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INTRODUCTION

Tropical peat fires arise from interacting con-
trols on peat moisture, atmospheric drying, fuel 
condition, and ignition opportunity. In drained 

Indonesian peatlands, groundwater drawdown 
and reduced peat-water retention progressively 
limit moisture supply to near-surface peat, in-
creasing its susceptibility to drying and com-
bustion (Taufik et al., 2022; Mezbahuddin et al., 
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ABSTRACT
The first satellite active-fire detection represents an observation event rather than the timing of ignition. We 
quantified short-term hydroclimatic conditions preceding the first satellite detection of reconstructed tropical 
peat-fire events and assessed whether Sentinel-1 C-band backscatter provided information beyond hydroclimatic 
indicators. We analyzed 79 reconstructed non-singleton MODIS/VIIRS fire events in South Sumatra using a 
time-stratified case-crossover design comprising 79 case dates and 234 same-weekday referents. CHIRPS rain-
fall, ERA5-Land vapor pressure deficit (VPD) and soil-water indicators, and Sentinel-1 ΔVV were summarized 
over prespecified windows spanning 60–1 d before the first retained detection (t0). Conditional logistic regres-
sion accounted for satellite observation opportunity on the index date, with uncertainty estimated using 2000 
stratum-level bootstrap replicates. The clearest short-term hydroclimatic pattern occurred 1–3 d before t0. An 
interquartile-range (IQR) increase in VPD was associated with higher case-period odds (odds ratio [OR] 4.07; 
95% confidence interval [CI] 1.43–13.54), whereas a wetter rainfall anomaly was associated with lower odds 
(OR 0.66; 95% CI 0.45–0.86). Lower absolute rainfall and a greater frequency of dry days supported the same 
drying pattern. Although lag-specific p values did not remain below 0.05 after multiplicity adjustment, shared-
bootstrap contrasts indicated stronger standardized associations at 1–3 d than, on average, across longer anteced-
ent windows. Sentinel-1 ΔVV did not materially improve model fit after hydroclimatic adjustment, although ear-
lier-window backscatter changes showed concordance with gridded soil-water conditions. Overall, the findings 
support a temporally concentrated hydroclimatic drying signal before first satellite detection, without resolving 
ignition timing. Hydroclimatic indicators provided the clearest near-term information, while Sentinel-1 contrib-
uted complementary moisture-sensitive evidence.
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2023). Field evidence from South Sumatra like-
wise links groundwater conditions with peat-fire 
occurrence (Irfan et al., 2024), while drainage 
configuration and land cover further shape spatial 
fire susceptibility (Salmayenti et al., 2025). Super-
imposed on these relatively persistent landscape 
controls are shorter-term atmospheric processes. 
Vapor pressure deficit (VPD), which represents 
atmospheric evaporative demand, has emerged 
as an informative indicator of fire-conducive dry-
ing across diverse terrestrial biomes (Clarke et 
al., 2022; Jain et al., 2022). Recent work in the 
Himalayas similarly identified VPD as an impor-
tant control on burned area (Khadke and Ghosh, 
2024). Distinguishing these near-term hydrocli-
matic changes from longer-term landscape sus-
ceptibility is therefore important for interpreting 
the environmental conditions that precede an ob-
servable peat-fire signal.

Satellite active-fire products are essential for 
regional fire monitoring, yet the first recorded de-
tection does not necessarily correspond to the time 
of ignition. MODIS and VIIRS observe the sur-
face only during discrete satellite overpasses, and 
active-fire detection can be influenced by cloud or 
smoke obscuration, viewing geometry, fire inten-
sity, and the temporal evolution of combustion. A 
fire may therefore already be developing before its 
first retained satellite detection, while variation in 
detection timing may partly reflect differences in 
observation opportunity rather than environmen-
tal conditions alone (Chen et al., 2022; McClure 
et al., 2023). Analyses of pre-detection conditions 
must consequently distinguish the timing of satel-
lite observation from the underlying – and gener-
ally unobserved – timing of ignition.

A related analytical challenge is that a single 
peat-fire episode may generate multiple active-
fire detections across sensors and successive 
overpasses. In an independently archived event-
reconstruction stage, 415 retained MODIS/VI-
IRS detections were grouped using deterministic 
1000-m/24-h graph-based rules, yielding 218 
candidate fire events, including 79 non-singleton 
events supported by at least two retained detec-
tions (Fitra et al., 2026a). These event units were 
defined independently before the hydroclimatic 
analysis reported here and were carried forward 
unchanged. Separating event reconstruction from 
antecedent-condition analysis helps preserve ana-
lytical independence and reduces the possibility 
that event definitions are influenced by the envi-
ronmental associations subsequently evaluated.

Previous studies have established associa-
tions between peat-fire occurrence and seasonal 
drought, rainfall, groundwater dynamics, and 
soil moisture (Taufik et al., 2022; Mezbahuddin 
et al., 2023). Other work has emphasized fire-
weather variability and groundwater controls in 
Indonesian peatlands (Hayasaka, 2023; Irfan et 
al., 2024), while landscape-scale analyses have 
shown that drainage density and land cover con-
tribute to persistent spatial fire susceptibility 
(Salmayenti et al., 2025). Much of this literature, 
however, has focused on regional fire danger, sea-
sonal variability, or spatial susceptibility. Less is 
known about whether environmental conditions 
at a known fire-event location depart from that 
location’s own short-term temporal background 
immediately before the event becomes detectable 
by satellite. Evidence at this finer temporal scale 
remains limited, particularly when reconstructed 
fire events, hydroclimatic drying, satellite obser-
vation opportunity, and radar-based surface-wet-
ness information are evaluated within a common 
matched framework.

To address this gap, we used a time-stratified 
case-crossover design adapted to fixed fire-event 
locations. Each location was compared with itself 
over time, with the case date matched to same-
weekday referent dates within the same month 
and year. This design controls for time-invariant 
spatial characteristics and limits confounding by 
seasonality and longer-term temporal variation, 
thereby focusing inference on short-term envi-
ronmental changes preceding detection (Tobias et 
al., 2024). Within this framework, we examined 
rainfall, atmospheric evaporative demand, mod-
eled soil-water conditions, and Sentinel-1 back-
scatter, while explicitly representing active-fire 
observation opportunity through the availability 
of valid satellite land observations on case and 
referent dates.

The study therefore integrates independently 
reconstructed event units, within-location tempo-
ral matching, explicit representation of satellite 
observation opportunity, and separately quality-
controlled Sentinel-1 observations within a single 
inferential framework. Rather than treating in-
dividual hotspots as independent fire events, the 
analysis evaluates prespecified antecedent win-
dows at fixed event locations while preserving 
the distinction between environmental conditions 
and the satellite observation process. Sentinel-1 
ΔVV is treated as a complementary moisture-
sensitive signal rather than a direct measure of 
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soil moisture because C-band backscatter can 
also respond to vegetation, surface structure, and 
acquisition geometry (Quast et al., 2023). Its con-
tribution is therefore assessed in terms of whether 
it provides information beyond that contained in 
the hydroclimatic variables.

