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23 Abstract: Small dams and reservoirs disrupt hydrological connectivity and increase evaporative
24 water loss across Brazil, yet most remain unmapped. Applying deep learning to Sentinel satellite
25 data from 2021, we created a comprehensive map of 1.1 million small on-stream reservoirs (<50
26 ha). Their 7,597 km2 cumulative surface area surpasses the combined area of Brazil’s three
27 largest mega-dam impoundments. Especially concentrated in areas with high cattle herd densities
28 and precipitation variability, 78% are found in headwater sub-basins, which are vital for down-
29 stream water quality and ecosystem health. The reservoirs lose an extra 4.2 km3yr-1 to surface
30 evaporation—equivalent to 29% of total annual urban water use in Brazil. Our findings highlight
31 the overlooked socio-environmental consequences of small reservoirs for land and water man-
32 agement.
33
34 Introduction
35 While large dams have drawn intense scrutiny for their environmental and social consequences,
36 small stream barriers and their impoundments have received relatively little attention from scien-
37 tists and policymakers despite growing evidence that they are widespread1,2 and can have lasting
38 cumulative impacts on freshwater ecosystems, water resources, and biogeochemical cycling. Re-
39 cent research has shown that small dams increase evaporative water losses in agricultural sys-
40 tems3,4; raise stream water temperature5–7; reduce hydrological connectivity8,9; degrade water
41 quality10,11; and harm biodiversity8,12. These impacts extend beyond the region: small lakes and
42 especially reservoirs are important, though poorly quantified, global sources of methane and car-
43 bon dioxide to the atmosphere13–16. Global Dam Watch estimates that there are 4 million reser-
44 voirs smaller than 1 km2 with a total surface area of 53,000 km2 around the world, but most of
45 these remain unmapped17. Growing scientific evidence of their cumulative impacts belies an ur-
46 gent need for coherent, spatially consistent data on the locations and sizes of small reservoirs at
47 continental scales.
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48 In Brazil, where hundreds of thousands of small dams have been constructed in rural
49 landscapes accompanying the expansion of cattle ranching3, crop irrigation18, mining19, and
50 aquaculture20, improved location and size data for small reservoirs are increasingly needed for
51 environmental compliance and sustainable water governance. While scientists and policymakers
52 have focused on curbing deforestation or on the environmental impacts of mega-dam projects
53 like the Belo Monte hydropower plant21, small dams have been largely overlooked despite im-
54 portant management implications for water and land. Under the National Water Resources Pol-
55 icy22, surface water usage permits are granted through basin-scale assessments of existing alloca-
56 tions and flow rates to ensure sustainable management. Despite having critical water balance
57 consequences3,23, small dams are often missing from these assessments since they frequently lack
58 permits and their locations and sizes are generally unknown. In addition, Brazil’s 2012 Forest
59 Code requires that a 15-100m buffer around on-stream reservoirs larger than 1 ha be set aside as
60 Permanent Preservation Areas (APPs)24. Since the updated Forest Code came into effect, the
61 Amazon Fund has invested over $30 million USD into state-level projects to manually digitize
62 properties, protected areas, and waterbodies including artificial reservoirs25, but progress and ac-
63 curacy vary dramatically across states. Future updates will require continued investment to main-
64 tain this massive digitization effort—in Bahia alone almost 2,000 people were trained for the
65 digitization—unless parts of the process can be automated.
66 Automatically detecting small reservoirs requires a model that can both identify the pres-
67 ence or absence of water (water vs. non-water) and distinguish between types of waterbodies
68 (reservoirs vs. natural lakes)—non-trivial tasks for a human let alone a model. Previous ap-
69 proaches to reservoir mapping have typically focused on large reservoirs to the exclusion of
70 small ones17,26; relied on flawed assumptions about the creation and disappearance of reser-
71 voirs27; mapped point locations instead of full reservoir extents28–30; and/or required manual la-
72 beling or ground surveys over large areas1,31.
73 To fill this methodological gap and meet the growing need for a comprehensive map of
74 small reservoirs in Brazil, we trained and applied a hybrid attention-convolution deep neural net-
75 work (the “Multi-Scale Attention Network” or MA-Net)32 semantic segmentation model on Sen-
76 tinel-1 synthetic aperture radar (SAR) and Sentinel-2 multi-spectral satellite data to accurately
77 and comprehensively delineate the full perimeters of on-stream reservoirs smaller than 50 ha (0.5
78 km2) across all of Brazil. Neural networks have been successfully applied to a wide range of re-
79 mote sensing applications, including water detection33, urban object segmentation34, change de-
80 tection35, cloud filtering36, and building identification37, but until now they have only been ap-
81 plied to small-reservoir segmentation over spatial extents orders-of-magnitude smaller than
82 Brazil38. One obstacle has been a lack of high-quality, region-specific training data, which we
83 solved with an extensive effort to manually annotate a total of 4,474 reservoirs in 1,314 ran-
84 domly selected Sentinel images (5 km x 5 km each).
85 We used the resulting map to analyze the spatial distribution of small dam creation and
86 quantify some of the hidden risks of excluding small reservoirs from land and water management
87 decisions. First, we modeled reservoir density for each Brazilian municipality using a general-
88 ized additive model (GAM) and 11 social, economic, and environmental predictors. Then, we
89 analyzed the distribution of reservoirs by stream order across Brazil’s 406,858 Pfafstatter level-8
90 sub-basins. Next, we used climate data to estimate cumulative evaporative water losses from
91 reservoirs—a crucial impact on the local and regional hydrologic cycle3,23,39. Finally, we discuss
92 crucial implications for land and water management under Brazil’s National Water Resources
93 Policy and Forest Code, including the total area of native vegetation restoration needed to com-
94 ply with the Forest Code’s reservoir APP requirement.
95
96
97
98
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99 Results
100 Deep learning maps over a million small reservoirs

