et al., 2022). 

Palm swamp is the most extensive peat-forming ecosystem covering 
an estimated 4.6 Mha across the lowland Peruvian Amazon (Hastie et al., 
2022). Palm swamps are an important source of livelihood for many 
people throughout the region by providing income from fruit sales, and 
also deliver critical ecosystem services, such as food, water flux regu
lation, and hunting grounds (Gilmore et al., 2013; Virapongse et al., 
2017; Schultz et al., 2019). The palm M. flexuosa is considered a 
“hyperkeystone” species (van der Hoek et al., 2019) and contributes to 
peat formation by producing vegetation litter both above and below
ground (Dezzeo et al., 2021). M. flexuosa is dioecious, meaning that 
individual palms are either males (pollen producers) or females (fruit 
producers) (Holm et al., 2008). Among numerous anthropogenic threats, 
palm swamps have been degraded by the destructive method of har
vesting M. flexuosa fruit by felling female individuals (Penn, 2008; Horn 
et al., 2018). Horn et al. (2018) estimated that between 2012 and 2013 
approximately 114,000 palms were felled. As a result, M. flexuosa 
abundance and density decrease in increasingly degraded sites (Horn 
et al., 2012; Hidalgo Pizango et al., 2022) and become more 
male-dominated which reduces the capacity of the species to reproduce 
(Virapongse et al., 2017; Falen Horna and Honorio Coronado, 2018). 
Consequences include a reduction in biomass and necromass C stocks 
and in litter C inputs which build up the peat over time (Hergoualc’h 
et al., 2017; Bhomia et al., 2019; Dezzeo et al., 2021; Hergoualc’h et al., 
2023). Depending on the intensity of degradation the natural C sink 
capacity of the soil can be reduced, or the soil can turn into a C source 
(van Lent et al., 2019; Hergoualc’h et al., 2020). CO2 emissions from 
degraded peatlands have been documented in Indonesia, following 
conversion to oil palm and pulpwood production (Murdiyarso et al., 
2019). 

Despite the environmental, social, and economic importance of palm 
swamps to rural communities, little is known about the magnitude and 
spatial distribution of degradation and deforestation occurring in this 
ecosystem. To date, studies have focused on mapping ecosystem types 
for the Peruvian Amazon (MINAM, 2015), peat-forming ecosystems at 
the regional scale within the departments of Loreto (Draper et al., 2014; 
Honorio Coronado et al., 2021), Ucayali (Revilla-Chavez et al., 2019) 
and Madre de Dios (Householder et al., 2012), and ecosystems and peat 
thickness throughout the entire lowland Peruvian Amazon (Hastie et al., 
2022). A map of M. flexuosa stands under different levels of degradation 
is also available, at the local scale and for a single date (Hergoualc’h 
et al., 2017). Based on national data, Bourgeau-Chavez et al. (2021) and 
Hastie et al. (2022) found low deforestation rates within peatlands, due 
mainly to conversion to agriculture and pasture, however mining, oil 
drilling activities and new road construction were also identified as 
potential drivers of deforestation and degradation in the region 

(Householder et al., 2012; Roucoux et al., 2017; Lawson et al., 2022). 
Hastie et al. (2022) detected increasing deforested areas on peatlands 
from 2000 to 2016 which generated peat emissions of 4.4 TgC or about 
3% of biomass emissions from gross deforestation in the lowland Peru
vian Amazon. Yet, the magnitude of palm swamp peatland loss due to 
both degradation and deforestation and the associated carbon emissions 
remain unassessed. 

Given the existing threats on palm swamps and current limited 
knowledge of their conservation status, this paper aimed to characterize 
the degradation and deforestation of palm swamp peatlands in the 
lowland Peruvian Amazon and to estimate associated carbon emissions. 
Our three main goals were (1) to map peat-forming ecosystems (her
baceous swamp, Mauritia flexuosa palm swamps, pole forest) and 
quantify their C stock where they overlay peat, (2) to map palm swamp 
peatland degradation and deforestation over the periods 1990–2007 and 
2007–2018 and (3) to quantify resulting CO2–C emissions from both 
vegetation and soil losses. 

2. Methods 

2.1. Study area and workflow 

The study was conducted in peatland-dominated areas in the low
land Peruvian Amazon within the basins of the Ucayali, Marañón, Napo, 
and Amazon Rivers in the Loreto and Ucayali regions (Fig. 1). The study 
area covers 28 Mha, including 6.2 Mha (out of 6.3 Mha) of the peatlands 
(Hastie et al., 2022) and encompasses the full region of M. flexuosa fruit 
extraction (Horn et al., 2018). Local climate is described in SI Methods 1. 
Three major peat-forming wetland types were identified by Draper et al. 
(2014) in the PMFB: palm swamp, open peatland (here referred to as 
herbaceous swamp), and pole forest. Palm swamps form in low-lying 
areas over mostly minerotrophic peat and are dense in Mauritia flex
uosa (Lähteenoja et al., 2009a; Bhomia et al., 2019), a palm species that 
typically dominates the canopy reaching heights of 35–40 m (Draper 
et al., 2014). Pole forests grow on ombrotrophic domes, and usually sit 
atop large deposits of peat (ibid.). Ombrotrophic environments cause 
trees to grow relatively short, thin stemmed, and in dense patches, with 
M. flexuosa occurring at low densities (Draper et al., 2018; Honorio 
Coronado et al., 2021). Herbaceous swamps are characterized by sedges 
and grasses, with scattered trees and M. flexuosa palms (Lähteenoja and 
Page, 2011). Palaeoecological studies suggest that herbaceous swamp is 
an early successional state of a palm swamp, and pole forest represents a 
late successional state (Roucoux et al., 2013; Kelly et al., 2017, 2020; 
Swindles et al., 2017). Although these ecosystems have the capacity to 
accumulate peat, they can also occur over mineral soils, especially in the 
case of palm swamps (Freitas Alvarado et al., 2006; Honorio Coronado 
et al., 2021). Similar vegetation physiognomy to pole forests occur on 
mineral white sand soils (Fine et al., 2010) and can be confused with the 
forest structure of pole forest but this ecosystem type is more related to 
terra firme formations (Draper et al., 2018; Palacios et al., 2016). 
Finally, seasonally flooded forest is dominated by trees and scarce palms 
and can occasionally be underlain by peat, however peat has only been 
predicted in 2% of this extensive wetland ecosystem type in lowland 
Peruvian Amazonia (Hastie et al., 2022). 