Accordingly, this study addresses three 
questions. First, which prespecified antecedent 
windows, spanning 60 to 1 d before the first re-
tained satellite detection (t0), show the clearest 
evidence of short-term hydroclimatic change? 
Second, does Sentinel-1 ΔVV provide addi-
tional information beyond rainfall, VPD, and 
near-surface soil-water conditions? Third, how 
robust are these associations to alternative rep-
resentations of satellite observation opportuni-
ty, radar windows and baselines, prior-event re-
strictions, and year-level influence? Supporting 
analyses further examine absolute rainfall ac-
cumulation, dry-day frequency, deeper ERA5-
Land soil-water conditions, and Sentinel-1–hy-
droclimate wetness concordance. Throughout 
the study, t0 refers specifically to the first re-
tained satellite active-fire detection and is not 
interpreted as the time of ignition.

MATERIALS AND METHODS

Study area and spatial framework

The study was conducted in the Tanjung 
Lago–Banyuasin II peatland landscape in the 
lower Musi River delta, South Sumatra, Indone-
sia. The study area encompassed peat polygon 
GID 155, covering approximately 142.35 km². 
Under the Indonesian semi-detailed peat-map-
ping scheme, the polygon is classified as D2 peat, 
corresponding to a mapped peat-depth class of 
≥100 to <200 cm (Anda et al., 2021). This classi-
fication was used only to characterize the broader 
peatland setting and should not be interpreted as a 
field-validated estimate of peat depth at individu-
al fire-event locations.

All distance- and buffer-based spatial analy-
ses were performed in WGS 84 / UTM Zone 48S 
(EPSG:32748), whereas geographic coordinates 
were retained in WGS 84 (EPSG:4326) for data 
exchange, reporting, and reproducibility. Fig-
ure 1 shows the regional setting and the active-
fire detection archive used in the independent 
event-reconstruction stage, which yielded 218 
candidate fire events. The primary analysis was 

Figure 1. Study-area context of the Tanjung Lago–Banyuasin II peatland landscape, South Sumatra, Indonesia: 
(a) regional location; (b) confidence-filtered MODIS/VIIRS active-fire detections used in the independent 

reconstruction of candidate fire events; and (c) land-cover and local landscape setting.
The present analysis included 79 non-singleton reconstructed fire events derived from this inventory

(Fitra et al., 2026a). Individual active-fire detections are shown for spatial context only and
were not treated as independent analytical events
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restricted to the 79 non-singleton reconstructed 
events supported by at least two retained detec-
tions. Individual active-fire detections shown 
in Figure 1 are provided for spatial context and 
were not treated as independent fire events in the 
present analysis.

Response inventory and analysis 
populations

The response inventory was derived from 
the preceding event-reconstruction stage rather 
than generated de novo for the present analysis 
(Fitra et al., 2026a). In that stage, 415 retained 
MODIS/VIIRS active-fire detections were con-
solidated into 218 candidate fire events using 
prespecified deterministic graph-based rules. 
The inventory covered the period from 22 Feb-
ruary 2015 to 29 October 2025 and comprised 
34 multi-product clusters, 45 single-product 
non-singleton clusters, and 139 singletons.

Event membership, identifiers, centroids, 
provenance fields, chain flags, and the timing of 
the first retained detection (t0) were carried for-
ward unchanged. No event was added, merged, 
removed, or reclassified on the basis of hydro-
climatic exposures, Sentinel-1 variables, or sub-
sequent statistical results. The 79 non-singleton 
events constituted the primary inferential popu-
lation, whereas the full inventory of 218 candi-
date events was retained for provenance tracking 
and prior-event auditing. This separation main-
tained a clear analytical boundary between event 
reconstruction and subsequent inference on an-
tecedent environmental conditions.

The response inventory began on 22 Feb-
ruary 2015. Referent dates were generated 
deterministically using the same-weekday 
matching rule and retained when the required 
environmental-exposure and observation-op-
portunity data were available. In the earliest 
matched stratum, some referent dates preceded 
the start of the response inventory. These dates 
were used solely as temporal comparison pe-
riods and were not interpreted as evidence of 
an absence of fire activity. Specifically, the 
referent dates of 1, 8, and 15 February 2015 
in STR_C0001 occurred before the inventory 
start date. Because fire-event history before 22 
February 2015 could not be assessed from the 
available response inventory, this archive-edge 
condition was evaluated separately in a post 
hoc sensitivity analysis.

Outcome definition and observation 
opportunity

The case date was defined as the local calen-
dar date containing t0, the first retained satellite 
active-fire detection associated with an eligible 
reconstructed fire event. This date represented 
the timing of first satellite observation and was 
not interpreted as the date or time of ignition. All 
retained active-fire timestamps were converted 
from Coordinated Universal Time (UTC) to West-
ern Indonesia Time (WIB; UTC+7) before case 
dates were assigned. Accordingly, all antecedent 
exposure windows represented environmental 
conditions preceding the first retained satellite 
observation of an active-fire signal.

Active-fire observation opportunity was as-
sessed independently for each case and refer-
ent date using Terra MODIS MOD14A1, Aqua 
MODIS MYD14A1, and Suomi-NPP VIIRS 
VNP14A1 FireMask products within a 1000-m 
buffer around each event centroid (Giglio et al., 
2016; Schroeder et al., 2014). FireMask class 5 
(non-fire land) and classes 7–9 (fire detections of 
low, nominal, and high confidence) were treated 
as valid local land observations, whereas cloud, 
unknown, missing, and unprocessed classes were 
treated as invalid for observation-opportunity as-
sessment. A sensor was classified as valid on a 
given local index date when at least one valid-
land pixel occurred within the 1000-m event buf-
fer. The primary observation-opportunity covari-
ate, n_valid_sensors, was defined as the number 
of the three satellite sensors satisfying this crite-
rion and therefore ranged from 0 to 3.

This covariate was intended to capture the op-
portunity for an active-fire signal to be observed 
rather than the physical intensity of the fire. Be-
cause n_valid_sensors was derived from the same 
active-fire product family used to define t0, it was 
treated as an ascertainment-process covariate 
rather than as an independent environmental ex-
posure. Fire counts, detection-confidence scores, 
and fire radiative power were therefore excluded 
from the environmental predictor set to avoid 
introducing outcome-derived information into 
models designed to evaluate antecedent environ-
mental conditions.

Referent-date selection

A time-stratified case-crossover design was 
used to compare each fire-event location with 
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itself across nearby referent periods. For each 
case date, all other dates within the same month 
and year that fell on the same day of the week 
were selected as referent dates. Referent selec-
tion was deterministic rather than random, yield-
ing one case date and two to four referent dates 
within each retained stratum.

The history of earlier candidate fire events 
was evaluated separately through a prespecified 
prior-event audit. This audit served as an addition-
al quality-control procedure and did not alter the 
original referent-selection rule or retrospectively 
modify matched sets after exposure extraction.

Matching on day of the week within the same 
month and year helps control for seasonality, lon-
ger-term temporal trends, and systematic weekly 
patterns, consistent with current methodological 
guidance for time-stratified case-crossover analy-
ses of short-term environmental exposures (Tobi-
as et al., 2024). Primary hydroclimatic exposures 
were summarized using prespecified, mutually ex-
clusive antecedent lag blocks to reduce redundan-
cy among adjacent lag metrics and maintain clear 
temporal interpretation. Because case and referent 
dates within a stratum can occur relatively close in 
time, some temporal dependence among their ex-
posure summaries was expected. This dependence 
was considered when interpreting the precision, 
stability, and uncertainty of the estimated associa-
tions rather than assuming that matched exposure 
summaries were temporally independent.

