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Figure 1: Graphical abstract. Analytical workflow and key findings. Two Landsat-derived GeoTIFF
layers (treecover2000, lossyear) for the 10◦ × 10◦ granule 00N_070W are combined with a ≥ 30%
canopy-cover baseline mask and a latitude-dependent WGS84 ellipsoidal pixel-area model to yield per-
year forest-loss areas. The pixel-area formula is validated against the South America Albers Equal-Area
projection (ESRI:102033) to within 0.0002%. Over 2001–2023 the granule lost 6.07Mha of forest (5.16%
of the year-2000 baseline), peaking in 2016 (520,938 ha).

1 Executive Summary

This report quantifies annual gross tree-cover loss between 2001 and 2023 within a single 10◦×10◦

tile of the Hansen Global Forest Change (GFC) dataset, version GFC-2023 v1.11, whose north-
west corner sits at 0◦N, 70◦W. The tile—known by its GFC granule identifier 00N_070W—
spans latitudes 10◦S to 0◦ and longitudes 70◦W to 60◦W, covering the lowland forests of the
western Amazon Basin across parts of Peru, Colombia, Ecuador and western Brazil. Two co-
registered Landsat-derived raster layers were obtained directly from the official University of
Maryland (UMD) / Google Cloud Storage repository: the year-2000 percent tree-canopy baseline
(treecover2000) and the year-of-loss layer (lossyear). Both are 40,000×40,000-pixel GeoTIFFs
on a geographic (EPSG:4326) grid at 0.00025◦ (1/4000◦) resolution, and their spatial metadata
and integrity checksums were verified before analysis.

Forest was defined as any pixel with ≥ 30% tree-canopy cover in the year-2000 baseline layer.
Because the raster grid is defined in fixed angular units, the ground area represented by each
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pixel decreases with distance from the equator; we therefore computed the exact area of every
pixel on the WGS84 ellipsoid using a closed-form latitudinal-zone integral, pre-tabulated once
per raster row. Loss pixels were area-weighted by their exact ground area and accumulated by
loss-year in a single memory-safe streaming pass over the full grid.

The analysis yields three headline results. First, total gross tree-cover loss over 2001–2023
within the granule was 6,071,069 hectares (6.07Mha), equal to 5.16% of the 117,587,905 ha of
year-2000 forest baseline. Second, the per-loss-year table (Section 4, Table 3) shows a marked
intensification of loss in the most recent decade. Third, the single loss-year with maximum
area was 2016, with 520,938 hectares cleared—coincident with the exceptional 2015–2016
El Niño drought. The pixel-area method was independently validated against the South America
Albers Equal-Area Conic projection (ESRI:102033) and against a geodesic WGS84 polygon area,
agreeing to 0.000174% and to machine precision, respectively. All granule file names, the canopy
threshold, the exact area formula, and runnable code are documented in this report.

2 Introduction and Objectives

Satellite remote sensing has transformed the measurement of forest change from an exercise
in sparse, nationally inconsistent inventories into a globally uniform, spatially explicit science.
Before then, even continental estimates of tropical deforestation relied on sampling small sets
of scenes [1]. The opening of the Landsat archive to free public access in 2008 was the piv-
otal enabling step, converting a four-decade record of 30-metre multispectral imagery into an
analysis-ready resource for wall-to-wall land-cover monitoring [2], and ultimately supporting
multi-decadal global assessments of land change [3]. Building on that archive, Hansen et al. [4]
produced the first internally consistent, 30-metre global maps of twenty-first-century forest cover,
annual loss and gross gain, derived from time-series metrics of all available Landsat 7 observa-
tions and a supervised decision-tree classifier. The resulting Global Forest Change product—
updated annually and distributed through Google Earth Engine and the UMD repository—has
become the de-facto reference for global and regional deforestation accounting, underpinning
downstream analyses of the drivers of forest loss [5], twenty-first-century forest carbon fluxes
[6], and long-term humid-tropical forest dynamics [7]. The cloud-computing platform that hosts
it, Google Earth Engine, has itself become core infrastructure for planetary-scale environmental
monitoring [8], enabling comparable global products such as multi-decadal surface-water dy-
namics [9] and, more recently, the integrated Global Land Cover and Land Use Change dataset
that extends the GFC framework to multiple land classes [10].