The research entailed several steps which are presented in Fig. 2. 
Briefly, we produced ecosystem maps for the region in the years 1990, 
2007 and 2018, using remote sensing data. We further filtered the 
classifications with the Hastie et al. (2022) peat map, and computed 
total C stocks of peat-forming ecosystems (herbaceous swamp, palm 
swamp, pole forest) in 2018. Then we analyzed changes over time in 
palm swamp peatlands over the periods 1990–2007 and 2007–2018 and 
estimated C emissions resulting from degradation and deforestation. 

2.2. Remote sensing image sources and pre-processing 

A stack of different remote sensing layers was created for each of 3 
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landcover classifications for the years 2018, 2007, and 1990. The 2018 
and 2007 mosaics were constructed using Analysis Ready Data (ARD) 
from the Global Land Analysis and Discovery (GLAD) laboratory. ARD is 
a global Landsat based dataset containing cloud-free, error corrected, 
and radiometrically normalized remotely sensed data which do not 
require preprocessing and are delivered in a full mosaic (Potapov et al., 
2020). Given the absence of ARD data from before 1997, we constructed 

the 1990 mosaic using single-date Landsat images. To classify the 1990 
image, we applied an algorithm that was calibrated using the same 
training data applied to the ARD mosaics on a manually-produced 
mosaic for 2018 from single-date images. Single-date Landsat 1990 
and 2018 images (at the collection 1, level 2 processing, representing 
ground reflectance) were acquired from the United States Geologic 
Survey’s (USGS) website (earthexplorer.gov) for constructing the 

Fig. 1. Study area showing peatlands (brown) according to Hastie et al. (2022). Six geographical areas were delineated for results description. (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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manually-produced mosaics. Landsat bands used in the classifications 
included the red, green, NIR, SWIR1 and SWIR2, and three spectral 
indices derived from them (NDVI, NDWI, and MSAVI). Other bands 
include 2 from ALOS-PALSAR (HH and HV polarizations). In addition, a 
layer of forest canopy height (derived from GEDI LiDAR data) was used 
in the 2018 classification to help distinguish between forest ecosystems 
of different vegetation structure (SI Methods 2). 

Then, training data was collected over multiple high-resolution im
ages across the study area, which were used to draw 1,444 polygons 
including the following peat-forming classes: palm swamp, herbaceous 
swamp, and pole forest; and for the following non-peat-forming classes: 
seasonally flooded forest, terra firme forest, pasture, lake, river, sand 
bank, secondary forest, and urban areas (Table SI 4). The lake and river 
classes were merged to form a water class; otherwise, the aforemen
tioned classes form the classification output. The palm swamp class was 
disaggregated by density of M. flexuosa palms. Low density was defined 
as a swamp with a canopy consisting of less than one-third of M. flexuosa 
where crowns never overlapped (Figure SI 2A). Medium density was 
defined as a canopy consisting of approximately one to two-thirds of 
M. flexuosa with canopy breaks including other vegetation, both her
baceous vegetation and trees (Figure SI 2B). High density was defined as 
a swamp with an unbroken canopy dominated almost entirely by 
M. flexuosa individuals (Figure SI 2C). SI Methods 2–5 present more 
detail on the classification process and the input spatial products used 

for classification are reported in Table SI 3. 

2.3. Classification, accuracy assessment, area, and area uncertainty 
estimation 

A supervised random forest classification was performed for each 
year and was trained with 70% of the training polygons. Classification 
accuracy for the years 2018 and 2007 was assessed from the comparison 
of classes to the 30% of the training polygons unused for classification 
(Olofsson et al., 2014). The 1990 classification was produced by training 
a random forest model on the 2018 manually-produced mosaic 
(composed of single date Landsat scenes), and then using the produced 
random forest to predict land cover classes for the 1990 mosaic. We 
estimated the accuracy of the 1990 map by validating the 2018 
manually-produced mosaic with the same validation polygons used for 
the 2018 accuracy assessment. This was done because high resolution 
imagery was not available in 1990, and so validation data could not be 
acquired for this year. The 2018 manually-produced mosaic and the 
1990 mosaic contained the same spectral bands and were normalized to 
a common standard, allowing for the accuracy assessment of the 2018 
manually-produced mosaic’s classification to represent the accuracy of 
the 1990 classification. All classifications had a resolution of 30m. 

The accuracy assessment was performed by converting the error 
matrix into values based on the proportion of area mapped for each class 

Fig. 2. Workflow leading to the assessment of peatland area and C stock in 2018, and of degraded and deforested areas and associated C emissions between 1990 and 
2018 in the Peruvian Amazon. 
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(Olofsson et al., 2014; Stehman and Foody, 2019). We assessed both 
producer’s and user’s accuracy. Producer’s accuracy refers to the ac
curacy from the perspective of the map maker. It assesses how well a 
land cover observed on the ground is also represented in the map. User’s 
accuracy refers to the perspective of a map user on the ground. It as
sesses how likely a land cover represented in the map is also observed in 
the field. 

For all three classifications (1990, 2007, and 2018), the area of the 
classes and their uncertainty was estimated based on the error matrix 
(Olofsson et al., 2014). The area was computed as: 

Âk= A×p̂k (1)  

Where Âk is the estimated area of class k, A is the total map area, and p̂ k 
is the estimator of the proportion of area of class k computed based on 
the error matrix (detailed equation provided by Olofsson et al. (2014). 

The standard error was computed as: 

SE Âk = A × S(p̂k)() (2)  

Where SE Âk is the standard error of the estimated area for class k, A is 
the total map area, and S(p̂ k) is the standard error of the p̂ k estimator 
computed based on the error matrix (detailed equation provided by 
Olofsson et al. (2014)). All error matrices are presented in Table SI 8. 