Data sources and spatial extraction

Hydroclimatic conditions were characterized 
using ERA5-Land Hourly data and CHIRPS Dai-
ly precipitation. From ERA5-Land, we extracted 
2-m air temperature, 2-m dew-point tempera-
ture, volumetric soil water in layer 1 (SWVL1; 
0–7 cm), and volumetric soil water in layer 2 
(SWVL2; 7–28 cm). Daily mean vapor pressure 
deficit (VPD) and daily mean SWVL1 were pre-
specified as the primary ERA5-Land indicators, 
whereas maximum VPD, SWVL2, and other de-
rived hydroclimatic indicators were retained for 
supporting analyses (Muñoz-Sabater et al., 2021).

CHIRPS Daily precipitation was used to de-
rive antecedent rainfall accumulation, rainfall 
anomalies, wet-day frequency, and consecutive 
dry-day metrics (Funk et al., 2015). The recon-
structed event inventory provided the spatial and 
temporal anchors for environmental extraction, 
primarily the event centroid and t0, together with 

provenance information including cluster type, 
detection count, sensor provenance, chain flags, 
and Sentinel-1 evidence status. MODIS and VI-
IRS FireMask products and their associated qual-
ity information were analyzed separately to char-
acterize satellite observation opportunity on case 
and referent dates; they were not included as ad-
ditional fire-response variables.

Sentinel-1 ground range detected (GRD) 
observations acquired in interferometric wide 
swath (IW) mode with VV and VH polarizations 
were used to characterize antecedent backscatter 
changes. ΔVV was prespecified as the primary ra-
dar metric, while additional polarization informa-
tion was retained for supporting and wetness-con-
cordance analyses. The primary reference period, 
B120, covered days 61–120 before each case or 
referent index date, whereas B90 (days 61–90) 
served as an alternative baseline for sensitivity 
analysis. Three antecedent radar windows were 
prespecified: W1 (days 31–60), W2 (days 15–30), 
and W3 (days 1–14).

Only Sentinel-1 acquisitions obtained be-
fore the corresponding index date were eligible 
for analysis, preventing post-index observa-
tions from contributing to estimates of anteced-
ent conditions. Orbit direction and relative orbit 
were held consistent within the corresponding 
case–referent comparisons to reduce variability 
attributable to acquisition geometry (Torres et al., 
2012; Mullissa et al., 2021).

CHIRPS rainfall was summarized as the spa-
tial mean within a 1000-m buffer around each 
event centroid. Because the native CHIRPS grid 
(0.05°) is substantially coarser than the extraction 
buffer, these summaries were interpreted as grid-
ded representations of broader rainfall conditions 
surrounding each event location rather than as 
precipitation estimates resolved at the 1-km scale. 
Sentinel-1 backscatter was summarized sepa-
rately within a prespecified 500-m buffer around 
each event centroid. This buffer defined the spa-
tial support for radar aggregation and should not 
be interpreted as the native spatial resolution of 
the Sentinel-1 observations. ERA5-Land vari-
ables were likewise treated as gridded indicators 
of the broader hydroclimatic environment rather 
than as site-specific field measurements. Accord-
ingly, neither CHIRPS nor ERA5-Land was used 
to infer environmental variability below the spa-
tial resolution of the underlying gridded products. 
The principal data streams and their analytical 
roles are summarized in Table 1.
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Time alignment and exposure construction

ERA5-Land hourly observations were first 
aligned to local calendar days in Western Indone-
sia Time (WIB; UTC+7). Air temperature (T) and 
dew-point temperature (Td) were converted from 
Kelvin to degrees Celsius before vapor-pressure 
calculations. Hourly vapor pressure deficit (VPD) 
was calculated as

	 VPD = max[es(T) − ea(Td), 0]	 (1)

where:	es(T) denotes saturation vapor pressure at 
the 2-m air temperature and ea(Td) denotes 
actual vapor pressure estimated from the 
2-m dew-point temperature. 

Vapor pressures were calculated as es(T) = 
0.6108 exp[17.27T/(T + 237.3)] and ea(Td) = 
0.6108 exp[17.27Td/(Td + 237.3)], with tempera-
ture expressed in °C and vapor pressure in kPa. 
Daily mean VPD was prespecified as the primary 
indicator of atmospheric evaporative demand, 
whereas daily maximum VPD was retained for 
sensitivity analysis. ERA5-Land volumetric soil 
water in layers 1 and 2 (SWVL1 and SWVL2) 
was averaged over the same local calendar days. 
Daily ERA5-Land summaries were retained only 
when all 24 hourly observations were available; 
missing hourly values were not imputed.

Environmental exposures were summarized 
over five prespecified, mutually exclusive ante-
cedent periods relative to each case or referent 
index date: days 1–3, 4–7, 8–14, 15–30, and 
31–60. Lag 0 was excluded to ensure that all 
exposure summaries represented conditions pre-
ceding, rather than occurring on, the index date. 
These lag blocks were defined before final statis-
tical modeling and were not selected on the basis 
of observed associations.

For CHIRPS, daily rainfall anomalies were 
calculated as observed precipitation minus the 
corresponding 1991–2020 climatological mean 
for each calendar day. The climatology was de-
rived from the same CHIRPS product and spatial 

extraction procedure used to construct the event-
level rainfall series. Daily anomalies were then 
summed within each antecedent lag block to 
obtain cumulative rainfall departure, expressed 
in millimeters. ERA5-Land VPD, SWVL1, and 
SWVL2 were summarized over the correspond-
ing lag blocks as arithmetic means. Missing en-
vironmental values were not imputed, and a lag-
specific exposure summary was retained only 
when the prespecified completeness criterion for 
that block was satisfied.

Construction of the Sentinel-1 	
surface-wetness proxy

Sentinel-1 GRD IW observations were re-
stricted to scenes containing both VV and VH 
polarizations, adequate coverage of the 500-m 
event buffer, and a consistent orbit direction and 
relative orbit within each matched stratum. The 
high-resolution GRD product with 10 × 10 m 
pixel spacing was used. A single eligible orbit 
configuration was retained across each case and 
its referents, and acquisitions on or after the index 
date were excluded so that all radar metrics pre-
ceded the first retained active-fire detection (t0).

The primary baseline, B120, covered days 
61–120 before the index date; B90 (61–90 d) was 
reserved for sensitivity analysis. Three mutually 
exclusive antecedent windows were evaluated: 
W1 (31–60 d), W2 (15–30 d), and W3 (1–14 d). 
Median VV and VH backscatter were summarized 
within each period. The primary radar metric, 
ΔVV, was defined as the median VV backscatter 
in each recent window minus the corresponding 
B120 median, while ΔVH and polarization-based 
metrics were retained as supporting measures.