101
102 Figure 1. A million small reservoirs detected across Brazil in 2021. Here we display the den-
103 sity of mapped reservoirs as the number present in each 5,000-km2 hexagon. Trained on 4,474
104 manually annotated reservoirs, the Multi-Scale Attention Network (MA-Net) model detected and
105 delineated over 1.1 million reservoirs smaller than 50 ha (0.5 km2) based on data from Sentinel-1
106 and -2.
107
108 Our model mapped 1,126,861 (725,267–1,280,671) small on-stream reservoirs (< 50 ha)
109 in Brazil with a total surface area of 7,597 km2 (5,072–10,770 km2; ranges calculated +/- one 10
110 m pixel around perimeter of each reservoir, see “Methods”), greater than the combined surface
111 area of the three largest hydroelectric reservoirs in Brazil: the Sobradinho, Tucuruí, and Balbina
112 dams (~7,238 km2 combined)17. Since the cloud-free satellite mosaics used for annotation, train-
113 ing, and prediction are biased towards dry-season acquisitions, our reservoir count and area are
114 conservative estimates. The highest reservoir densities occur in pockets of the Pampa biome in
115 the south and the Caatinga in the northeast, areas with long histories of agricultural and—in the
116 Caatinga—drought (Figure 1, Supplementary Figure 1). Recent agricultural frontier regions in
117 the Amazon and Cerrado also have very high concentrations of reservoirs, notably in Goiás and
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118 throughout the Amazon’s “arc of deforestation”, including Rondônia, Acre, Mato Grosso, and
119 the MATOPIBA region. The lowest densities occur in the Pantanal—where natural waterbodies
120 abound to meet surface water needs—and the intact areas of the central Amazon. Supplementary
121 Tables 1-4 include reservoir statistics for each biome, state, macroregion, and hydrographic re-
122 gion.
123 Our approach consistently identified more reservoirs and greater surface area than previ-
124 ously reported in Brazil (Supplementary Table 5). Despite their large cumulative area, 87% of
125 identified reservoirs were smaller than 1 ha (0.01 km2). The mean and median surface areas were
126 0.67 ha (0.67 ha) and 0.21 ha, respectively, making them difficult to detect using lower-resolu-
127 tion sensors. Three existing countrywide datasets include small reservoirs: (a) the official water-
128 bodies dataset from ANA40; (b) the Cadastro Ambiental Rural (CAR) data from each state’s en-
129 vironmental ministry41; and (c) MapBiomas Agua’s Landsat-based waterbodies dataset42. Com-
130 pared to the small (<50 ha) artificial waterbodies mapped in each of these datasets, our estimated
131 total surface area and reservoir counts were 35-44% higher and 71–557% higher, respectively.
132 As another point of comparison, our total reservoir count is similar to Europe’s estimated 1.2
133 million total river barriers, calculated by correcting existing dam databases with stream walkover
134 surveys1.
135 Overall, the MA-Net model performed well on the challenging task of segmenting on-
136 stream reservoirs (Figure 2, Supplementary Figures 2-3), with a test-set pixel-wise F1-Score of
137 78.8% (precision = 78.4% and recall = 79.2%; Supplementary Table 6) and a higher object-based
138 precision (77.4%) than recall (61.4%), suggesting that, despite identifying more reservoirs than
139 previous methods, our final reservoir counts are still likely conservative (Supplementary Table
140 7). Using high-resolution satellite imagery, we manually validated a random sample of 5,000
141 reservoir detections, 66.1% of which were confirmed true positive detections (Supplementary
142 Table 8).
143 Accuracy varied across Brazil’s diverse landscapes and fluvial systems (Tables S6-8),
144 with the highest accuracy in the Pampa and for reservoirs from 1-10 ha in surface area, and the
145 lowest accuracy in the Pantanal and Mata Atlântica and for reservoirs from 0.05-0.1 ha (0.05 ha,
146 or five Sentinel pixels, was chosen as our lower detection limit based on low accuracy below this
147 threshold). The most common false positives were off-stream artificial reservoirs (72% of false
148 positives in the manually validated set of 5,000 detections) and natural waterbodies (22%), espe-
149 cially in low-relief wetlands such as those in the Pantanal and the lavrado of Roraima where cat-
150 tle ranching and roads co-occur with numerous and diverse natural water bodies. While wetlands
151 appear particularly challenging for the model, out of all six biomes the Pantanal had the lowest
152 density of reservoirs (0.03 reservoirs per km2 of land area) and the lowest ratio of reservoirs rela-
153 tive to the count of all known waterbodies in the MapBiomas Água dataset (0.17; Supplementary
154 Table 1), suggesting that overall the model is not indiscriminately mistaking wetland water bod-
155 ies as reservoirs. Nevertheless, caution should be applied when using this data over wetlands,
156 where there may be more false positives. For small reservoirs, mixed sub-pixels also create un-
157 certainty around the area and, due to our size thresholds, count of reservoirs. To quantify this, we
158 applied binary morphological erosion and dilation, resulting in a total area range of 5,072–10,770
159 km2 (67 – 142% of our original estimate) and count range of 725,267 – 1, 280,671 (64 – 114%).
160 See “Methods” for a full description of data processing, modeling, and evaluation.
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161
162 Figure 2. Reservoir detections (n=1,289) over a 1,000 km2 region near Santa Maria, Rio
163 Grande do Sul. Where previous approaches to stream barrier mapping have primarily used me-
164 ter-scale commercial satellite data to identify point locations of dams, our method segments full
165 reservoir boundaries from publicly available Sentinel data by using a hybrid attention-convolu-
166 tion neural network that integrates spectral and object shape information of the reservoir and sur-
167 rounding context. (A) Location of area in southern Brazil, with state outlines shown in black. (B)
168 False positive in a river at a bridge crossing. (C-E) Correctly identified reservoirs in agricultural
169 landscapes, but the size of largest reservoir in (C) was underestimated. (F) False positive water
170 tank (not on-stream) near the town of São Sepé. Basemap: ESRI World Imagery43.
171
172 Small reservoirs are closely linked to agriculture
173 Throughout Brazil, the detected reservoirs are primarily located in agricultural areas, especially
174 pastureland (Figure 3). Based on the dominant MapBiomas land-use/land-cover (LULC)44 within
175 a 1 km buffer of each reservoir (see “Methods”), 55.4% of reservoirs occur in pasture (0.40
176 reservoirs per km2 of pastureland in Brazil) and 15.4% in cropland (0.28 per km2 of cropland). Of
177 the remaining 29.2% associated with all other LULC types (0.05 per km2), three-quarters have at
178 least 10% pasture or cropland within the 1-km buffer. The Amazon and Cerrado, the two biomes
179 with the largest cattle herds45, have the highest number of reservoirs in pasture. The only biome
180 where more reservoirs occur in cropland than pasture is the Pampa, where croplands are exten-
181 sive46 and cattle often graze on native grasslands or in rotation with crops47. The Mata Atlântica
182 and Cerrado biomes, which have seen large swaths of pasture converted to cropland in recent
183 years48, have the next highest proportions of reservoirs in croplands, raising the question of
184 whether reservoirs originally built in pastureland persist in the landscape after conversion to
185 cropland—an important area for future research that could identify opportunities for derelict
186 reservoir removal and stream restoration. The semi-arid, drought-prone Caatinga, where there is
187 a long history of building reservoirs called “açudes” to help secure water and produce energy lo-
188 cally49, is the only biome where a non-agricultural LULC is dominant.
189
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190