Nowhere is such monitoring more consequential than in the Amazon Basin, the largest con-
tiguous tract of tropical moist forest on Earth and a keystone of the global carbon and hydro-
logical cycles. Mounting evidence indicates that parts of the basin have weakened as a carbon
sink or even flipped to a net source under the combined pressure of deforestation, degradation
and climatic stress [11, 12], and that accumulating disturbance is eroding the system’s resilience
toward possible critical transitions [13, 14]. The western Amazon—the region captured by the
granule analysed here—has historically been more intact than the southern and eastern “arc of
deforestation,” but expanding road networks, smallholder agriculture, cattle pasture, and min-
ing are advancing the deforestation frontier into these lowland forests. Quantifying where and
when forest is being lost, with defensible units, is a prerequisite for attributing drivers and for
designing policy responses such as REDD+ measurement, reporting and verification [15, 16].

A recurring but frequently overlooked source of error in tile-level forest accounting is the
treatment of pixel area. The GFC grid is defined in fixed angular units of 0.00025◦; on the curved
Earth the ground area subtended by such a cell shrinks steadily from the equator poleward.
Treating every pixel as a fixed nominal area (the often-quoted “30 m / 0.09 ha” label) therefore
biases area estimates and, more insidiously, applies a uniform bias that does not cancel across a
10◦-tall tile. Rigorous accounting instead requires either reprojection to an equal-area coordinate
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system [17] or direct computation of cell area on the reference ellipsoid [18, 19]. This report
adopts the latter, analytically exact approach and validates it against the former.

The specific objectives of this study are therefore fourfold: (i) to obtain and verify the
GFC-2023 v1.11 treecover2000 and lossyear layers for the 00N_070W granule; (ii) to define
a year-2000 forest baseline at a ≥ 30% canopy threshold and to compute the exact latitude-
dependent ground area of every pixel on the WGS84 ellipsoid; (iii) to quantify annual gross
tree-cover loss for each loss-year from 2001 through 2023 in hectares, report the total, and
identify the peak-loss year; and (iv) to document the exact granule files, the canopy threshold,
and the pixel-area method, and to release fully runnable code together with the per-year loss
table as machine-readable output.

3 Methodology

3.1 Dataset, granule, and exact source files

The analysis uses the Hansen Global Forest Change product, release GFC-2023 v1.11, which
extends the original Hansen et al. [4] methodology to cover loss years 2000–2023. The data
were downloaded from the official public repository hosted on Google Cloud Storage, https:
//storage.googleapis.com/earthenginepartners-hansen/GFC-2023-v1.11/. Two granule
files were used, both for the 10◦ × 10◦ tile whose north-west (upper-left) corner is 0◦N, 70◦W:

• Hansen_GFC-2023-v1.11_treecover2000_00N_070W.tif — percent tree-canopy cover for
the year-2000 baseline (integer 0–100), the layer used to define “forest.”

• Hansen_GFC-2023-v1.11_lossyear_00N_070W.tif — year of gross tree-cover loss, encoded
as 0 (no loss) or 1–23 (loss detected in calendar year 2000+n, i.e. 1 → 2001, . . . , 23 → 2023).

Both files were opened with rasterio and their grid metadata verified against the pub-
lished GFC specification (Table 1). The two layers are perfectly co-registered: identical co-
ordinate reference system, dimensions, resolution, affine transform and bounds. A SHA-256
checksum was computed for each downloaded file to provide a reproducible provenance record
(treecover2000: 472a1e65...a2de; lossyear: 0a2aaec8...5954b), and the remote HTTP
Content-Length matched the downloaded byte counts exactly.

Table 1: Grid metadata of the two GFC-2023 v1.11 granule files (both layers identical). All checks
passed.

Property Specification Observed

Coordinate reference system EPSG:4326 (WGS 84 geographic) EPSG:4326
Grid dimensions 40,000× 40,000 px 40,000× 40,000
Pixel resolution 0.00025◦ (1/4000◦) 0.00025◦ × 0.00025◦

Longitude bounds [−70.0◦, −60.0◦] [−70.0, −60.0]
Latitude bounds [−10.0◦, 0.0◦] [−10.0, 0.0]
Upper-left (NW) corner 0◦N, 70◦W (−70.0, 0.0)
Data type uint8, 1 band uint8, 1 band