Radar quality-control criteria were prespeci-
fied and fixed. A valid comparison required at 
least two unique B120 acquisitions, at least one 
acquisition within the target window, a valid-pix-
el fraction of at least 0.60 and a consistent orbit 
configuration within the stratum. The valid-pixel 

Table 1. Environmental data streams and analytical roles

Data source Principal variables / analytical role

CHIRPS Daily Rainfall accumulation, anomaly, wet-day and dry-day metrics

ERA5-Land VPD; SWVL1 (0–7 cm); SWVL2 (7–28 cm)

Sentinel-1 GRD IW ΔVV relative to B120 as a moisture-sensitive surface-wetness proxy

MODIS/VIIRS First active-fire detection outcome and observation opportunity

Reconstructed event inventory Event t0, centroid, provenance, chain flags, and prior-event audit
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fraction was calculated within the 500-m buffer 
from the joint VV-and-VH composite mask at 
10-m processing scale, with valid pixels requiring 
both polarizations to be unmasked. Missing radar 
observations were not imputed. W1–W3 were 
analyzed separately, and a stratum contributed to 
a window-specific model only when the case and 
at least two referents satisfied both baseline and 
window-specific quality-control criteria.

Pilot extraction, protocol freezing, 		
and batch strategy

A multiwindow pilot extraction was con-
ducted on ten strata to finalize the Sentinel-1 
processing protocol before full analysis. Extend-
ing the baseline from B90 to B120 substantially 
improved baseline data completeness; therefore, 
B120 was prespecified as the primary baseline, 
while B90 was retained for sensitivity analysis. 
This decision was based solely on data availabili-
ty and was made before evaluating the magnitude 
or direction of exposure–outcome associations.

After the protocol was frozen, the 79 non-
singleton events were processed in 16 predefined 
batches using an identical three-stage workflow: 
orbit selection, baseline extraction, and extraction 
of the W1–W3 antecedent windows. Batch out-
puts were subsequently consolidated into a single 
analysis dataset before inferential modeling.

Primary radar exposure and hypothesis 
framework

Sentinel-1 metrics were analyzed separately 
for each antecedent window to preserve their 
temporal interpretation and limit model complex-
ity. ΔVV relative to the B120 baseline was pre-
specified as the primary radar metric, while ΔVH, 
polarization-based metrics, and radar vegetation 
indices were retained as supporting measures. W1 
(31–60 d) was used for primary integration with 
hydroclimatic variables because it retained the 
largest quality-controlled matched sample, rather 
than because of the magnitude or direction of its 
estimated association.

The analysis allowed drying-related signals to 
occur at different antecedent time scales: W1 rep-
resented earlier conditions, W2 (15–30 d) interme-
diate conditions, and W3 (1–14 d) conditions clos-
est to t0. The direction of ΔVV was not assigned a 
priori to drying or wetting. Instead, radar changes 

were interpreted as moisture-sensitive evidence 
only when supported by independent hydrocli-
matic indicators and consistent across prespecified 
sensitivity analyses (Hrysiewicz et al., 2023).

Descriptive analysis and event-study 
visualization

Sample flow was documented from the 218 
reconstructed events to the 79-event primary 
population and the window-specific Sentinel-1 
subsets. Data completeness was summarized us-
ing acquisition counts, valid-pixel fractions, daily 
exposure completeness, and active-fire observa-
tion opportunity. A common observation identi-
fier maintained linkage across all data sources 
and audit variables.

Pre-detection plots visualized within-stratum 
case–referent differences from 60 to 1 d before 
t0. Sentinel-1 values were shown only on actual 
acquisition dates, with no interpolation between 
observations, while radar windows were sum-
marized as recent-minus-baseline contrasts. For 
CHIRPS, daily rainfall-anomaly differences were 
calculated as the case value minus the mean of the 
corresponding referent values.

Uncertainty bands were estimated from 2000 
bootstrap replicates by resampling entire strata, 
thereby preserving the matched structure. These 
plots were descriptive and were not used to select 
exposure windows or hypotheses based on lag-
specific statistical significance.

Primary inferential models

Because VPD and SWVL1 were strongly 
inversely correlated within matched strata, they 
were evaluated in separate primary models to 
limit collinearity and preserve interpretability. 
H-VPD included rainfall anomaly, mean VPD, 
and n_valid_sensors, whereas H-SW included rain-
fall anomaly, mean SWVL1, and n_valid_sensors. 
A joint H-FULL model containing both VPD and 
SWVL1 was retained only as a sensitivity analysis.

H-VPD and H-SW were fitted separately for 
each prespecified lag block using conditional lo-
gistic regression stratified by stratum_id_model. 
Hydroclimatic associations were expressed per 
interquartile-range (IQR) increase, with scaling 
constants fixed from the primary analysis sample; 
n_valid_sensors was expressed per additional 
sensor providing a valid land observation. For 
Sentinel-1 integration, W1 was paired with the 
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corresponding 31–60-d hydroclimatic window. 
Hydroclimatic models were first refitted on the 
W1-eligible sample before ΔVV was added, en-
suring that likelihood-ratio tests and Akaike in-
formation criterion (AIC) comparisons used iden-
tical observations.

One interaction between centered, IQR-
scaled VPD and ΔVV was prespecified for W1, 
with both main effects retained. No additional 
interactions, lag windows, or radar metrics were 
promoted to primary analyses after examination 
of the results.

Association interpretation and uncertainty

The analysis estimated relative associations 
rather than ignition thresholds or operational 
warning cut-offs. Results were therefore reported 
as odds ratios with 95% confidence intervals and 
interpreted according to association magnitude, 
direction, timing, and consistency across pre-
specified analyses.

Model-based confidence intervals were 
complemented by percentile intervals from 2000 
bootstrap replicates in which entire matched stra-
ta were resampled to preserve the case-crossover 
structure. IQR scaling was fixed from the primary 
analysis sample, and a prespecified random seed 
(20260809) was used for reproducibility. Non-
convergent bootstrap fits were excluded from 
percentile-interval estimation but recorded in the 
analysis audit. Bootstrap intervals and model-
based p values were retained as distinct uncer-
tainty summaries; because they rely on different 
inferential approximations, occasional disagree-
ment was interpreted as uncertainty rather than 
resolved by selecting the more favorable result. 
Interpretation emphasized association magnitude, 
interval width, temporal coherence, and robust-
ness across sensitivity analyses rather than statis-
tical significance alone.

Sensitivity and robustness analyses

Prespecified sensitivity analyses evaluated 
robustness to radar timing, baseline definition, 
prior-event history, observation opportunity, 
hydroclimatic collinearity, and year-level influ-
ence. Sentinel-1 temporal sensitivity was as-
sessed using quality-control-eligible W2/B120 
and W3/B120 samples paired with the corre-
sponding 15–30-d and 1–14-d hydroclimatic 
windows. Baseline sensitivity replaced B120 

with B90 while retaining W1 and the 31–60-d 
hydroclimatic window.

Potential influence from earlier reconstructed 
events was examined by excluding matched ob-
servations with a candidate-event onset within 
1 km and 1–120 d before the index date. Ob-
servation-opportunity sensitivity compared the 
primary n_valid_sensors adjustment with unad-
justed models and models using mean valid-land 
fraction. Hydroclimatic collinearity was assessed 
using H-FULL, which jointly included rainfall 
anomaly, VPD, SWVL1, and n_valid_sensors.

For each eligible sample, the incremental con-
tribution of Sentinel-1 ΔVV was assessed against 
the corresponding hydroclimatic model fitted 
to identical observations using likelihood-ratio 
tests and AIC. Major sensitivity models retained 
2000-replicate stratum-level bootstrap intervals. 
These analyses assessed robustness and did not 
alter the prespecified primary temporal window.