Areas and area uncertainties of each class were estimated by multi
plying the area proportions of each class, based on the error matrix, by 
the total mapped area (Olofsson et al., 2014). 

2.4. Deforestation and degradation in palm swamp peatlands and 
peatland area 

We evaluated degradation and deforestation based on transitions 
occurring in palm swamp peatlands (i.e., with classifications filtered 
with the Hastie et al. (2022) peat map as peat-forming ecosystems oc
casionally occur over mineral soil (López Gonzales et al., 2020)). The 
Hastie et al. (2022) peat map was resampled from its native resolution of 
100m to30m before filtering. These transitions were those involving a 
decrease in palm density as well as conversion of palm swamp into 
herbaceous swamp. A decrease over time in M. flexuosa density was 
assumed to result from degradation and included the transitions from 
high density to medium density or from high and medium density to low 
density. A transition from palm swamp of any density to herbaceous 
swamp was assumed to result from deforestation rather than from a 
natural process which would take place on timescales much longer than 
one or two decades. 

Accuracy was calculated for all degradation and deforestation tran
sitions (Glinskis and Gutierrez-Velez, 2019) regardless of the presence of 
peat (i.e. before filtering land cover classifications with the Hastie et al. 
(2022) map. The accuracy of a pixel transitioning from one class to 
another was equal to the product of the accuracies of the classes assigned 
to it before and after transition, for both producer’s and user’s 
accuracies. 

We assessed the area of peatlands based on the 2018 classification 
filtered with the Hastie et al. (2022) peat map using the assumption that 
only peat-forming ecosystems (palm swamp, herbaceous swamp, and 
pole forest) occur over peat. This approach differs slightly from the one 
undertaken by Hastie et al. (2022) who put no constraint on ecosystem 
type over peat. 

The area of a peat-forming class over peat was computed as: 

Âk peat=
(
Ak peat

/
Ak

)
× Âk (3)  

Where Âk peat is the estimated area of class k over peat, Âk is the esti
mated area of class k (Eq. (1)), Ak peat and Ak are, respectively, the 
mapped area of class k after and before filtering with the Hastie et al. 
(2022) peat map based on a pixel count. 

The standard error per class was computed as: 

SEÂk peat=
(
Ak peat

/
Ak

)
×SEÂk (4)  

Where SE Âk peat is the standard error of the estimated area of class k over 
peat, and SE Âk is the standard error of the estimated area for class k (Eq. 
(2)). 

Transition areas over peat were estimated by applying a modified 
version of the area estimation by Olofsson et al. (2014) as: 

Ât=UAt ∗ At (5)  

Where Ât is the estimated area of the transition over peat, UAt is the 
user’s accuracy of the transition, and At is the area of the transition over 
peat. 

Standard error for each transition occurring over peat was calculated 
as: 

SEÂk,Âl peat=At ∗
( (

SEÂk peat
/

Âk peat+
(
SEÂl peat

/
Âlpeat

)
(6)  

Where SE Âk, Âl peat is the standard error for the transition from class k to 
class l over peat, At is the area of the transition, SE Âk peat is the standard 
error of class k over peat (Eq. (4)), Âk peat is the estimated area of class k 
over peat (Eq. (3)), SE Âl peat is the standard error of class l over peat, and 
Âl peat is the estimated area of class l over peat. 

Rates of degradation and deforestation are presented at the scale of 
the entire study area as well as per geographical areas to inspect local 
variations. We delineated 6 areas within the landscape; from northeast 
to southwest: Napo Amazon Putumayo, Pastaza – Marañón, Marañón – 
southwest, Pacaya Samiria, Ucayali – southeast, and Ucayali (Fig. 1). 
These contiguous, non-overlapping areas present significant socio- 
ecological differences among them. For example, palm destructive 
harvest is prohibited in the Pacaya Samiria National Reserve while 
destructive harvest and oil infrastructure are common in the adjacent 
Pastaza-Marañon area (Roucoux et al., 2017). Degradation and defor
estation extent per geographical area were computed based on the 
assumption of a homogeneous accuracy of classes and transitions across 
the landscape as: 

Ât geographical area =At geographical area ∗ (Ât / At) (7)  

Where Ât geographical area is the estimated extent of a transition over peat 
within a geographical area, At geographical area is the area of the transition 
over peat within a geographical area, Ât is the estimated area over peat 
of the transition for the entire study area, and At is the area of transition 
over peat for the entire study area. 

2.5. Carbon stock and carbon emissions from degradation and 
deforestation 

Carbon stocks in peatlands were estimated from the areas of peat- 
forming classes and class-specific C stocks. Default C stocks for the 
above-ground (AGB) and below-ground biomass (BGB) and the soil were 
taken directly from published findings in the literature, or were derived 
from these sources (SI Table 7). For example, AGB in a high-density palm 
swamp is assumed to have the storage of an undegraded swamp of 75.6 
± 4.3 Mg C ha− 1, as reported in Honorio Coronado et al. (2021), and a 
medium-density palm swamp is assumed to have 89% the storage of a 
high-density palm swamp, according to Hergoualc’h et al. (2017). 

Carbon emissions from degradation and deforestation were derived 
from areas of palm swamp peatland transitions and transition-specific C 
stock changes. Stock changes included the AGB and soil pools only since 
changes in BGB are indirectly accounted for in peat emission factors 
(Drösler et al., 2014; Hergoualc’h & Verchot, 2011). AGB losses were 
computed as the difference of C stock post- and pre-conversion from 
Table SI 6. Soil CO2–C losses were calculated from the peat emission or 
uptake rate multiplied with the time of the transition (1990–2007, 
2007–2018). The peat flux rate for each transition was the average of the 
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emission factor before and after conversion. Whenever the class before 
conversion was an active C sink, the loss from removing the sink was 
also accounted for. Peat CO2–C emission factors per class and transition 
are provided in Table SI 7. 