3.2 Forest definition: the ≥ 30% canopy threshold

Consistent with the objectives, a pixel was classified as forest in the year-2000 baseline if
its treecover2000 value was ≥ 30%. This threshold is the most widely used convention for
GFC-based deforestation accounting and matches the canopy-density class routinely reported
by Global Forest Watch. The choice is not neutral: the GFC “tree cover” variable is biophysical
rather than land-use based, so the threshold governs whether low-density mosaics, plantations
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and regrowth are counted as forest, and different thresholds materially change the mapped base-
line and loss [7, 20]. At ≥ 30% the year-2000 baseline for this granule comprised 1,536,003,864
pixels, i.e. approximately 96% of the tile—as expected for the dense, largely undisturbed lowland
forest of the western Amazon. Gross loss was attributed to a pixel only where the year-2000
baseline was forest; loss pixels falling on non-forest baseline cells were excluded. The threshold
is applied inclusively (treecover2000 ≥ 30), and permanent water and no-data areas are im-
plicitly excluded because they carry zero baseline canopy and therefore never enter the forest
mask.

3.3 Latitude-dependent pixel area on the WGS84 ellipsoid

Because the raster is defined on a fixed angular grid, each pixel spans a constant 0.00025◦ in
latitude and longitude but a variable ground area. The area of a cell bounded by latitudes
φ1 < φ2 and by a longitudinal width ∆λ on an oblate ellipsoid of semi-major axis a, semi-minor
axis b and first eccentricity e is

A =
∆λ

2π

[
S(φ2)− S(φ1)

]
, (1)

where the authalic antiderivative is

S(φ) = 2πb2
[

sinφ

2 (1− e2 sin2 φ)
+

1

4e
ln

(
1 + e sinφ

1− e sinφ

)]
. (2)

We used the WGS84 defining constants a = 6,378,137.0m, f = 1/298.257223563, b = a(1−
f) = 6,356,752.314m and e2 = (a2 − b2)/a2 = 0.00669438. Because latitude is constant along
any raster row, Equation 1 was evaluated once per row to build a 40,000-element lookup table
of exact single-pixel areas (in hectares), where row i spans latitudes [φtop − (i+1) δ, φtop − i δ ]
with φtop = 0◦ and δ = 0.00025◦. The exact near-equator pixel area (row 0) is 0.076,932 ha
(≈ 27.83 × 27.83 m), decreasing very slightly toward the southern edge of the tile. We note
explicitly that the frequently quoted “30 m / 0.09 ha” figure is the nominal Landsat label; the
true geographic footprint of a 0.00025◦ cell is ≈ 0.0773 ha at the equator, and the value used
here is the mathematically exact ellipsoidal area rather than the nominal label. The per-row
areas were confirmed against an independent spherical approximation, agreeing to 0.447%.

3.4 Streaming loss quantification

The two 1.6-billion-pixel grids were never loaded in full. Instead they were processed in windows
of 1,000 rows using rasterio’s windowed reader, keeping the peak memory footprint well below
0.5 GB. For each window, the ≥ 30% baseline mask was formed; non-forest cells in the lossyear
array were zeroed; and the exact per-row pixel area was broadcast down each row and used as the
weight in a single numpy.bincount over loss-year codes 0–23. This accumulates area in hectares
per loss-year exactly, respecting the latitude-dependent weighting, in one linear streaming pass.
Summing across all windows produced the year-2000 baseline forest area, the total loss, and the
per-year loss vector. The full computation runs in about 38 seconds on a single machine and is
reproducible via the released script (Appendix A).

3.5 Validation against an equal-area projection

To confirm the analytical area model empirically, a representative 1,000 × 1,000-pixel window
at the centre of the granule (rows/columns [19,500, 20,500); longitude [−65.125◦,−64.875◦],
latitude [−5.125◦,−4.875◦]) was selected. Its geographic footprint was densified to 500 vertices
per edge and reprojected with pyproj to the South America Albers Equal-Area Conic
coordinate system (ESRI:102033); the projected polygon area was measured with shapely.
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Albers was chosen deliberately because it is a true equal-area projection appropriate for area
verification, whereas alternatives such as the SIRGAS 2000 / Brazil Polyconic (EPSG:5880)
are not equal-area and would be unsuitable [17]. As a second, fully independent reference, the
same footprint’s geodesic area on the WGS84 ellipsoid was computed with pyproj.Geod, which
implements Karney’s geodesic algorithms [19]. The three estimates for the identical window are
compared in Table 2.

Table 2: Empirical validation of the analytical WGS84 pixel-area formula on a central 1,000 × 1,000-
pixel window (106 pixels).