191
192 Figure 3. Reservoirs are concentrated in agricultural areas across Brazil. Distribution of the
193 1,126,861 small reservoirs across Brazilian biomes (inner wedges) and associated land use/cover
194 categories (outer wedges) for 2021. The land-use and land-cover (LULC) classes considered for
195 each biome were: Pasture, Crop, Agricultural Mosaic, Forest/Savanna, Grass/Shrub, and Other.
196 For visualization, we excluded the Pantanal biome (<1% of reservoir detections) and grouped
197 LULC classes comprising <10% of reservoirs in a biome into “Other”. Biome boundaries are
198 from the Brazilian Institute of Geography and Statistics (IBGE)50 and LULC data are from the
199 MapBiomas Collection 10 Land Cover and Land Use dataset44.
200
201 To better understand dam creation and use, we modeled per-municipality reservoir counts
202 using a negative binomial GAM with a log link function and 11 social, environmental, and eco-
203 nomic predictor variables (see “Methods”). Model responses were offset using the log of munici-
204 pality area to control for size variations. The GAM model explained 65.9% of the deviance in
205 reservoir counts between municipalities (Figure 4). All included variables were statistically sig-
206 nificant (p<0.01) predictors based on a chi-squared test of the fitted splines, but variable impor-
207 tance testing—calculated via hierarchical partitioning to estimate each variable’s contribution to
208 the explained deviance—identified cattle herd density as the most important variable (32.8% of
209 the explained deviance), followed by municipality coordinates (21.9%), mean monthly precipita-
210 tion and standard deviation of monthly precipitation (21.2%), population density (6.0%), road-
211 river intersections (5.6%), biome (3.8%), and proportion of land converted from natural vegeta-
212 tion between 1985 and 2021 (3.7%). The land conversion data is limited to 1985, the start of the
213 MapBiomas data, and so does not account for areas with longer histories of land-conversion for
214 agriculture, limiting its explanatory power. The remaining variables—soy
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215
216 Figure 4. Fitted terms of generalized additive model of per-municipality reservoir count.
217 Variables are ordered (top-left to bottom-right) by contribution to overall explained deviance of
218 the model (65.9%), determined via hierarchical partitioning (Supplementary Table 11). All vari-
219 ables had significant chi-squared tests (p < 0.01). Grey shading shows the 95% confidence inter-
220 val of the spline estimates. For visualization, the x-axis is limited to the 99th percentile of each
221 term, but all values were included in the actual model.
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222 land area, aquaculture production, agricultural GDP per capita, and rice production—had small,
223 but still statistically significant, contributions (Supplementary Table 11). Irrigated land area,
224 which was also tested, was not significant, but this relationship could strengthen in the future as
225 irrigation is projected to increase dramatically in coming years51.
226 Although the municipality modeling cannot determine causality, the results underscore
227 the strong spatial correlation between reservoirs and agriculture, particularly cattle ranching. As
228 shown in Figure 4, cattle density has a strong positive effect on reservoir presence, but it appears
229 to saturate moderately above ~50 head per km2 of municipal land area. Reservoir counts are also
230 higher in municipalities with lower total precipitation and higher precipitation variability,
231 whereas areas with consistent high precipitation throughout the year had lower counts on aver-
232 age. The density of river-road intersections, although limited by incomplete data on road and
233 river networks, also shows a positive relationship that saturates at approximately 0.05 per km2.
234 Land-clearing and soy area both have weaker but more linear positive relationships to reservoir
235 counts. Like deforestation, small reservoirs are tightly linked to agricultural expansion—particu-
236 larly cattle ranching, settlement/population growth, and road construction—but have received far
237 less attention, leading to overlooked consequences for freshwater ecosystems and water re-
238 sources.
239
240 Previously unmapped alteration of headwater catchments across Brazil
241 Overlooking small reservoirs has obscured the alteration of streams across Brazil, particularly in
242 sensitive headwater sub-basins. Nearly one-third (32.3%) of the country’s 406,858 Level 8 sub-
243 basins52 contain at least one reservoir from our dataset, while just 12% contain a known artificial
244 water body from ANA waterbodies dataset and only 0.2% contain a hydroelectric dam40. Even
245 more importantly, our detections are particularly concentrated in low-order sub-basins: 878,936
246 reservoirs (78% of all detections) are located in order 1-3 sub-basins, while just 7,577 are in or-
247 ders 7-10 (Figure 5). This differs from the hydroelectric dams in ANA’s dataset, which are most
248 common in mid-level sub-basins (62% in orders 4-6). The most heavily impacted headwaters are
249 found in the Tocantins-Araguaia (150,553 reservoirs; 85% of all found in the basin), Paraná
250 (142,641; 71%), and Amazon (115,476; 69%) watersheds—all regions with extensive cattle
251 ranching, particularly in the states of Rondônia, Mato Grosso, Goiás, and Mato Grosso do Sul45.
252 Understanding the impacts of these dams on stream discharge, habitat connectivity, and
253 groundwater recharge is a vital area for future research, particularly given the high concentration
254 in critical headwater catchments. Where one small dam may cause only minor disruptions, the
255 installation of many consecutive barriers in the same stream or watershed has profound cumula-
256 tive effects on ecosystem structure and function. By breaking up and slowing the flow of water,
257 small dams reduce hydrological connectivity9 and increase stream temperatures5–7—particularly
258 in the headwaters, where reservoirs replace free-flowing streams typically shaded by adjacent
259 gallery forests with shallow, stagnant waterbodies exposed to direct sunlight. The dams thus dis-
260 rupt aquatic wildlife movement12 and reduce downstream water quality for animals and humans
261 alike10,11. However, dams in systems with many diverging and meandering stream forms may not
262 have the same fragmentation impacts. In addition to shedding light on the widespread alteration
263 of streams throughout the country, our reservoir map can accelerate research on the differential
264 effects of dams across Brazil’s diverse fluvial sys-tems.
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265
266 Figure 5. Small reservoirs are highly concentrated in headwater streams. (A) Map of
267 Brazil’s 406,858 Pfafstetter level-8 sub-basins colored by each sub-basin’s max Strahler stream
268 order52. (B) Reservoir count per level-8 sub-basin. (C) Mean reservoir density by sub-basin or-
269 der. Error bars show results of morphological dilation (upper-bound) and erosion (lower) uncer-
270 tainty estimation. 78% of all reservoir detections were located in headwater (order 1-3) sub-
271 basins.
272
273 Water balance impacts: an extra 4.2 km3yr-1 of evaporative water loss
274 Although individually small, these reservoirs have important cumulative water balance impacts
275 which have been largely overlooked until now. Using our reservoir map and reference potential
276 evapotranspiration from the Brazil Improved Daily Weather Gridded Data dataset53, we estimate
277 that small reservoirs lost 10.7 km3yr-1 (7.2 – 15.1 km3yr-1; based on uncertainty erosion/dilation
278 of the reservoirs) of water to the atmosphere in 2021, a net increase of 4.2 km3yr-1 (2.9 – 5.9
279 km3yr-1) over the baseline evapotranspiration if the reservoirs were not present (see “Methods”).
280 For comparison, 4.2 km3yr-1 is equivalent to roughly 29% of total urban water use for Brazil, es-
281 timated at 14.5 km3yr-1 39. This has vital implications for our understanding of basin water bal-
282 ance throughout Brazil. Excluding baseline evapotranspiration, ANA estimated net excess evap-
283 oration from reservoirs to account for 27.1 km3yr-1 of water consumption across the country in