In all C stocks and C emissions calculations, the Gaussian error 
propagation (GEP) method was used for propagating uncertainties (see 
SI Methods 6 for details). This method is adequate for step-by-step cal
culations that are intended to compute ecological quantities that can be 
expressed as an analytical equation using addition, subtraction, multi
plication and division, such as C emissions (Lo, 2005). Uncertainties 
were propagated by quadrature of absolute errors for addition and 
subtraction, and quadrature of relative error for multiplication and di
vision (Malhi et al., 2009). 

3. Results 

3.1. Land cover mapping and peatland C stock 

3.1.1. Area of peat-forming classes over peat and distribution of peatland 
classes in 2018 

Peat-forming vegetation covered 6.9 Mha (Table 1). Palm swamp 
was the most extensive class with a total of 5.5 Mha, followed by pole 
forest and herbaceous swamp. Peat-forming classes over peat extended 
across 5.1 Mha with a predominance of palm swamp (4.2 Mha, 83%) 
over herbaceous swamp and pole forest (7% and 10%, respectively). On 
average, 73% of peat-forming ecosystem classes overlapped peat, with 
the lowest percent share for herbaceous swamps (59%). The study area 
encompassed an important extent of peatlands which did not classify as 
peat-forming vegetation, notably seasonally flooded forest (776,350 ±
8,550 ha) and terra firme forest (214,660 ± 2,370 ha) (Figure SI 5). 

Peatlands were predominant in the north with 81% of their extent 
located in the Pastaza-Marañón, Napo Amazon Putumayo, and Pacaya 
Samiria areas. The Ucayali-southeast and Ucayali areas only accounted 
for 10% of peatlands (Fig. 3b, Table 2). 

High density palm swamps were most prominent throughout the 
Pastaza-Marañón area, and along the Marañón and Huallaga Rivers. 
Medium and Low density palm swamps were most prominent in the 
Pastaza-Marañón area, Pacaya-Samiria reserve and Ucayali-southeast 
(Fig. 3a). 

Herbaceous swamps were most common within the Pastaza- 
Marañón area, between the arc of low-density palm swamps and the 
Marañón River, along the Pastaza River, near the Ucayali River within 
Pacaya Samiria, and within the Ucayali-southeast area. The largest 
growth of pole forests was located within the Pastaza-Marañón area by 
the Tigre River while other patches were present in some meanders of 
the Amazon River south of Iquitos, and within meanders of the Napo 
River (Fig. 3). 

3.1.2. Classification accuracy assessment of land cover maps 
The land cover map in 2018 is presented in Fig. 3a while maps for the 

years 1990 and 2007 are available in Figure SI 5. The overall accuracy 
for the entire study area was 87%, 84% and 93% for the years 1990, 
2007 and 2018, respectively. Some confusion occurred between palm 
swamps of different density (Fig. 4a) owing to similar spectral charac
teristics of these classes. User’s accuracy for pole forest was above 75% 
and herbaceous swamp had the highest accuracy of peat-forming classes 
(99% user’s accuracy, and 96% producer’s accuracy). The accuracy of 
peat-forming and non-peat forming classes were both high (Fig. 4b). All 
error matrices are presented in SI Table 9. 

3.1.3. Peatland C stock in 2018 
Peatland C stock amounted to 3.88 ± 0.12 Pg, with palm swamps 

accounting for the largest portion (79%), followed by pole forest (15%) 
and herbaceous swamp (6%) (Table 3). The C stock in the peat was one 
order of magnitude higher as compared to stock in the biomass. 

3.2. Palm swamp peatland degradation and deforestation 

3.2.1. Accuracy of transitions 
The overall accuracy of the 1990–2007 transition and the 

2007–2018 transition was 73%, and 78%, respectively (Fig. 5). 

3.2.2. Degradation and deforestation in palm swamp peatlands: 
Distribution, areas and rates 

Degradation was considerably more important than deforestation 
with an area approximately 6 times that of deforestation (Table 4). Of 
the 4.2 Mha of palm swamp peatland, 11% and 2% were degraded and 
deforested, respectively by 2018. While the rate of degradation 
increased by 14% in 2007–2018 compared to 1990–2007, the rate of 
deforestation raised considerably by 117% (Table 5). 

Degradation and deforestation were prominent within the Pastaza- 
Marañón accounting for 58 and 69% of the total over 1990–2018 
(Table 4). Important extents of degradation also occurred in the Napo 
Amazon Putumayo and Pacaya Samiria areas (Table 4, Fig. 6). Degra
dation was the lowest in Ucayali. Relative to palm swamp peatland 
coverage, the Napo Amazon Putumayo was the area with greatest con
centration of degraded palm swamps (13%) while the Marañón - 
southwest was the area with lowest degradation (5%). Significant 
deforestation took place in the Ucayali-southeast area (Table 4) and 
deforestation was the lowest in the Pacaya Samiria reserve. Propor
tionally to palm swamp peatland extent, Pacaya Samiria had the lowest 
proportion of deforested palm swamp (0.48%) while Ucayali was the 
area with the highest proportion (6%). 

Changes in degradation and deforestation rates over time varied 
geographically (Table 5). While Pacaya Samiria and Napo Amazon 
Putumayo areas experienced reduced degradation rates between 1990- 
2007 and 2007–2018, elsewhere the degradation rate increased, with 
the largest increase in Ucayali-southeast. The deforestation rate 
increased everywhere except for Ucayali and soared in the Marañón- 
southwest area. 

The spatial distribution of degradation and deforestation also 
changed over time. For instance, within the Pastaza-Marañón degrada
tion shifted from northwest to southeast between 1990-2007 and 
2007–2018 (Fig. 6). In the Napo Amazon Putumayo area, degradation 
along major rivers in 1990–2007 reduced substantially in the most 
recent period. The expansion of deforestation within the Pastaza- 
Marañón area mostly occurred along the Marañón River (Figures SI 6-7). 
In the Ucayali-Southeast, degradation and deforestation were clustered 
in the north in 1990–2007 and were more dispersed in 2007–2018. 