Year-level influence was evaluated by refit-
ting the L1–3 H-VPD and H-SW models after 
excluding each contributing year in turn. IQR 
scaling from the primary analysis sample was 
retained for comparability. Interpretation empha-
sized stability in association direction and mag-
nitude rather than statistical significance in the 
reduced samples.

After completion of the prespecified analyses, 
three additional post hoc robustness diagnostics 
were conducted without altering the primary mod-
els. First, referent dates with n_valid_sensors = 0 
were excluded and the 1–3-d H-VPD and H-SW 
models were refitted; a stricter analysis retained 
only strata with at least two eligible referents after 
this exclusion. Second, the entire earliest stratum 
(STR_C0001) was excluded because its three de-
terministic February 2015 referents preceded the 
start of the upstream response inventory. For both 
exclusion analyses, primary-sample IQR scaling 
and the 2000-replicate stratum-level bootstrap 
were retained. Third, because five hydroclimatic 
lag blocks were evaluated in parallel, model-based 
p-values within each primary exposure family 
were adjusted using Benjamini–Hochberg and 
Holm procedures. Temporal concentration was 
additionally assessed using 2000 shared stratum-
level bootstrap resamples by contrasting the stan-
dardized log-odds ratio for 1–3 d with the mean 
standardized log-odds ratio across the four longer 
lag blocks. These diagnostics were interpreted 
as robustness checks rather than as prespecified 
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confirmatory tests. The complete analysis work-
flow is summarized in Figure 2.

Supporting hydrological analyses

Supporting analyses examined rainfall avail-
ability and deeper soil-water conditions without 
modifying the primary hydroclimatic models. 
ERA5-Land SWVL2 (7–28 cm) was evaluated 
using a model parallel to H-SW, including rainfall 
anomaly, SWVL2, and n_valid_sensors for each 
prespecified lag block.

Absolute CHIRPS rainfall accumulation, dry-
day frequency (<1 mm d⁻¹), and consecutive dry 
days ending at lag 1 were evaluated separately as 
complementary indicators of rainfall availability. 
Continuous associations were expressed per IQR 
increase using scaling fixed from the primary anal-
ysis sample, with uncertainty estimated from 2000 
stratum-level bootstrap replicates. SWVL2 and 
related hydrological metrics were interpreted as 

gridded environmental indicators rather than direct 
field measurements of peat water-table conditions.

Sentinel-1-hydroclimate wetness 
concordance

A complementary analysis evaluated whether 
Sentinel-1 ΔVV varied consistently with indepen-
dent hydroclimatic indicators. W1, W2, and W3 
were paired with the corresponding 31–60-d, 15–30-
d, and 1–14-d hydroclimatic windows, respectively.

Within each stratum, case-minus-mean-ref-
erent contrasts were calculated for ΔVV, rainfall 
anomaly, VPD, and SWVL1. Pearson correlations 
were estimated with 95% intervals from 2000 stra-
tum-level bootstrap replicates, while Spearman and 
pooled within-stratum-centered correlations were 
used as sensitivity analyses. This analysis assessed 
cross-variable consistency in moisture-related sig-
nals rather than converting Sentinel-1 backscatter 
into estimates of absolute soil moisture.

Figure 2. Reproducible analysis workflow linking the reconstructed MODIS/VIIRS event inventory
with the time-stratified case-crossover design, observation-opportunity and prior-event quality control,

Sentinel-1 multi-window extraction, CHIRPS rainfall and 1991–2020 climatology, hydroclimatic modeling,
and prespecified sensitivity and robustness analyses
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Reproducibility and protocol freezing

Key analytical decisions – including popu-
lation definitions, referent selection, spatial 
buffers, time alignment, exposure construction, 
Sentinel-1 baselines and windows, quality-con-
trol criteria, and model specifications – were 
fixed before final inferential modeling and re-
mained unchanged thereafter.

Supporting hydrological and Sentinel-1–
hydroclimate concordance analyses were con-
ducted without altering the predefined primary 
analysis sequence. Stable observation identifiers 
maintained traceability across event records, 
environmental exposures, audit variables, and 
model inputs.

As an additional integrity check, the final an-
alytical dataset was independently reconstructed 
from archived case–referent keys and the original 
data sources using the frozen spatial, temporal, 
and quality-control rules. Completeness, dupli-
cate keys, exposure windows, and model inputs 
were re-audited before final reruns. Archived 
outputs served only as consistency benchmarks; 
discrepancies were documented rather than re-
solved by modifying event definitions, exposure 
values, or analytical rules. A final portability au-
dit reran the archived Python workflow from the 
integrated analytical dataset and reproduced the 
critical tabular model outputs and figure-source 
tables exactly.

RESULTS

The primary analysis included 313 observa-
tions from 79 matched strata: 79 case observa-
tions and 234 referents. CHIRPS, ERA5-Land, 
observation-opportunity, and event-history vari-
ables were complete for all observations, whereas 
Sentinel-1 availability varied across antecedent 
windows according to the prespecified quality-
control criteria.

Data completeness and observation 
opportunity

ERA5-Land and CHIRPS exposures were 
complete across the full 60-d pre-index period 
for all 313 observations, representing 18,780 
observation-days. The reproducibility audit 
confirmed one-to-one linkage across analyti-
cal records, with no duplicate keys or missing 

required hydroclimatic exposures. All prespeci-
fied variables needed for the integrated analysis 
were successfully reconstructed, and reruns pre-
served the direction and temporal pattern of the 
principal hydroclimatic associations.

Active-fire observation opportunity ranged 
from zero to three valid sensors on matched in-
dex dates. All 79 case dates had at least one valid 
active-fire observation on t0. Events were tempo-
rally concentrated, with 49 of 79 events occurring 
in 2015 and 14 in 2019; the remaining contribut-
ing years contained one to five events each. This 
concentration motivated the prespecified leave-
one-year-out influence analysis.

Hydroclimatic associations across 
prespecified lag blocks

The clearest hydroclimatic associations oc-
curred during the final 1–3 d before t0. In the 
H-VPD model, an IQR increase in mean VPD 
(0.880 kPa) was associated with substantially 
higher case-period odds (OR 4.07; bootstrap 
95% CI 1.43–13.54; model-based p = 0.021). 
Associations at longer antecedent windows were 
weaker and less precisely estimated, indicating 
that the atmospheric-drying signal was concen-
trated close to first satellite detection.

Rainfall showed a corresponding short-term 
pattern. In the H-SW model, an IQR increase in 
rainfall anomaly toward wetter conditions (10.97 
mm) was associated with lower case-period odds 
at 1–3 d (OR 0.66; bootstrap 95% CI 0.45–0.86; 
model-based p = 0.024). The rainfall estimate in 
H-VPD had the same direction but greater uncer-
tainty. SWVL1 also yielded an OR below 1, al-
though its bootstrap interval was wide (OR 0.48; 
95% CI 0.14–1.55). Thus, the short-term rain-
fall and atmospheric-demand signals were more 
clearly resolved than the association with gridded 
near-surface soil water.

Observation opportunity was independently 
associated with case status. In the 1–3-d H-VPD 
model, each additional active-fire sensor provid-
ing a valid land observation was associated with 
higher case-period odds (OR 2.36; bootstrap 
95% CI 1.48–4.68). Because the outcome was 
defined by first satellite detection, this associa-
tion was interpreted as evidence of the observa-
tion process rather than as a physical driver of 
peat-fire occurrence. The lag-specific hydrocli-
matic estimates are summarized in Figure 3.