Area estimate Area (ha) Rel. diff. vs analytical

Analytical WGS84 ellipsoidal (Eq. 1) 76,646.687,9 reference
Equal-area projected (Albers, ESRI:102033) 76,646.554,5 0.000174%
Geodesic WGS84 (pyproj.Geod) 76,646.687,9 6.3× 10−10%

The analytical formula matches the independent equal-area projection to 1.7×10−4% and the
geodesic area to machine precision, confirming that the per-pixel area weighting introduces no
meaningful bias. The mean pixel area in this central window is ≈ 766.5m2 (≈ 27.69×27.69 m),
consistent with the equatorial value and the modest latitudinal shrinkage expected at ∼ 5◦S.

4 Results

4.1 Baseline, total loss, and peak year

At the ≥ 30% canopy threshold, the year-2000 forest baseline within the 00N_070W granule was
117,587,905 hectares (1,536,003,864 pixels). Cumulative gross tree-cover loss over the 23 loss-
years from 2001 through 2023 was 6,071,069 hectares (6.07Mha), equivalent to 5.16% of that
baseline. Averaged over the record this is ≈ 263,959 ha yr−1, but the annual series is far from
stationary. The single loss-year with maximum area was 2016, when 520,938 hectares (0.443%
of baseline) were cleared—roughly double the long-term mean and the largest single-year figure
in the record. The second- and third-highest years were 2022 (470,152 ha) and 2021 (415,620 ha),
indicating that the two most recent years of the series are also among the most severe.
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Figure 2: Annual gross forest loss in granule 00N_070W, 2001–2023. Top: annual loss in thou-
sands of hectares; the peak-loss year 2016 (520,938 ha) is highlighted in red. Bottom: the same series
expressed as a percentage of the year-2000 forest baseline. A relatively stable early period (2001–2015,
punctuated by a 2005 drought-related spike) gives way to a pronounced 2016 maximum and a sustained
elevation of loss through the early 2020s.

4.2 Per-loss-year loss table

Table 3 reports the complete per-loss-year breakdown in hectares, together with each year’s
share of the year-2000 baseline. These values are released verbatim as a machine-readable CSV
(annual_forest_loss.csv) alongside this report.
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Table 3: Annual gross tree-cover loss (≥ 30% canopy baseline), granule 00N_070W, loss-years 2001–2023.
Areas are latitude-corrected WGS84 ellipsoidal ground areas. The peak year (2016) is shown in bold.

Year Loss (ha) % baseline Year Loss (ha) % baseline

2001 163,081.69 0.138,7 2013 138,037.31 0.117,4
2002 207,573.92 0.176,5 2014 243,422.77 0.207,0
2003 208,914.89 0.177,7 2015 226,768.57 0.192,9
2004 236,286.97 0.200,9 2016 520,938.20 0.443,0
2005 398,328.55 0.338,7 2017 370,032.41 0.314,7
2006 271,744.35 0.231,1 2018 291,364.50 0.247,8
2007 147,645.97 0.125,6 2019 287,533.24 0.244,5
2008 142,521.09 0.121,2 2020 331,562.43 0.282,0
2009 124,941.75 0.106,3 2021 415,619.51 0.353,5
2010 209,695.39 0.178,3 2022 470,151.97 0.399,8
2011 155,116.36 0.131,9 2023 292,102.21 0.248,4
2012 217,685.35 0.185,1

Total 2001–2023: 6,071,069 ha (5.16% of baseline)

4.3 Temporal pattern

The record separates into two regimes. Across the first decade (2001–2010) annual loss aver-
aged ≈ 211,073 ha yr−1, with a single conspicuous spike in 2005 (398,329 ha) that coincides
with the severe 2005 Amazon drought. A quiescent trough followed in 2007–2009 (all below
150,000 ha yr−1). From 2014 onward the series shifts markedly upward: the final decade (2014–
2023) averaged ≈ 344,950 ha yr−1, a 63% increase over the first, and the five most recent years
(2019–2023) averaged ≈ 359,394 ha yr−1. The 2016 maximum stands out both in absolute
terms and as a fraction of baseline (0.443%), but it is embedded within a broader, sustained
intensification rather than being an isolated outlier.