284 2021, the single largest factor besides irrigation39. While large reservoirs drive their country-
285 wide estimate (the 12 largest impoundments contribute 58% of the total evaporation), adding our
286 newly identified reservoirs, excluding those which overlap with existing water bodies in the
287 ANA data40, increased the total evaporative water loss by 2.2 km3yr-1 or 8.6%. Critically, 78%
288 (1.7 km3yr-1) of this new evaporation came from headwater sub-basins (Pfafstetter level 8 basins
289 with outlet Strahler order 1 – 3), which previously had few mapped reservoirs and where the ex-
290 cess evaporation could be particularly consequential due to lower overall water fluxes. Using ref-
291 erence evapotranspiration instead of open water evaporation, our estimates are likely conserva-
292 tive. Future research, aided by our reservoir maps, should explore constraining them further to
293 better inform water budgets and permitting assessments.
294 Not all these water balance impacts are necessarily negative. Surface water evaporation
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295 from reservoirs may partially offset the decreased evapotranspiration that accompanies large-
296 scale conversion of native vegetation (e.g., forests and savannas) to croplands or pasture54. At the
297 farm scale, they can also help retain water that would otherwise be exported quickly down-
298 stream, thus potentially mitigating the increased discharge observed in many deforested ar-
299 eas55,56. However, in other regions such as northeastern Brazil, dams may inhibit streamflows
300 that are already decreasing due to climate change and water use57. Understanding the spatially
301 heterogeneous and complex hydrological impacts of small reservoirs—and how they interact
302 with other influences such as fishing, agrochemical runoff, and land-conversion—is a critical di-
303 rection for future research, especially as climate change and increasing human demand threaten
304 Brazil’s water security58.
305
306 Discussion
307 Accurately mapping 1,126,861 small reservoirs (< 50 ha) raises important land and water policy
308 implications related to Brazil’s National Water Resources Policy and Forest Code. First, our
309 reservoir dataset addresses a major blind spot in water resource management. Without location
310 and size data on small reservoirs, water permitting assessments under the National Water Re-
311 source Policy have lacked vital information affecting basin-scale water balance, including a net
312 4.2 km3yr-1 of evaporative water loss from small impoundments as well as reservoir withdrawals
313 for cattle watering and crop irrigation. While existing permits can be used to approximate with-
314 drawals based on reservoir size, future research—aided by our dataset—should prioritize quanti-
315 fying these flows to help policymakers and water managers balance the water storage benefits of
316 reservoirs against the reduced water quality and quantity for people, animals, and plants down-
317 stream.
318 Beyond water, the policy implications extend to land management. Brazil’s 2012 Forest
319 Code requires that all on-stream reservoirs larger than 1 ha be surrounded by an APP, but many
320 reservoirs were built without permitting and compliance is rarely assessed. Based on a conserva-
321 tive 30 m buffer, only 36.9% of reservoirs larger than 1 ha have natural land-cover covering at
322 least half of their required APP. Meeting the APP requirements for these reservoirs would re-
323 quire restoring native vegetation on 2,370 km2 of land—a large area, but less than 2% of the
324 120,000 km2 Brazil has pledged to restore by 2030 under the Paris Agreement. Prioritizing
325 restoration of the riparian zones around reservoirs would provide a host of ecosystem benefits in-
326 cluding improved water quality59,60 and reduced evaporative water loss61, helping to offset the
327 negative effects of these dams. Future research should also examine the potential for removal of
328 unused reservoirs and restoration of streams.
329 Our publicly available reservoir map and annotated training data can help accelerate
330 reservoir research in Brazil and beyond. Whereas previous studies were forced to either focus on
331 limited regions where detailed reservoir information was available3,23 or approximate reservoir
332 count and surface area using power-law estimates4, our dataset enables spatially explicit reser-
333 voir research that, crucially, accounts for variability across Brazil—a geographically, environ-
334 mentally, and socially diverse country expecting uneven impacts from climate change57. A simi-
335 lar approach could be applied to other parts of the tropics and the world, although it would likely
336 need extensive training data annotation specific to the region-of-interest. Because our method
337 can provide a consistent map of small reservoirs using one year of satellite data, it can also be
338 updated annually to monitor changes and uncover emerging areas of stream damming. In Brazil,
339 while existing reservoirs may shrink as more water is lost to evaporation due to increasing atmo-
340 spheric water demand, climate change could drive more dam-building to bolster water security,
341 especially if deforestation and cattle production continue to expand. Additionally, the rapid ex-
342 pansion of crop irrigation in Brazil is expected to demand 41% more water withdrawals by
343 204039, which, since irrigation relies primarily on surface water51, could also drive construction
344 of new reservoirs.
345 Drawing on advancements in deep learning and satellite data over the past decade, we re-
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346 vealed an important gap in our understanding of the state of freshwater ecosystems by mapping
347 widespread stream damming that has large but previously unseen cumulative impacts on water
348 resources and aquatic ecosystems. As changing precipitation patterns drive communities to de-
349 velop new strategies to ensure water security10,62, there is a pressing need for further research on
350 the extent and consequences of small dams worldwide2. Global databases of waterbodies provide
351 invaluable information, but they exclude the locations and extents of millions of small dams. As
352 new satellites and methods are developed in the coming years, our framework can be applied to
353 monitor and quantify the impacts and benefits of small reservoirs around the world, unlocking
354 new insights into how humans interact with and alter the environment.
355
356 Methods
357 I. Generating Sentinel-1 and -2 composites
358 Using Google Earth Engine63, we created cloud-free mosaics of Sentinel-1 and Sentinel-2 im-
359 agery over all of Brazil, excluding outlying islands. First, we selected all scenes collected in
360 2017 (for model training) and 2021 (for the final map). For Sentinel-2, we recreated the com-
361 positing algorithm described in Pekel et al.64. We first eliminated all scenes with greater than
362 50% cloud cover. Then, for each pixel over the entire region, we identified the least cloudy ob-
363 servation from the available scenes based on Google’s Sentinel-2 Cloud Score+ dataset65. We re-
364 moved any observations with a cloud score greater than 10% more than that minimum cloud
365 score, leaving a cloud-free stack of observations for each pixel over the entire country. Note that
366 the cloud-filtering process, while necessary, creates a bias towards dry-season imagery when
367 there are fewer clouds but reservoir extents are at their smallest, likely leading to some underesti-
368 mation of reservoir counts and areas. Finally, we applied top-of-atmosphere correction and cal-
369 culated the median value from the remaining observations to create a wall-to-wall, cloud-free
370 mosaic of all 10m and 20m bands (Bands 2-8A, 11, and 12). The 20m bands were later resam-
371 pled to 10m using bilinear interpolation to match the other inputs. Cloud-filtering was not neces-
372 sary for Sentinel-1 scenes since Synthetic Aperture Radar (SAR) can penetrate clouds. Instead,
373 we created a simple median-value composite of the “VV” and “VH” polarization modes (“HH”
374 and “HV” are only available for polar regions). The final composites were exported from Google
375 Earth Engine, and the rest of the analysis was performed on virtual machines on Google Cloud
376 Platform.