500

Ecological Engineering & Environmental Technology 2026, 27(10), 490–507

Sentinel-1-only and hydroclimate-
integrated models

Sentinel-1-only associations were weak 
across the three prespecified antecedent windows. 
Relative to the B120 baseline, ΔVV yielded odds 
ratios per IQR of 1.16 for W1, 1.10 for W2, and 
0.95 for W3, with no clear temporal pattern. Af-
ter hydroclimatic adjustment in the W1-eligible 
sample (78 strata; 307 observations), ΔVV re-
mained close to the null in H-VPD+S1 (OR 1.02; 
bootstrap 95% CI 0.52–2.22) and was similarly 
imprecise in H-SW+S1 (OR 1.17; 0.59–2.59). 
Adding ΔVV did not improve model fit in H-VPD 
(likelihood-ratio p = 0.949; ΔAIC = +2.00). The 
prespecified VPD × ΔVV interaction was also im-
precisely estimated, providing little evidence that 
the association between antecedent atmospheric 
drying and first satellite detection varied system-
atically with the Sentinel-1 backscatter signal. 
Adjusted ΔVV estimates and the principal radar 
sensitivity results are shown in Figure 4.

Robustness and sensitivity analyses

Sentinel-1 showed no consistent evidence of 
incremental information across the prespecified 
sensitivity analyses. After H-VPD adjustment, 
ΔVV odds ratios were 1.15 (bootstrap 95% CI 
0.70–1.84) for W2/B120, 0.95 (0.49–1.69) for 
W3/B120, 0.99 (0.54–2.94) for W1/B90, and 
1.48 (0.47–4.33) in the prior-event-clean W1 sub-
set. The corresponding H-SW models supported 
the same interpretation. Across analyses, adding 
ΔVV did not materially improve fit by either AIC 
or nested likelihood-ratio comparison.

The short-term hydroclimatic pattern was also 
stable under alternative representations of obser-
vation opportunity. Without adjustment for obser-
vation opportunity, VPD at lag 1–3 d remained 
positively associated with first satellite detection 
(OR 4.03; bootstrap 95% CI 1.38–12.80), while 
rainfall anomaly in H-SW remained inversely 
associated (OR 0.62; 0.42–0.79). Replacing the 
sensor-count adjustment with the mean valid-land 

Figure 3. Hydroclimatic associations preceding the first satellite active-fire detection
Note: Odds ratios (ORs) per interquartile-range (IQR) increase are shown for mean vapor pressure deficit
(VPD; H-VPD), rainfall anomaly (H-SW), and ERA5-Land surface soil water in layer 1 (SWVL1; H-SW)

across the five prespecified lag blocks. Points represent estimated ORs, and error bars indicate 95%
bootstrap percentile intervals based on 2000 stratum-level resamples



501

Ecological Engineering & Environmental Technology 2026, 27(10), 490–507

fraction produced similar estimates for VPD (OR 
4.06; 1.39–13.35) and rainfall anomaly (OR 0.65; 
0.45–0.85). In contrast, the joint H-FULL model 
showed marked coefficient instability, including 
changes in magnitude and direction when VPD 
and SWVL1 were entered together. This pattern 
was consistent with the strong within-stratum col-
linearity identified before model fitting.

Ten of 234 referent observations had n_valid_
sensors = 0, whereas none of the 79 case observa-
tions had zero observation opportunity. Excluding 
these referents retained all 79 strata (303 obser-
vations) and did not materially alter the primary 
short-term associations: VPD remained strongly 
positive in H-VPD (OR 4.18; bootstrap 95% CI 
1.47–14.17) and rainfall anomaly remained in-
verse in H-SW (OR 0.65; 0.44–0.86). A stricter 
analysis retaining at least two eligible referents 
per case yielded similar estimates (75 strata; VPD 
OR 3.89, 95% CI 1.31–12.89; rainfall anomaly 
OR 0.66, 95% CI 0.44–0.88). A separate archive-
edge sensitivity excluded STR_C0001, the only 
matched stratum with referent dates preceding the 
upstream response-inventory start. The reduced 
sample retained 78 strata (309 observations) and 
preserved the primary short-term pattern (VPD 
OR 4.29; bootstrap 95% CI 1.47–14.39; H-SW 
rainfall anomaly OR 0.66; 0.45–0.88).

As a post hoc multiplicity diagnostic, the 
1–3-d VPD and rainfall-anomaly estimates had 

the smallest model-based p-values within their 
respective five-lag families, although neither re-
mained below 0.05 after Benjamini–Hochberg or 
Holm adjustment (VPD: raw p = 0.021, adjusted 
p = 0.104; rainfall anomaly: raw p = 0.024, ad-
justed p = 0.119). Shared-bootstrap contrasts nev-
ertheless indicated stronger standardized associa-
tions at 1–3 d than, on average, across the four 
longer lag blocks (VPD ratio of ORs 3.01, boot-
strap 95% CI 1.06–9.18; rainfall-anomaly ratio of 
ORs 0.67, 0.41–0.99). These diagnostics support 
a temporally concentrated pattern while caution-
ing against interpretation based on isolated lag-
specific p-values. The daily rainfall-anomaly con-
trasts are shown descriptively in Figure 5.

The year-level influence analysis did not change 
the direction of either primary short-term asso-
ciation. Across leave-one-year-out refits, the VPD 
odds ratio at 1–3 d ranged from 3.02 to 5.60 and re-
mained above 1, while the H-SW rainfall-anomaly 
odds ratio ranged from 0.55 to 0.75 and remained 
below 1. Excluding 2015, which contributed 49 of 
the 79 primary events, reduced the analysis to 30 
strata and, as expected, increased uncertainty; nev-
ertheless, the point estimates retained the same di-
rection (VPD OR 4.64; rainfall anomaly OR 0.75). 
The short-term pattern was therefore not driven 
solely by any single year, although the strong con-
centration of events in 2015 remains an important 
limitation for precision and generalizability.

Figure 4. Sentinel-1 ΔVV associations after hydroclimatic adjustment
Note: Primary W1 estimates are shown for the H-VPD and H-SW models, followed by H-VPD-adjusted 
sensitivity estimates for W2/B120, W3/B120, the alternative W1/B90 baseline, and the prior-event-clean

W1 subset. Error bars represent 95% percentile intervals from 2000 stratum-level bootstrap replicates
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Supporting hydrological-condition analysis

The supporting hydrological analysis pro-
vided complementary evidence of reduced water 
input immediately before first satellite detection. 
At 1–3 d, an IQR increase in observed rainfall 
accumulation (19.05 mm) was associated with 
lower case-period odds (OR 0.42; bootstrap 95% 
CI 0.22–0.65), whereas an IQR increase of two 
dry days (<1 mm d⁻¹) was associated with higher 
odds (OR 2.29; 1.26–4.56). SWVL2 at the same 
lag yielded an OR below 1, although the estimate 
was imprecise (OR 0.81; 0.29–2.12). Longer-
window SWVL2 estimates were broadly similar 
in direction but remained uncertain.