3.2.3. C emissions from degradation and deforestation in palm swamp 
peatlands 

Carbon emissions from biomass and peat over 1990–2018 totaled 
39.3 ± 3.5 Tg C (Table 6) and were dominated by emissions from 

Table 1 
Total area and area over peat ± SE of peat-forming classes in 2018. The presence 
of peat was identified using the map by Hastie et al. (2022). HS classified as PS in 
the years 1990 and 2007 were included in the HS class. PS: Palm swamp, HS: 
Herbaceous swamp, PF: Pole forest.  

Class Area (ha) Share over 
peat (%) 

Area over peat 
(ha) 

PS high density 1,597,579 ±
66,382 

75 1,198,184 ±
49,787 

PS medium density 1,808,226 ±
80,390 

85 1,536,992 ±
68,332 

PS low density 2,077,066 ±
54,076 

70 1,453,946 ±
37,853 

HS and HS formerly 
classified as PS 

627,307 ± 3,909 59 370,111 ±
12,563 

PF 793,677 ±
20,931 

63 500,017 ±
12,534 

All 6,903,855 ±
119,360 

73 5,059,250 ±
94,317  
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degradation (67%). The rate of emissions from degradation increased by 
35% in the 2007–2018 period (1.12 ± 0.21 Tg C y− 1) as compared to the 
1990–2007 period (0.83 ± 0.15 Tg y− 1). The emission rate from 
deforestation increased by 161% from 1990 to 2007 (0.28 ± 0.00 Tg C 
y− 1) to 2007–2018 (0.74 ± 0.01 Tg C y− 1). Emissions from degradation 
and deforestation stemmed largely from the peat (88% and 60%, 
respectively). 

4. Discussion 

4.1. Peat-forming ecosystems and C stocks 

The extent of peat-forming ecosystems mapped in our study is far 

larger than the estimates by Draper et al. (2014), and Bourgeau-Chavez 
et al. (2021), who focused their research on the Pastaza-Marañón basin, 
and similar to, but still larger than, the appraisal by Hastie et al. (2022) 
for the whole lowland Peruvian Amazon (6.1 ± 0.3 Mha) (Table SI 9). 
The large dominance of palm swamps over other peat-forming ecosys
tems (79%) concurs with findings by Draper et al. (2014), Honorio 
Coronado et al. (2021) and Hastie et al. (2022). However, our results 
provided further insights about palm swamps stratified in three levels of 
palm density, low (2.1 Mha), medium (1.8 Mha) and high (1.6 Mha) 
(Table 1) which offered us the possibility to refine biomass C stock es
timates in this ecosystem. 

We found a lower extent of peatlands than Hastie et al. (2022) (5.1 ±
0.1 vs. 6.2 ± 0.2 Mha, Table SI 9) which is driven by the spatial 

Fig. 3. 2018 land cover map (a) and map of peatlands (b). PS: Palm swamp, HS: Herbaceous swamp, PF: Pole forest. HS classified as PS in former years were included 
in the HS class. Pixel resolution of maps a and b are 30m. 

Table 2 
Total area ±SE (ha) of peatlands per geographical area. PS: Palm swamp, HS: Herbaceous swamp, PF: Pole forest.   

Napo Amazon Putumayo Pastaza - Marañón Pacaya Samiria Marañón - southwest Ucayali - southeast Ucayali 

PS high density 156,947 
±6,521 

590,930 
±24,554 

42,652 
±1,772 

303,987 
±12,631 

92,983 
±3,864 

12,910 
±536 

PS medium density 69,916 
±3,108 

944,549 
±41,993 

28,0076 
±12,452 

106,263 
±4,724 

12,2219 
±5,434 

7,718 
±343 

PS low density 315,208 
±8,206 

751,592 
±19,568 

275,315 
±7,168 

12,950 
±337 

76,115 
±1,982 

28,121 
±732 

HS 20,895 
±130 

166,565 
±1,038 

47,159 
±294 

8,001 
±50 

90,702 
±565 

38,012 
±237 

PF 111,349 
±2,937 

283,832 
±7,485 

49,951 
±1,317 

158 
±4 

57,461 
±1,515 

0.6 
±0.01 

All 674,315 
±11,321 

2,737,467 
±52,974 

695,154 
±14,539 

431,359 
±13,490 

439,481 
±7,141 

86,762 
±999  

M.S. Marcus et al.                                                                                                                                                                                                                              



Journal of Environmental Management 351 (2024) 119665

8

distribution of peat-forming ecosystems in the map and assumptions 
related to peat-forming ecosystems rather than by the smaller area of our 
study. In contrast to findings by Hastie et al. (2022), our analysis indi
cated that not all the area of peat-forming ecosystems overlaid peat but 
only on average 73% did so. This spatial land cover discrepancy resulted 
in an extent of peat-forming classes over peat 16% lower than the esti
mate by Hastie et al. (2022). Furthermore, seasonally flooded forest 
where peat is rare or absent (Honorio Coronado et al., 2021) was not 
part of the peat-forming ecosystems we considered while Hastie et al. 
(2022) found 195,100 ha of seasonally flooded forest over peat. These 
two points highlight that extensive field work is still needed to improve 
our knowledge on the occurrence of peat in peat-forming ecosystems 
and in seasonally flooded forests. 

In agreement with previous studies, our results demonstrated the 
prominent role played by palm swamps in storing C in the region, ac
counting for 79% of the total C stock (Table 3). The peatland C stock in 
the above-ground biomass and the soil is 72% of the finding by Hastie 
et al. (2022) (Table SI 10) due to a smaller peatland area but also to a 
more conservative C density in the biomass of herbaceous swamps (0 
here vs. 41 Mg C ha− 1). Importantly, the soil average C densities derived 
from spatially-explicit C stocks by Hastie et al. (2022) were 23% and 
41% higher than the default values we used for palm swamp and her
baceous swamp, respectively, which are based on field data (Honorio 
Coronado et al., 2021). 