377 II. Training MA-Net segmentation model
378 After creating and exporting the Sentinel mosaics, we randomly extracted 500 x 500-pixel (5km
379 x 5km) subsets of the mosaics for manual annotation to create the training dataset (Supplemen-
380 tary Figure 2). Using LabelBox, an online platform for annotating training data66, we outlined
381 every reservoir in each subset image. The reservoirs were labeled using Sentinel-2 Normalized
382 Difference Water Index (NDWI)67 as reference and, if needed, higher-resolution satellite im-
383 agery available on Google Maps. Two criteria were used for distinguishing on-stream reservoirs
384 from other waterbodies during annotation: (1) Is there a visible dam or other obstruction (e.g.,
385 road) impounding the water? This is typically evidenced by an unnaturally straight line on the
386 downstream edge of the waterbody. (2) Is there evidence of a stream path flowing into and/or out
387 of the reservoir? This is usually indicated by a riverine path with higher NDWI than the sur-
388 roundings, even when the stream is dry. In total, 1,314 images were labeled in this way, contain-
389 ing a total of 4,474 reservoirs. Oxbow lakes and small rivers proved to be particularly challeng-
390 ing for the model to distinguish from reservoirs, and so to provide more training examples for
391 these cases we selected another 190 subsets over river floodplains. These were only used for
392 training and were excluded from the validation and test set. The annotations were exported as
393 masks, where 0 represented a non-reservoir pixel (including land and water) and 1 represented a
394 reservoir pixel. Then the images were split into training, validation, and test sets using a 60%-
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395 20%-20% split. In the end, the training set consisted of 978 images (including the 190 “flood-
396 plains” images), and the validation and test sets each contained 263.
397 During annotation, subset images were presented for labeling in random order. However,
398 there were instances where the human annotator could not accurately and confidently identify the
399 reservoirs in the image. In those cases, that candidate image was skipped. This was unavoidable,
400 but it does introduce a positive bias in our eventual accuracy metrics. In addition, because the
401 project first began with a focus on the Amazon/Cerrado transition zone, this area is overrepre-
402 sented in the annotated data—53% of the annotated images come from this region, which covers
403 32% of Brazil’s land area.
404 We evaluated three different convolutional and attention-based neural network architec-
405 tures: the U-Net convolutional neural network68, the Segformer attention-based network69, the
406 hybrid Multi-Scale Attention Network (MA-Net) which adds channel and position-wise self-at-
407 tention mechanisms to a U-Net-like convolutional network32. Implemented in Segmentation
408 Models PyTorch70, the U-Net and MA-Net were trained with a resnet-34 encoder71 while the
409 Segformer used the Mix Transformer – B2 encoder69, all without retrained weights because there
410 are limited pre-trained weights available for the band-combinations used as inputs. For the U-Net
411 and MA-Net, we used the Adam optimizer72 with a Dice loss function, a learning rate of 1e-4,
412 dropout of 0.5 applied to the decoder, and an exponential learning rate decay of 0.9 applied after
413 every epoch (one full pass through the training dataset). For the Segformer, we used the same
414 loss function and dropout but followed the original Segformer article’s recommendations by us-
415 ing the AdamW optimizer73 and a learning rate schedule with a linear warmup over the first 200
416 steps from 2e-7 to 2e-5 followed by cosine annealing scheduled from step 200 to 3690 (30
417 epochs). To prevent overfitting, we stopped training when the validation set’s pixel-wise F1-
418 score failed to increase for five epochs in a row.
419 We experimented with a variety of band combinations: all bands, excluding SAR, and ex-
420 cluding 20-m bands. We also tested adding calculated vegetation and water indices. Based on the
421 validation set F1-score, we found that the best band combination included the four 10m Sentinel-
422 2 bands (blue, green, red, and near-infrared), the two Sentinel-1 SAR bands (corresponding to
423 VV and VH polarization), and four vegetation and water indices: Normalized Difference Vegeta-
424 tion Index (NDVI), McFeeters’s Normalized Difference Water Index (NDWI)67, Gao’s NDWI74,
425 and Modified-NDWI75. To provide more context for the neural network, 640 x 640-pixel images
426 were used as inputs and the output masks were clipped to 500 x 500. The training data were aug-
427 mented by applying random vertical and horizontal flips and random 90-degree rotations, all
428 with 0.5 probability. The model inputs and outputs are visualized in Supplementary Figure 4.
429 The hybrid attention-convolution MA-Net had the highest F1-score on the validation set, and so
430 was selected as the final model for inference (Supplementary Table 7, Supplementary Figure 5).
431 After training, we tuned the binary prediction threshold on the validation set by evaluat-
432 ing the pixel-wise F1-score at each potential threshold between 0 and 1 by 0.01 increments. A
433 threshold of 0.62 proved the best, and so we used that value for model inference and accuracy as-
434 sessment (see sections III and IV below). We then computed the object-based precision, recall,
435 and F1-Scores for the validation set overall and at 6 different size classes (below 0.05 ha, 0.05 to
436 0.1 ha, 0.1 to 1 ha, 1 to 10 ha, 10 to 50 ha, and above 50 ha, based on the size of the prediction
437 mask at 10m resolution), treating any object overlap between the prediction and annotated
438 ground-truth mask as a true positive (Supplementary Table 8). Based on these results, we re-
439 moved reservoir detections smaller than 0.05 ha due to low accuracy (precision = 6.0% and re-
440 call = 2.9%) and larger than 50 ha due to lack of data (only 4 reservoirs from the annotated vali-
441 dation and test sets are larger than 50 ha) from all predictions and analysis.