At 31–60 d, the dry-day estimate was el-
evated (OR 2.91; bootstrap 95% CI 1.10–8.41), 
whereas the corresponding model-based p value 
was 0.073. Because the bootstrap percentile inter-
val and model-based test yielded different infer-
ential signals, and because this was a supporting 
analysis, the estimate was treated as unstable and 
suggestive rather than confirmatory. Consecutive 
dry days immediately preceding lag 1 were also 
imprecisely estimated (OR 1.30; bootstrap 95% 
CI 0.95–2.11). Selected supporting hydrological 
estimates are summarized in Figure 6.

Sentinel-1-hydroclimate wetness 
concordance

Sentinel-1 ΔVV was positively correlated 
with SWVL1 at W1 (r = 0.34; bootstrap 95% CI 

0.14–0.53) and W2 (r = 0.36; 0.13–0.57). At W2, 
ΔVV was also inversely correlated with VPD (r = 
-0.31; bootstrap 95% CI -0.55 to -0.06), whereas 
the corresponding W1 correlation was weak. At 
W3, correlations of ΔVV with both SWVL1 and 
VPD were close to zero and imprecisely estimat-
ed. Relationships with rainfall anomaly were less 
consistent across windows.

When variables were centered within strata 
and then pooled, the positive ΔVV–SWVL1 re-
lationships at W1 and W2 remained evident. 
Together, these patterns are consistent with the 
expected moisture sensitivity of Sentinel-1 back-
scatter, but they do not establish ΔVV as a direct 
or quantitative measure of soil moisture. Win-
dow-specific wetness-concordance estimates are 
shown in Figure 7.

Taken together, the primary and support-
ing analyses indicate a concentrated short-term 
drying pattern immediately before first satel-
lite detection. Atmospheric evaporative demand 
was higher, rainfall was below climatological 
expectation, total rainfall input was reduced, 
and dry days were more frequent. Gridded soil-
water indicators were broadly consistent with 
this pattern, although less precisely estimated. 
Sentinel-1 ΔVV also showed moisture-sensitive 
relationships during the 15–60 d antecedent pe-
riod, but provided little evidence of incremental 
information beyond hydroclimatic conditions 
and variation in satellite observation opportunity. 
Selected primary and supporting estimates are 
summarized in Table 2.

Figure 5. Descriptive event-study of daily CHIRPS rainfall anomalies before first satellite detection
Note: The solid line shows the mean within-stratum difference between case and referent rainfall anomalies

at each lag from 60 to 1 d before the index date, while the shaded band represents the corresponding
stratum-level bootstrap interval. The figure is intended to illustrate the temporal pattern of rainfall conditions

and was not used to define or select the prespecified lag blocks
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DISCUSSION

Short-term hydroclimatic signal and 
hydrological context

The clearest association in the matched analy-
sis occurred during the final 1–3 d before first sat-
ellite active-fire detection. Higher VPD indicates 
stronger atmospheric evaporative demand, while 
both rainfall anomaly and absolute rainfall accu-
mulation indicate reduced water input over the 
same period; the accompanying increase in dry-
day frequency provides a complementary expres-
sion of this deficit. Together, these findings are 
consistent with evidence from tropical peatlands 
linking drought and fire risk to rainfall and hydro-
logical conditions (Taufik et al., 2022, 2023). Re-
lated modeling and field evidence likewise under-
scores the importance of hydrological controls on 
peat-fire occurrence (Mezbahuddin et al., 2023; 
Irfan et al., 2024). VPD has also been identified 
as an informative indicator of fire-favorable atmo-
spheric demand across other biomes (Clarke et al., 
2022; Jain et al., 2022). Recent work in the Hi-
malayas provides further evidence that VPD can 
strongly constrain burned-area variability (Khadke 
and Ghosh, 2024). Because the VPD confidence 
interval was relatively wide, its magnitude should 
be interpreted cautiously; the stronger message is 
the timing of the association and its consistency 
across several indicators of short-term drying.

The multiplicity diagnostics favor a cau-
tious interpretation of the lag-specific results as 
a temporally concentrated pattern rather than a 
collection of isolated significance tests. Adjust-
ment across the five prespecified lag blocks at-
tenuated conventional statistical significance for 
the individual 1–3-d estimates. However, shared-
bootstrap contrasts showed that the positive VPD 
association and inverse rainfall association were 
stronger at 1–3 d than, on average, across the lon-
ger antecedent windows. The evidence therefore 
points to concentration near first detection while 
retaining appropriate uncertainty around any sin-
gle lag-specific estimate.

Observation opportunity is central to this in-
terpretation because t0 represents first satellite de-
tection rather than ignition. Dates with more valid 
Terra, Aqua, and VIIRS observations provide 
more opportunities for an active-fire signal to be 
recorded, so the n_valid_sensors coefficient pri-
marily reflects ascertainment rather than a physi-
cal driver of fire. Because this covariate is derived 
from the same product family used to define t0, 
it is not fully external to the outcome process. 
Importantly, the short-term VPD and rainfall esti-
mates were similar when observation-opportunity 
adjustment was omitted, replaced with valid-land 
fraction, or restricted by excluding zero-opportu-
nity referents, reducing concern that the main hy-
droclimatic pattern was created by this adjustment 
choice. The leave-one-year-out analysis likewise 

Figure 6. Supporting hydrological-condition associations before first satellite active-fire detection
Note: Odds ratios are expressed per interquartile-range (IQR) increase based on the original analysis sample, 

with error bars representing 95% percentile intervals from 2000 stratum-level bootstrap replicates.
SWVL2 represents gridded soil-water conditions at 7–28 cm depth and should not be interpreted

as a direct measurement of peat water-table depth
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preserved the direction of both primary associa-
tions. Excluding 2015, which contributed 49 of 79 
events, substantially increased uncertainty but did 
not reverse the estimates. This does not remove 
the temporal imbalance; instead, it highlights the 
limited information available outside the domi-
nant 2015 fire year and the resulting constraints 
on precision and generalizability.

ERA5-Land soil-water variables should be 
interpreted as hydrological context rather than 
direct measurements of peat water-table condi-
tions. SWVL1 and SWVL2 were broadly con-
sistent with drying, but their estimates were 
comparatively imprecise, and the strong within-
stratum relationship between VPD and SWVL1 
limits separation of their individual contributions. 
Field evidence also indicates that peat water-ta-
ble depth and near-surface soil-water conditions 

can respond differently to rainfall, drainage, and 
restoration, reinforcing the need to avoid trans-
lating gridded soil-water products directly into 
groundwater-depth estimates (Treby et al., 2026). 
At the landscape scale, drainage structure and 
land cover remain important determinants of per-
sistent peat-fire susceptibility (Salmayenti et al., 
2025). The case-crossover design complements 
this spatial perspective by asking a different ques-
tion: how conditions change within the same lo-
cations immediately before a fire is first detected 
from space.