4.2. Palm swamp peatland degradation and deforestation and associated 
C emissions 

We found a large predominance of degradation over deforestation in 
palm swamp peatlands. A tendency towards greater degradation than 
deforestation has also been observed in the Brazilian Amazon (Matri
cardi et al., 2020), within the whole Amazon basin (Bullock et al., 
2020a), and in South American forests (Vancutsem et al., 2021) but not 
as marked for palm swamps. The 14% increase in the rate of degradation 
between 2007-2018 and 1990–2007 (Table 5) is in accordance with the 
rising demand of M. flexuosa fruits in the market of Iquitos in the last 
three decades (Horn et al., 2012, 2018; Endress et al., 2013). Horn et al. 
(2018) estimated that the annual demand for the fruit in Iquitos in 
2012–2013 was 8,206 mT which represents a 49% increase compared to 
the assessment for 1983–1984 made by Padoch (1988). While efforts 
have been made to encourage the climbing of palms for collecting their 
fruits, cutting remains the most common harvesting technique (Romulo 
et al., 2022). 

Degradation was most prominent in the Napo-Amazon-Putumayo, 

Fig. 4. Accuracy assessments of the classifications for the years 1990, 2007, and 2018 (a), and of all peat-forming and all non-peat forming classes in 2018 (b). PS: 
Palm swamp, HS: Herbaceous swamp, PF: Pole forest. 

Table 3 
C stock ± SE (Pg) in the above-ground biomass (AGB), below-ground biomass 
(BGB), the soil and in total per peat-forming class in 2018. PS: Palm swamp, HS: 
Herbaceous swamp, PF: Pole forest.  

Class AGB BGB Peat Total 

PS high density 0.09 ±
0.006 

0.03 ±
0.003 

0.78 ±
0.059 

0.89 ±
0.06 

PS medium density 0.1 ±
0.007 

0.03 ±
0.004 

1.00 ±
0.077 

1.13 ±
0.08 

PS low density 0.09 ±
0.006 

0.03 ±
0.003 

0.94 ±
0.064 

1.06 ±
0.06 

HS 0 ± n.a. 0.00 ± n.a. 0.22 ±
0.023 

0.22 ±
0.02 

HS formerly classified 
as PS 

0 ± n.a. 0.00 ± n.a. 0.02 ±
0.008 

0.02 ±
0.001 

PF 0.04 ±
0.003 

0.01 ±
0.001 

0.52 ±
0.026 

0.57 ±
0.03 

All 0.32 ±
0.01 

0.10 ±
0.006 

3.46 ±
0.12 

3.88 ± 
0.12  

Fig. 5. Accuracy of palm swamps transitions for the 1990–2007 period (top) 
and 2007–2018 period (bottom). PS: Palm swamp, HS: Herbaceous swamp. 
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Pastaza-Marañón, and Pacaya-Samiria areas during the full study 
period, with the Pastaza-Marañón accounting for most of the recent 
period’s degradation (Table 4). The region along the Marañón River is 
known to be the largest source of M. flexuosa fruit for the Iquitos market, 
accounting for more than 50% of the supply in 2012–2013 (Horn et al., 
2018). The estimated degradation in the Pacaya-Samiria National 
Reserve concurs with the studies by Hergoualc’h et al. (2017), Bhomia 
et al. (2019) and Hidalgo Pizango et al. (2022) who found evidence of 
degradation in palm swamps with degradation levels varying from 
moderate to high. Destructive harvest is known to have occurred in the 
Pacaya-Samiria in the past, likely generating degradation, but this 
practice significantly declined in the reserve following efforts to pro
mote sustainable harvest methods beginning in 2002 (Hidalgo Pizango 
et al., 2022). Relative to its palm swamp peatland extent, the Mar
añón-southwest was the least degraded area potentially due to its lack of 
connection to the Iquitos market (Horn et al., 2018). However, those 
swamps are relatively close to the town of Yurimaguas, which may be a 
market destination for the fruit as well, likely explaining the recent in
crease in the degradation rate. Future studies on the M. flexuosa trade 
should consider the magnitude of the fruit bound for Yurimaguas, and 
any other destination, in addition to Iquitos. 

The Pastaza-Marañón, Ucayali-southeast and Marañón-southwest 
areas experienced the most significant increases in degradation rates, 
which is consistent with the results of Horn et al. (2018). According to 
these authors, Ucayali is an area that contributed significantly to the 
Iquitos M. flexuosa fruit market in 2012–2013. In addition, the levels of 
degradation described by Hidalgo Pizango et al. (2022) based on field 
data on the current proportion of M. flexuosa females to males in stands 
is consistent with our findings. Decreased degradation in the 
Pacaya-Samiria National Reserve over time may be associated with a 
shift to climbing palms, which, rather than cutting them down, has been 
promoted as a sustainable way to harvest M. flexuosa fruit since 2002 
within the reserve (Baker et al., 2020; Hidalgo Pizango et al., 2022). In 
some of the highly degraded areas, the spatial pattern of degradation 
varied considerably between the two studied periods. Within the 

Napo-Amazon-Putumayo area, far more degradation occurred along the 
Napo and Amazonas Rivers in 1990–2007 than in 2007–2018, and 
within the Pastaza-Marañón, degradation shifted from the west in the 
early period towards the Tigre and Marañón rivers in the east during the 
later period. These observations agree with publications reporting 
extensive harvesting of M. flexuosa along the Napo during the 1990’s 
(Padoch, 1992) and a marginal fruit production in the Napo region 
compared to the Pastaza-Marañón in more recent years (Horn et al., 
2018). Areas with prominent degradation and rising rates should be 
targeted for efforts aimed at promoting sustainable management of palm 
swamps. 

The largest percentage of deforested palm swamp peatlands was in 
the Ucayali area. This is consistent with the very high levels of defor
estation nearby Pucallpa (Geobosques, 2021) which are driven by the 
expansion of commercial agriculture and road construction (Bax et al., 
2016; Rojas et al., 2021). However, the rate of deforestation in Ucayali’s 
palm swamp peatlands fell in the recent period, suggesting a potential 
depletion of the resource due to past overexploitation. The soaring of the 
deforestation rate in the Marañón-southwest area is also in accordance 
with high levels of deforestation in neighboring San Martin (Rojas et al., 
2021). Less information is available about the drivers of deforestation in 
the Napo Amazon Putumayo area where we also observed an increase of 
the deforestation rate in palm swamps. These observations demonstrate 
the need to investigate more closely the drivers of palm swamp defor
estation and to target the aforementioned areas for restoration. 