442 III. Mapping across all 8.5 million km2 of Brazil’s land area
443 After model training and evaluation, we applied the model to all of Brazil—the 5th largest coun-
444 try in the world by land area at 8.5 million km2—to create a wall-to-wall map of small reservoirs.
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445 For the mapping, we used Sentinel-1 and Sentinel-2 cloud-free mosaics from 2021, the last year
446 of full Sentinel-1 data availability before Sentinel-1B was decommissioned due to a power sup-
447 ply issue in 2022. The entire country was first divided into 640 x 640-pixel blocks (563,317 to-
448 tal), with adjacent blocks overlapping by 240 pixels to produce continuous 400 x 400-pixel out-
449 puts. Although the model was trained to output 500 x 500-pixel outputs, accuracy assessment
450 and manual validation revealed that there was a higher rate of False Positives at the edges of the
451 prediction tiles (validation precision for 500 x 500 was 80.7% vs. 83.6% for the center 400 x 400
452 of each prediction). After inference, all image blocks were mosaicked, using the mean of the out-
453 put model scores in areas where multiple prediction tiles overlapped. The prediction threshold
454 calculated during the training phase was applied (0.62) to create a binary reservoir map. Then all
455 reservoirs with an area smaller than 0.05 ha (0.0005 km2 or 5 pixels at 10m resolution) or greater
456 than 50 ha (0.5 km2) were removed.
457 In some cases, the model falsely identified segments of very large waterbodies (e.g., in-
458 lets or bays on lakes or large hydroelectric reservoirs) as small reservoirs. Since this was rare and
459 only occurred for large, permanent waterbodies, we filtered out these false positives by removing
460 any reservoirs that overlapped with a waterbody object larger than 50 ha in the ESRI/Garmin
461 World Water Bodies dataset76. This removed 1,579 reservoir detections from the final maps
462 (0.14%, Supplementary Table 10).
463 Since most detected reservoirs are small, their estimated area is sensitive to small errors
464 in the reservoir prediction mask. To assess the impact of area errors and generate a range of un-
465 certainty, we calculated reservoir areas after applying morphological erosion (shrinking each
466 reservoir by 1-pixel around the perimeter) and dilation (growing each reservoir) using a 3x3
467 cross-shaped kernel (Supplementary Figure 3). This also affected the count of reservoirs, since it
468 changed how many fell between the 0.05 ha minimum and 50 ha maximum size thresholds.