Sentinel-1 as complementary wetness 
evidence

Sentinel-1 produced a more nuanced signal 
than the hydroclimatic variables. Although W1 

Figure 7. Sentinel-1–hydroclimate wetness concordance across temporally aligned antecedent windows
Note: Points represent Pearson correlations between case-minus-mean-referent ΔVV contrasts

and the corresponding hydroclimatic contrasts, with error bars indicating 95% percentile intervals
from 2000 stratum-level bootstrap replicates. W1, W2, and W3 represent 31–60, 15–30, and 1–14 d

before the index date, respectively. ΔVV is interpreted as a moisture-sensitive indicator of surface conditions 
rather than as a direct measure of absolute soil moisture

Table 2. Selected primary and supporting association estimates

Indicator Window Estimate Bootstrap 95% CI

Mean VPD 1–3 d OR 4.07 1.43–13.54

Rainfall anomaly 1–3 d OR 0.66 0.45–0.86

Rainfall accumulation 1–3 d OR 0.42 0.22–0.65

Dry days (<1 mm) 1–3 d OR 2.29 1.26–4.56

ΔVV after H-VPD W1 OR 1.02 0.52–2.22

ΔVV–SWVL1 concordance W1 r 0.34 0.14–0.53
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had the greatest acquisition support, ΔVV re-
mained close to the null after hydroclimatic ad-
justment and did not improve model fit. Similar 
results were obtained for W2, W3, B90, and the 
prior-event-clean sensitivity analyses. The con-
cordance analysis nevertheless showed that ΔVV 
retained hydrologically relevant information: it 
was positively correlated with SWVL1 at W1 and 
W2 and inversely correlated with VPD at W2. 
These relationships are consistent with the mois-
ture sensitivity of C-band backscatter, but their 
temporal variability and weaker correspondence 
with rainfall argue against interpreting ΔVV as a 
direct measure of soil moisture (Hrysiewicz et al., 
2023; Pelletier et al., 2023).

A plausible interpretation is that Sentinel-1 
captured aspects of surface wetness that over-
lapped with conditions represented by rainfall, 
atmospheric demand, and gridded soil-water 
variables. ΔVV may therefore provide useful 
complementary evidence of antecedent surface 
conditions without adding stable incremental 
information once those hydroclimatic variables 
are included in the model. This interpretation is 
consistent with peatland studies using Sentinel-1 
backscatter as a surface-wetness or fire-vulner-
ability indicator (Hrysiewicz et al., 2023; Mil-
lard et al., 2022). Related remote-sensing work 
likewise supports the value of wetness-sensitive 
time-series information for peatland fire likeli-
hood (Pelletier et al., 2023).

The prior-event audit further examined wheth-
er earlier fires might influence the radar signal. 
Excluding observations with antecedent overlap 
from earlier reconstructed events shifted some 
ΔVV estimates but reduced the matched sample 
and increased uncertainty. The lack of consistent 
improvement after this restriction suggests that 
earlier-event contamination alone is unlikely to ex-
plain the limited incremental contribution of ΔVV, 
while illustrating the trade-off between stricter 
temporal exclusion and statistical precision.

Implications for peat-fire monitoring

The findings support a monitoring framework 
rather than a deterministic fire threshold. Short-
term hydroclimatic indicators – particularly VPD 
and recent rainfall – provided the clearest near-
term information during the 1–3 d preceding 
first retained satellite detection. Sentinel-1 was 
more informative as a complementary indica-
tor of antecedent surface wetness when suitable 

observations were available. This distinction mat-
ters operationally because hydroclimatic products 
provide more regular temporal coverage, whereas 
Sentinel-1 remains constrained by acquisition 
timing and quality-control requirements. Recent 
Indonesian studies similarly support combining 
fire-weather and drought indicators for peat-fire 
monitoring (Hayasaka, 2023; Lisnawati et al., 
2022). Evidence from peatland rewetting further 
underscores the importance of hydrological con-
trols on fire hazard (Taufik et al., 2023).

In practice, this framework could help iden-
tify periods warranting closer surveillance when 
atmospheric drying intensifies and recent rain-
fall declines. The present results, however, do 
not constitute a validated forecasting system. 
Prospective testing across additional peatland 
landscapes, regional calibration, integration of 
land-management and hydrological information, 
and better characterization of ignition timing are 
needed before operational warning thresholds or 
predictive performance can be established.

Limitations and generalizability

Several limitations constrain inference. First, 
t0 marks the first retained satellite detection rather 
than ignition, so all lag windows are anchored to 
observation and cannot resolve combustion on-
set. Second, the analysis was confined to a single 
142.35-km² peatland landscape, and 49 of 79 
events occurred in 2015. Although leave-one-year-
out analyses preserved the direction of the primary 
associations, they cannot substitute for external 
validation across other peatland, management, and 
climatic settings. Third, the primary population 
included only non-singleton reconstructed events. 
This choice increases confidence that event units 
are supported by repeated detections but may un-
derrepresent short-lived, low-intensity, or poorly 
observed fires; the findings therefore do not char-
acterize the full spectrum of peat-fire episodes.

Fourth, CHIRPS and ERA5-Land are gridded 
products whose spatial resolutions are coarser 
than the event-scale extraction buffers. SWVL1 
and SWVL2 were therefore interpreted as indi-
cators of broader soil-water conditions rather 
than field measurements of peat groundwater or 
water-table depth. Sentinel-1 observations were 
temporally intermittent, and C-band backscatter 
can respond to vegetation, surface structure, hy-
drological conditions, and acquisition geometry 
as well as moisture (Hrysiewicz et al., 2023). 
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ΔVV should therefore be regarded as a moisture-
sensitive indicator rather than a quantitative soil-
moisture measure.

Fifth, n_valid_sensors was derived from the 
same active-fire product family used to define 
t0 and should be viewed as an ascertainment-
process covariate, not a fully external predictor. 
The agreement of estimates under unadjusted, 
valid-land-fraction, and zero-opportunity-re-
stricted analyses reduces but does not eliminate 
this concern. Sixth, supporting hydrological and 
wetness-concordance analyses were conducted 
after the primary framework had been fixed and 
were interpreted as complementary rather than 
confirmatory evidence. The zero-opportunity, ar-
chive-edge, and multiplicity analyses were like-
wise post hoc robustness diagnostics. Because 
the upstream response inventory begins on 22 
February 2015, prior reconstructed-event history 
cannot be audited for the three earlier referents 
in STR_C0001; excluding that stratum did not 
materially change the primary estimates. Finally, 
although the time-stratified case-crossover design 
controls for time-invariant spatial characteristics 
and much of the seasonal background, residual 
time-varying confounding cannot be excluded.

These constraints limit the findings to rela-
tive, detection-anchored associations within the 
study landscape and argue against interpreting the 
estimates as ignition thresholds, causal effects, or 
a validated forecasting rule.

CONCLUSIONS

In this time-stratified case-crossover analysis 
of 79 reconstructed non-singleton peat-fire events, 
the clearest hydroclimatic signal was concentrated 
in the 1–3 d before first retained satellite active-
fire detection. Higher VPD, an inverse association 
with wetter rainfall anomalies, lower rainfall ac-
cumulation, and more dry days formed a coher-
ent short-term drying pattern. Gridded soil-water 
indicators were directionally consistent but less 
precise, and the direction of the main associations 
was stable across key sensitivity analyses.

Sentinel-1 ΔVV did not materially improve 
hydroclimatic model fit after adjustment for ob-
servation opportunity, although its positive con-
cordance with SWVL1 during W1 and W2 sup-
ported its role as complementary evidence of 
antecedent surface wetness. Overall, the results 
support an observation-aware interpretation in 

which hydroclimatic indicators provide the clear-
est near-term information before first satellite de-
tection, while Sentinel-1 contributes complemen-
tary wetness context.
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