At the scale of the PMFB (considering Pacaya-Samiria, Pastaza- 
Marañón, Ucayali-southeast and Marañón-southwest), we found a 
deforestation rate of 3,866 ha y− 1 over 2007–2018, which is far greater 
than the estimates by Bourgeau-Chavez et al. (2021) for all peat-forming 
ecosystems (284 ha y− 1) and for only palm swamps (44 ha y− 1). Ac
cording to this study which was based on the MINAM Geobosques 
product, 1,920 ha of pole forests and only 349 ha of palm swamps were 
lost due to deforestation from 2010 to 2018 across the PMFB. A similar 
dataset by MINAM Geobosques was used by Hastie et al. (2022) who 
estimated 5,056 ha y− 1 of deforestation in the Peruvian Amazon 

Table 4 
Area ±SE (ha) of degradation and deforestation per geographic area for both time periods and percentage of palm swamp peatlands degraded and deforested in 2018.   

Napo Amazon Putumayo Pastaza - Marañón Pacaya Samiria Marañón - southwest Ucayali - southeast Ucayali All 

Degradation 1990–2007 47,844 
±2,001 

143,880 
±6,016 

45,570 
±1,905 

10,931 
±457 

11,454 
±479 

2,548 
±107 

262,227 ± 6,654 

Degradation 2007–2018 25,318 
±991 

122,832 ± 4,807 18,570 ± 727 11,692 
±458 

14,031 
±549 

1,734 ± 68 194,177 ± 5,013 

Degradation 1990–2018 73,162 
±2,233 

266,712 ± 7,701 64,140 ± 2,039 22,623 
±647 

25,485 
±729 

4,282 
±127 

456,404 ± 8,331 

% Degraded 13 12 11 5 9 9 11 
Deforestation 

1990–2007 
1,979 
±51 

21,423 
±555 

1,439 
±37 

672 
±17 

5,142 
±133 

2,201 ± 57 32,856 
±577 

Deforestation 
2007–2018 

2,881 
±90 

33,332 
±1,042 

1,422 
±44 

2,504 
±78 

5,257 
±164 

767 
±24 

46,163 
±1,063 

Deforestation 
1990–2018 

4,860 
±103 

54,755 
±1,181 

2,861 
±57 

3,176 
±80 

10,399 
±211 

2,968 ± 62 79,019 ± 1,209 

% Deforested 1 2 0 1 4 6 2  

Table 5 
Degradation and deforestation rates (ha yr − 1) per period and their change across period (%) per geographical area and for the full study area.    

Napo Amazon Putumayo Pastaza - Marañón Pacaya Samiria Marañón - southwest Ucayali - southeast Ucayali All 

Degradation 1990–2007 2,814 8,464 2,680 643 674 150 15,424 
±118 ±354 ±112 ±27 ±28 ±6 ±391 

2007–2018 2,302 11,167 1,690 1,063 1,276 158 17,653 
±90 ±437 ±66 ±42 ±50 ±6 ±456 

Percent change − 18 32 − 37 65 89 5 14 
Deforestation 1990–2007 116 1,260 85 40 303 129 1,933 

±3 ±33 ±2 ±1 ±8 ±3 ±34 
2007–2018 262 3,030 130 228 478 70 4,197 

±8 ±95 ±4 ±7 ±15 ±2 ±97 
Percent change 126 140 53 476 58 − 46 117  
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peatlands for the period 2000–2016, a value comparable to our result 
over 2007–2018 (4,163 ± 1,063 ha y− 1 of palm swamp peatlands 
deforested, Table 4). However, most deforestation identified by Hastie 
et al. (2022) was concentrated near Pucallpa in the Ucayali department 
while we found that 72% of the deforested palm swamps were in the 
Loreto department, specifically in the Pastaza-Marañón area. The Geo
bosques product used a spectral mixture analysis to identify forest and 
non-forest with deforested areas distinguished based on spectral changes 
associated with the presence of bare soil or downed trees. In contrast, 
our deforestation detection method based on a categorical transition 
from palm swamp to herbaceous swamp does not necessarily involve a 
strong spectral response associated with the exposure of dead wood and 
soil. While both methods are well founded, they require validation of 
results using ground truthing data. 

With regards to carbon emissions, the peat emission rate from palm 
swamp deforestation over 2007–2018 (0.46 Tg C y− 1) is almost twice the 
rate found by Hastie et al. (2022) (0.27 Tg C y− 1). This difference is due 

to dominant transition types (low density palm swamp to herbaceous 
swamp in our study versus forest to agriculture and secondary vegeta
tion in their analysis) and associated peat emission factors. Notably, 
Hastie et al. (2022) used IPCC defaults which are based on data from 
Southeast Asian peatlands whereas we considered palm swamp-specific 
emission factors measured in Peru (Table SI 7). The annual AGB emis
sion rate from deforestation in 2007–2018 (0.27 Tg C y− 1) is lower than 
the rate reported in the national Forest Reference Emission Level 
(MINAM., 2021) 2021 for deforestation-AGB loss in the entire hydro
morphic zone in 2010–2019 (0.47 Tg C y− 1). Given that the hydro
morphic zone encompasses all flooded forest types (seasonally flooded 
forests, pole forests and palm swamps), a lower estimate for solely palm 
swamp peatlands seems reasonable. While the FREL 2021 (MINAM., 
2021) only considers deforestation emissions in the AGB pool, we 
roughly estimate that including palm swamp degradation in addition to 
deforestation and the soil as another pool would increase national forest 
emissions by 75% and 6%, in the hydromorphic zone and in the whole 

Fig. 6. Spatial distribution of palm swamp degradation and deforestation on peat for the periods 1990–2007 and 2007–2018. Green indicates no change in palm 
swamps over time. Red displays degradation in palm swamps i.e., a drop in palm density. Yellow depicts palm swamp deforestation i.e., palm swamp to herbaceous 
swamp transition. PS: Palm swamp. 