469 IV. Accuracy assessment and comparisons with other datasets
470 We evaluated the accuracy of the final model against the withheld test set of 263 annotated im-
471 ages. We calculated accuracy statistics on both a per-pixel (i.e., each pixel is evaluated as a true
472 positive, true negative, false positive, or false negative) and per-object basis (i.e., each reservoir
473 object is evaluated). For the object-based scores, a True Positive was considered any predicted
474 reservoir object that intersected with a ground-truth object. In cases where multiple predictions
475 overlapped with a single ground-truth object, only the largest prediction was considered a True
476 Positive, and all others were classified as False Positives. We also calculated pixel-wise accuracy
477 statistics in each biome (Supplementary Table 6) and object-based statistics for different size
478 classes (Supplementary Table 8, same as previously discussed above in “II. Training MA-Net
479 segmentation model”).
480 To further assess model precision, we randomly selected 5,000 reservoir detections from
481 the final prediction map to manually verify. We manually assessed each of these reservoirs using
482 Google Satellite and ESRI World Imagery basemap data, categorizing them as “True Positive”
483 and “False Positive”. For manual verification, we used the same criteria as for annotating train-
484 ing data: (1) Is there a visible dam or other obstruction impounding the water? (2) Is there evi-
485 dence of a stream path flowing into and/or out of the reservoir? For the “False Positive” results,
486 we further described the type of error (“Natural Waterbody”, “Non-Stream-Fed Impoundment”,
487 “Duplicate Detection”, “Terrain Shadow”, “Land”, or “Fragment of Large Reservoir”). The re-
488 sults are shown in Supplementary Table 9.
489 Finally, we compared our results against eight different previous artificial reservoir
490 datasets in Brazil (Supplementary Table 5). Where possible, we filtered out reservoirs larger than
491 50 ha from the other datasets before comparison. Of the eight, only four included data across all
492 of Brazil: There are four existing reservoir datasets available for all of Brazil: the official water-
493 bodies dataset from Brazil’s National Water and Sanitation Agency (ANA)40; MapBiomas
494 Agua’s Landsat-based waterbodies dataset42; and a country-wide Cadastral Ambiental Rural
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495 dataset which we aggregated from state-level datasets available on SICAR41. We compared the
496 total reservoir counts, areas, and agreement between our results and these datasets. We empha-
497 size that previous mapping efforts have not specifically attempted to identify small reservoirs,
498 and most used coarser resolution imagery. Our approach complements existing data products
499 which focus on larger impoundments to provide comprehensive information on reservoirs of all
500 sizes. Here we provide some discussion of the advantages and disadvantages of each.
501 Our total surface area is 43% higher and count is 557% higher compared to all sub-50 ha
502 artificial waterbodies in the ANA waterbodies dataset, which was derived from a compilation of
503 sources and is the most reliable data on waterbodies in Brazil to date. The ANA dataset is precise
504 (i.e., low false positive rate), but most small reservoirs are absent (i.e., high false negative rate).
505 Some regions appear much more detailed than others. The Mata Atlântica biome contains 76,496
506 reservoirs compared to our estimated 302,963, but the Amazon contains just 5,752 compared to
507 our 273,444. It is most valuable for cases that demand minimal false positives and require infor-
508 mation on reservoirs of varied sizes.
509 In Brazil, Global Dam Watch includes only 3824 reservoirs smaller than 50 ha. Global
510 Dam Watch is a crucial central repository for large reservoir data, but small reservoirs are out-
511 side the focus of the dataset—according to the authors, the dataset is considered incomplete for
512 reservoirs smaller than 10 km2 and especially for reservoirs smaller than 0.1 km2 17. With the
513 goal of harmonizing the study of dams and their reservoirs, the full global dataset comprises
514 35,295 reservoirs—plus an additional 5850 barrier locations without reservoir polygons—and is
515 an excellent resource for information on large-scale dams.
516 Compared to the MapBiomas Agua waterbodies product, derived from 30m-resolution
517 Landsat data, our area is 44% higher and our count is 91% higher. The dataset includes five de-
518 tailed waterbody classes (Natural, Mining, Reservoirs, Hydroelectric, and Aquaculture) but is
519 limited in its detection of small reservoirs by Landsat’s 30m resolution and prone to reservoir
520 false positives in rivers and at the edges of large hydroelectric reservoirs. We recommend the
521 dataset for applications that require specific classifications of waterbodies beyond natural and an-
522 thropogenic.
523 Finally, to create the unified CAR dataset, we downloaded the federal-unit hydrographic
524 data from the national CAR database for all 26 states and the federal district (Brasília) using the
525 SICAR package41,77. The state-level data are collected by each state’s environmental ministry in
526 order to meet the requirements of Brazil’s forest law, which requires that the riparian areas
527 around streams and artificial reservoirs be left as natural vegetation. The rural environmental reg-
528 istry process requires land-owners to register this information, and the state and municipalities
529 must verify that the appropriate areas of each property are protected. In recent years, Brazil’s
530 Amazon Fund has invested tens of millions of dollars (US) into improving state-level CAR data
531 by manually annotated forests, streams, artificial waterbodies, and more to help validate prop-
532 erty-level registrations78, for example. For some regions, this results in very high-quality reser-
533 voir data for even small reservoirs. For example, in Espírito Santo, 58,931 reservoirs smaller
534 than 50 ha have been delineated—almost three-times how many we mapped—and most appear
535 accurate. However, in other areas the data is missing, incomplete, and unreliable. Reservoirs that
536 cross property boundaries are frequently fragmented and missing segments. Overall, we identi-
537 fied 71% more reservoirs with 35% more surface area. Nevertheless, the aggregated CAR dataset
538 contains more sub-50 ha than any other existing reservoir database. Depending on the application
539 and region of interest, the CAR dataset could be useful for researchers, but its regional inconsis-
540 tencies limit is country-wide utility. We provide our aggregated CAR dataset for download79.
541
542 V. Land-use/land-cover assessment
543 To assign reservoirs to land-use/land-cover (LULC) classes, we downloaded MapBiomas LULC
544 Collection 10 data 44 for 2021. Six land-cover/land-use categories were analyzed: “Forest/Sa-
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545 vanna” (MapBiomas classes 3, 4, 5, 6, 49), “Grass/Shrub” (classes 11, 12, 32, 29, 50), “Pasture”
546 (class 15), “Crop” (classes 18, 19, 20, 35, 36, 39, 40, 41, 46, 47, 48, and 62), “Agricultural Mo-
547 saic” (class 21), and “Other” (all other classes). A 1-km buffer was calculated from the perimeter
548 of each reservoir. Each reservoir was assigned to the class comprising the most pixels within its
549 1-km buffer, calculated using the “exactextract” package in Python80. Since reservoirs frequently
550 sit in riparian vegetation within pasture and croplands, this method may overestimate how many
551 reservoirs are associated with forest and underestimate the number associated with agriculture.
552 Assessing compliance with the Forest Code’s Permanent Protected Area requirement24
553 followed a similar process. We first created a 30 m buffer from the perimeter of all reservoirs
554 larger than 1 ha in surface area (13.3% of our reservoir detections, or 149,804 total reservoirs;
555 smaller reservoirs are exempt from the requirement). Then we calculated the fraction of all Map-
556 Biomas LULC classes within the buffer (excluding the original polygon), grouping the classes
557 into three groups: “Natural” (classes 3, 4, 5, 6, 11, 12, 23, 29, 32, 49, 50, and 23), “Water”
558 (classes 31 and 33), and “Other” (all other classes).
559
560 VI. Modeling reservoir counts per municipality
561 To better understand the distribution of reservoirs across the country, we modeled reservoir
562 counts per municipality (n = 5,570) based on a range of social, economic, and environmental
563 variables. We chose a generalized additive model (GAM) for its balance of power, flexibility,
564 and explainability. We modeled reservoir counts as a negative binomial variable using a log link
565 function and offset by the log of the municipality area. The GAM fitting and evaluation were
566 performed in R using mgcv81.
567 We evaluated a wide range of socioeconomic and environmental variables: monthly pre-
568 cipitation82; cattle herd size45; total municipality area covered by natural vegetation, pasture, rice,
569 corn, and soy (currently and change from 1985)44; soy, corn, and rice agricultural production by
570 mass and value83; irrigated area51; total aquaculture production84; population85; gross domestic
571 product (GDP) overall and agricultural-only86; and number of intersections between roads and
572 streams within the municipality52,87. Missing data were filled with zeros. We eliminated variables
573 with high concurvity (observed concurvity > 0.8) and non-significant Chi-Square tests of their
574 fitted splines (α = 0.01). Notably, irrigated land area had a non-significant Chi-Square test. The
575 agricultural production variables, including soy, corn, and rice yields, had high concurvity with
576 the equivalent land-use/land-cover variables. In each case, we chose the variable that most in-
577 creased the Akaike information criterion, which was LULC for soy and total production for rice.
578 In the end, we narrowed the list down to 11 total variables: municipality latitude and lon-
579 gitude (as a bivariate tensor product smooth), biome, cattle herd spatial density 45, mean monthly
580 precipitation and standard deviation of monthly precipitation (bivariate tensor product smooth)82,
581 population density85, agricultural-GDP per capita86, % of municipality area dedicated to soy agri-
582 culture, total rice production in kilograms44, total aquaculture production in kilograms84, and %
583 of land converted from natural land-covers (1985 to 2021; limited by the length of the Landsat
584 record)44. The model diagnostics show that the residuals are approximately normally distributed
585 around 0 and independent, other than a few outliers (Supplementary Figure 6). To evaluate the
586 relative importance of each of these variables, we used the gam.hp package, which uses hierar-
587 chical partitioning to calculate the contribution of each variable to the overall explained deviance
588 of the model88 (Supplementary Table 11).