5 Discussion and Implications

5.1 Interpreting the 2016 peak

The 2016 loss maximum is highly consistent with the wider literature on the 2015–2016 El Niño,
one of the strongest on record, which drove exceptional heat and drought across Amazonia.
Under such conditions, human-set fires used for land clearing escape into standing forest and
drought-stressed canopies, so that the extent of detectable stand-replacing disturbance is ampli-
fied far beyond the underlying rate of deliberate clearing [11, 13]. Because the GFC lossyear
layer records stand-replacing tree-cover loss regardless of cause, a strong El Niño year is expected
to register a spike that blends direct deforestation with drought- and fire-driven mortality and
degradation—exactly the pattern seen here, and echoing the earlier 2005 drought signal. Disen-
tangling outright clearing from fire and degradation would require ancillary attribution layers of
the kind developed for the Brazilian Legal Amazon [21] and for global driver classification [5],
and would be a natural extension of this granule-level accounting.

5.2 The recent intensification in the western Amazon

Perhaps more consequential than the single 2016 peak is the sustained elevation of loss in the
2020s: 2021 and 2022 rank second and third in the entire record. This is concerning precisely
because the western Amazon has historically been among the most intact and resilient parts of
the basin. The advance of loss into these forests is consistent with basin-wide analyses identi-
fying land-use change—cattle pasture, soy, roads, smallholder agriculture and mining—as the
dominant driver of Amazon forest decline, amplified by climate stress [5, 22]. Continued erosion

7



of forest cover in the western basin is significant for system-level resilience: accumulating distur-
bance and fragmentation reduce recovery capacity and move the forest closer to hypothesized
critical transitions, beyond which large areas could shift toward degraded, savanna-like states
[13, 14].

5.3 Carbon and monitoring implications

Six million hectares of gross tree-cover loss in a single western-Amazon tile carries substantial
carbon consequences. Tropical forest loss and degradation are now large contributors to land-use
carbon emissions, and evidence that parts of Amazonia have weakened as a sink—or become a
net source—heightens the stakes of continued clearing [6, 11, 12]. The partial, and incomplete,
offset provided by secondary and degraded-forest regrowth [23] cannot compensate for the loss
of primary forest carbon and biodiversity at these rates. These results also reinforce the value
of transparent, reproducible, satellite-based monitoring for measurement, reporting and verifi-
cation under frameworks such as REDD+, where consistent methods and defensible area units
are essential [15, 16], and where operational near-real-time systems such as Brazil’s DETER
complement the annual GFC record [24].

5.4 Methodological notes, uncertainties, and limitations

Three methodological points merit emphasis. First, the latitude correction matters: naively
assigning every pixel the nominal 0.09 ha would overstate areas by roughly 16% relative to
the exact ≈ 0.0773 ha equatorial footprint, a systematic bias that the ellipsoidal treatment
removes. Our validation against the Albers equal-area projection and against a geodesic area
(Table 2) confirms the correction is accurate to better than 2 × 10−4% [17–19]. Second, the
results are, by construction, gross loss, not net change: GFC gain is mapped only as a single
multi-year layer and is not annualized, so regrowth is not subtracted here. Third, and most
fundamentally, GFC “tree cover” is a biophysical variable that does not distinguish natural forest
from plantations, agroforestry or tree crops, and its accuracy varies with region, forest type and
the chosen canopy threshold [7, 20]; complementary structural products such as GEDI-Landsat
canopy-height mapping can help characterise the forest being lost [25]. The ≥ 30% threshold
used here is a standard, transparent choice, but a different threshold would shift both the baseline
and the mapped loss. Finally, cloud-prone humid-tropical conditions can reduce the density of
usable Landsat observations, and single-year loss attribution can carry timing uncertainty of
±1 year in some pixels; these are properties of the underlying product rather than of the area
computation, which we have shown to be exact. Because the ±1-year timing uncertainty only
reallocates loss between adjacent years, it does not affect the 23-year total, and single-year peaks
should be read with this in mind. We report point estimates; the dominant residual uncertainty
is not pixel area (validated as exact) but GFC classification error and the sensitivity of both
baseline and loss to the chosen canopy threshold, which a lower or higher cut-off would shift
accordingly [4, 21].

5.5 Conclusions

For the GFC-2023 v1.11 granule 00N_070W in the western Amazon Basin, applying a ≥ 30%
year-2000 canopy definition of forest and an exact latitude-corrected WGS84 ellipsoidal pixel-
area model, total gross tree-cover loss over 2001–2023 was 6,071,069 hectares (5.16% of the
117,587,905 ha baseline), and the peak loss-year was 2016 with 520,938 hectares. The pixel-
area method was validated against an independent equal-area projection to within 0.0002%.
The full per-year table (Table 3), the exact source files, the canopy threshold, the area formula,
and runnable code are all documented herein, providing a fully reproducible, defensible account
of recent forest change in this corner of the western Amazon.
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A Reproducibility: exact files and runnable code

Exact granule files and parameters

• Dataset: Hansen Global Forest Change GFC-2023 v1.11.