Table 6 
Carbon emissions ± SE (Tg) resulting from degradation and deforestation of palm swamp peatlands during the periods 1990–2007, 2007–2018 and over both periods.   

1990–2007 2007–2018 1990–2018 

Activity AGB Peat Total AGB Peat Total AGB Peat Total 
Degradation 1.7 

±1.0 
12.3 
±2.4 

14.1 
±2.6 

1.3 
±0.7 

11.0 
±2.2 

12.3 
±2.4 

3.1 
±1.2 

23.3 
±3.3 

26.3 
±3.5 

Deforestation 2.1 
±0.1 

2.7 
±0.2 

4.8 
±0.3 

3.0 
±0.1 

5.2 
±0.5 

8.1 
±0.5 

5.1 
±0.2 

7.8 
±0.5 

12.9 
±0.5 

Degradation and deforestation 3.9 
±1.0 

15.0 
±2.4 

18.9 
±2.6 

4.3 
±0.7 

16.1 
±2.3 

20.4 
±2.4 

8.2 
±1.2 

31.1 
±3.3 

39.3 
±3.5  
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Peruvian Amazon, respectively. For this assessment, we assumed that: 1) 
half of deforestation-AGB emissions in the hydromorphic zone is in palm 
swamp peatlands, and as found for 2007–2018 2) the deforestation peat: 
AGB emission ratio equals 1.7, and 3) the degradation: deforestation 
emission ratio is 1.1. These estimations which only consider palm 
swamp peatlands regardless of degradation in other peat-forming eco
systems highlight the importance of including peatland emissions in 
national C accounting. 

4.3. Detecting palm swamp degradation with remote sensing 

Neither the Peruvian national REDD + program nor its NDCs account 
yet for emissions from forest degradation. A method that has been 
proposed for detecting degradation at the national level is based on the 
assumption that degradation borders deforestation and consists of 
analyzing morphological spatial patterns of deforestation as a proxy 
measure for degradation (Argotty et al., 2019). Our results suggest that 
such a method would not be suitable for detecting degradation in palm 
swamp peatlands which is not necessarily contiguous to deforested 
areas. Instead, our method of analyzing transitions is useful in detecting 
selective logging and other land cover changes that are typically difficult 
to detect directly with remote sensing (Peres et al., 2006), which is 
critically important given the high C losses of perturbed peatlands. Our 
methods present a methodological challenge however, as inaccuracies 
between classifications compound when calculating a transition. Lower 
transition accuracy may result in an overestimation of degradation. Due 
to the large size and very limited accessibility of the study area, training 
and validation data were not randomly collected (Olofsson et al., 2014) 
and were limited to places where high-resolution images existed or were 
successfully captured. We also prioritized heterogeneous land cover 
areas for high-resolution imagery to optimize training polygons from 
multiple classes from the same image. The implications on map accuracy 
and area estimates of such non-random sampling remain to be 
addressed. 

In terms of precision, our producer’s and user’s accuracies for the 
degradation transitions (56.4–68.5% user’s, 39.5–79.6% producer’s; 
Fig. 5) were within the range obtained by Shimabukuro et al. (2019) (68 
and 70% respectively) and Bullock et al. (2020a) (44% and 73%, 
respectively) suggesting that our method is comparable to other studies 
assessing forest degradation in the region. Because degradation due to 
selective logging often results in fast regrowth, a time series approach 
using spectral mixture analysis has been proposed to detect this form of 
degradation (Bullock et al., 2020b). Based on the assumption that 
degraded forests will exhibit a greater proportion of woody vegetation 
compared to green vegetation, Bullock et al. (2020a) found important 
forest degradation near deforestation hotspots, such as nearby Pucallpa 
in Peru, and throughout the “arc of deforestation” in the southern Bra
zilian Amazon. Nevertheless, their levels of degradation within the 
Peruvian palm swamps were very low compared to our results. The in
clusion of PALSAR and GEDI data in our analysis offers a high detection 
probability and capacity in capturing palm swamp canopy changes 
compared to spectral analysis from Landsat data alone, as used by 
Bullock et al. (2020a). Particularly, PALSAR data can improve the 
detection of structural changes in forest canopy that do not necessarily 
translate into sharp spectral characteristics changes. 

We determined palm swamp density by visual interpretation of high- 
resolution images however we recommend future studies to refine land 
cover calibration and validation based on field data. Estimating palm 
density in swamps can also be performed using unmanned aerial vehi
cles, as demonstrated by Tagle Casapia et al. (2020) and Wagner et al. 
(2020). Integrating these types of images with satellite remote sensing 
may improve palm density assessments. Furthermore, the 2022 launch 
of the European Space Agency’s BIOMASS sensor, a P-band radar sat
ellite (Gao et al., 2020) and NASA’s NISAR L-band radar satellite 
(NISAR., 2022) could also help to improve the classification accuracy of 
palm swamp density. 

5. Conclusions 

Using a remote sensing approach, this study provides the first 
quantification of deforestation and degradation in palm swamps, the 
most extensive and threatened peatland ecosystem in the Peruvian 
Amazon. Our results reveal that deforestation appeared to be limited 
compared to degradation but that the rate of both activities is acceler
ating. Resulting C emissions from degradation were higher than those 
from deforestation and for context, the 39.3 Tg C emissions from both 
activities over 1990–2018 is approximately 77% of the C emissions 
emitted in Peru in 2021, from burning fossil fuels and industry. The 
magnitude of these emissions calls for the country to account for 
deforestation and degradation of forested peatlands in national C 
emission reports. Our study provides critical information on where palm 
swamp conservation and restoration efforts for the region should be 
focused. The Pastaza-Marañón and Marañón-southwest zones are 
experiencing fast increases in both degradation and deforestation, and 
should therefore be targeted for conservation and restoration efforts. In 
addition, conservation efforts appear to be warranted in the Ucayali- 
southeast zone and the Napo Amazon Putumayo. Sustainable tech
niques to harvest the fruits of M. flexuosa, such as climbing, or cutting 
the racemes with a long-handle saw (Rabelo and França, 2015), should 
be promoted widely in the region and particularly within areas experi
encing surges in palm swamp degradation. 
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