• Source: https://storage.googleapis.com/earthenginepartners-hansen/GFC-2023-v1.
11/

• Files: Hansen_GFC-2023-v1.11_treecover2000_00N_070W.tif;
Hansen_GFC-2023-v1.11_lossyear_00N_070W.tif.

• Forest definition: treecover2000 ≥ 30%.

• Pixel-area method: exact WGS84 ellipsoidal latitudinal-zone integral (Eq. 1–2), tabulated
per raster row; validated against ESRI:102033 (Albers equal-area) and geodesic WGS84.

The following listing is the core of the quantification script (quantify_loss.py): the an-
alytical area formula and the memory-safe streaming loss accumulation. The complete scripts
(download/verification, quantification, and visualization/validation) accompany this report.

1 import numpy as np, rasterio
2 from rasterio.windows import Window
3

4 # --- WGS84 ellipsoid constants ---
5 A = 6378137.0 # semi-major axis (m)
6 F = 1.0 / 298.257223563 # flattening
7 B = A * (1.0 - F) # semi-minor axis (m)
8 E2 = (A**2 - B**2) / A**2 # first eccentricity squared
9 E = np.sqrt(E2)

10 M2_PER_HA = 10000.0
11 CANOPY_THRESHOLD = 30 # >=30% canopy defines year-2000 forest
12 BLOCK_ROWS = 1000 # windowed read height
13

14 def S(phi):
15 """Authalic antiderivative S(phi) for the ellipsoidal zone area (m^2)."""
16 s = np.sin(phi)
17 t1 = s / (2.0 * (1.0 - E2 * s**2))
18 t2 = (1.0 / (4.0 * E)) * np.log((1.0 + E*s) / (1.0 - E*s))
19 return 2.0 * np.pi * B**2 * (t1 + t2)
20

21 def cell_area_ha(phi1, phi2, dlambda):
22 """Exact area (ha) of a cell bounded by latitudes phi1,phi2 and width dlambda."""
23 a_m2 = (dlambda / (2.0*np.pi)) * np.abs(S(phi2) - S(phi1))
24 return a_m2 / M2_PER_HA
25

26 def quantify(treecover_tif, lossyear_tif):
27 with rasterio.open(treecover_tif) as tc, rasterio.open(lossyear_tif) as ly:
28 W, H = tc.width, tc.height
29 top = tc.transform.f # top-edge latitude (0.0)
30 res = abs(tc.transform.e) # 0.00025 deg
31 dlam = np.deg2rad(res)
32

33 # One exact pixel area per raster row (latitude constant along a row):
34 i = np.arange(H, dtype=np.float64)
35 top_edge = np.deg2rad(top - i*res)
36 bot_edge = np.deg2rad(top - (i+1.0)*res)
37 row_area = cell_area_ha(bot_edge, top_edge, dlam) # (H,) hectares
38

39 loss_ha = np.zeros(24) # index 0 unused; codes 1..23 -> 2001..2023
40 baseline_ha = 0.0
41 for r0 in range(0, H, BLOCK_ROWS): # memory-safe streaming
42 n = min(BLOCK_ROWS, H - r0)
43 win = Window(0, r0, W, n)
44 tcw = tc.read(1, window=win)
45 lyw = ly.read(1, window=win)
46 areas = row_area[r0:r0+n]
47

48 forest = tcw >= CANOPY_THRESHOLD # year-2000 baseline mask
49 baseline_ha += float(np.dot(forest.sum(axis=1).astype(np.float64), areas))
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50

51 masked = np.where(forest, lyw, 0).astype(np.int64) # loss on forest only
52 weights = np.repeat(areas, W) # per-pixel ha weight
53 sums = np.bincount(masked.ravel(), weights=weights, minlength=24)
54 loss_ha[:len(sums)] += sums[:24]
55

56 years = 2000 + np.arange(1, 24)
57 return years, loss_ha[1:24], baseline_ha

Listing 1: Core area formula and streaming per-year loss accumulation (excerpt of quantify_loss.py).
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