589 VII. Estimating evaporative water loss from reservoirs
590 To estimate the total evaporation from small reservoirs in Brazil, we use the following equation:
591 𝐸𝑟𝑒𝑠 =∑

𝑁
𝑖=1𝐴 𝑖 × 𝐸𝑇0,𝑖 × 365 (1)

592 Where 𝐸𝑟𝑒𝑠is the annual total evaporation from all reservoirs in m3, 𝑁 is the total number of
593 reservoirs (1,126,861), 𝐴𝑖 is the area of reservoir 𝑖 in m2, and 𝐸𝑇0,𝑖 is the daily Penman-Mon-
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594 teith reference crop potential evapotranspiration in meters at the centroid of reservoir 𝑖, obtained
595 from the Brazilian Daily Gridded Weather Dataset (BR-DWGD) available at 0.1o x 0.1o resolu-
596 tion53,89. We used reference potential evapotranspiration as a conservative best-guess evaporation
597 rate since there is substantial uncertainty in the open water evaporation rates from small reser-
598 voirs, which are rarely the focus of in situ evaporation rate observations and may vary widely in
599 turbidity, depth, and vegetation cover. Although better estimates can be attained with lake depth
600 and/or local pan evaporation measurements90, Penman-Monteith reference crop potential evapo-
601 transpiration is an established, conservative method for estimating open water evaporation3,91–93,
602 particularly for shallow water bodies since heat retention is a less important factor. For compari-
603 son, using the Penman open water evaporation equation94 applied to the BR-DWGD resulted in
604 25% higher gross evaporation estimates but is likely an overestimate for small reservoirs which
605 are frequently surrounded by trees which can break the wind and shade parts of the water sur-
606 face.
607 To convert from total evaporation to excess evaporative water loss, we follow ANA’s ap-
608 proach39 by subtracting an estimate of the total baseline evapotranspiration from the reservoir
609 surface areas if the reservoirs did not exist:
610
611 𝐸𝑇𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 =∑𝑁

𝑖=1𝐴 𝑖 × 𝐸𝑇𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑖 × 365 (2)
612
613 where 𝐸𝑇𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒𝑖 is the daily actual evapotranspiration at the reservoir centroid from the fourth
614 generation Global Land Evaporation Amsterdam Model (GLEAM4) dataset, also at 0.1o x 0.1o
615 95. While a rough estimate, ANA incorporates the hypothetical reservoir-absent evapotranspira-
616 tion to the atmosphere to better represent the water balance impacts of the reservoirs. Taken to-
617 gether, total excess evaporative water loss (𝐸𝑊𝐿𝑟𝑒𝑠) from the reservoirs is:
618
619 𝐸𝑊𝐿𝑟𝑒𝑠 = 𝐸𝑟𝑒𝑠−𝐸𝑇𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒 (3)
620
621 To account for reservoir surface area uncertainty, we calculate a range of evaporative water loss
622 estimates using reservoir areas with morphological erosion and dilation applied (see “III. Map-
623 ping across all 8.5 million km2 of Brazil’s land area”).
624
625 Data availability: The complete reservoir dataset is available at: https://doi.org/10.5281/zen-
626 odo.1492722779. The annotated training data, trained model weights, and manually validated
627 reservoir detections are available at: https://doi.org/10.5281/zenodo.1492719696.
628
629 Code Availability: All code used for training, modeling, and analysis is available at:
630 https://doi.org/10.5281/zenodo.1493373497.
631
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677
678 Supplementary Figure 1.

679
680 Reservoir count per km2 land area in each Brazilian biome, with total counts in parenthe-
681 sis.
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682 Supplementary Figure 2.

683
684 Examples of 5 km x 5 km subsets of cloud-free Sentinel satellite mosaics over Brazil used
685 for training and prediction, with annotations and final predictions. Examples taken from
686 validation set. Top: True color composite of Sentinel-2 using Bands 4 (Red), 3 (Green), and 2
687 (Blue). 2nd Row: Sentinel-1 in VV polarization mode. 3rd Row: Sentinel-1 with manual reservoir
688 annotations. Note that the first and last examples contain natural water bodies but no reservoirs.
689 Bottom: Sentinel-1 with final predictions.



26

690 Supplementary Figure 3.

691
692 The MA-Net accurately delineates full reservoir outlines in Sentinel imagery. A detailed ex-
693 ample of reservoir prediction from Mato Grosso, Brazil, displayed against Sentinel-2 true color
694 imagery.
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695 Supplementary Figure 4.

696
697 Flow chart of training and prediction process. A total of 10 bands are used as inputs, each 640
698 x 640 pixels. The output is a 500 x 500-pixel binary mask, with 1 representing a reservoir pixel
699 and 0 representing land and non-reservoir water. During training, the human-annotated masks are
700 used to fit the model.
701
702
703
704
705
706
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707 Supplementary Figure 5.

708
709 Model accuracy metrics during training and evaluation. (A) Progression of Training- and
710 Validation-set Dice loss during training. (B) Precision-Recall curves for Validation and Test sets.
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711 Supplementary Figure 6.

712
713 Diagnostic plots for residuals of generalized additive model of per-municipality reservoir
714 counts.
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715 Supplementary Table 1.
716 Reservoir statistics by biome. The maximum value in each column is shown in bold.

Biome Count

Total
Area
(km2)

Median
Area
(ha)

Density
(#/km2)

MapBiomas
(MB) Water
Bodies Total
Count 42

Reservoir
Count
as % of
MB

MB Water
Bodies Total
Area (km2)

Reservoir
Area
as % of
MB

Global Dam
Watch Largest
Reservoir
Area (km2) 17

Amazônia 273,444 1326 0.17 0.06 680,929 40.2 1,040,822 1.3%
2339 (Tucu-

ruí)

Caatinga 176,498 1496 0.22 0.20 142,034 124.3% 77,236 19.4%
2604 (Sobrad-

inho)

Cerrado 275,550 1797 0.22 0.14 275,047 100.2 131,718 13.7%
926

(Furnas)
Mata

Atlântica 302,963 1636 0.23 0.27 278,884 108.6 185,270 8.8%
1202 (Porto
Primavera)

Pampa 93,628 1324 0.27 0.48 60,556 154.6 176,999 7.5%
192

(Passo Real)

Pantanal 4,929 17 0.13 0.03 28,166 17.5 6,091 0.3%
55

(unnamed)
717
718
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719 Supplementary Table 2.
720 Reservoir statistics by state. The maximum value in each column is shown in bold.

State Count
Total Area
(km2)

Median
Area (ha)

Density
(#/km2)

CAR Count
41

CAR Area
(km2)

Rio Grande do Sul 138,558 1541 0.25 0.52 25,900 489
Goiás 97,405 677 0.23 0.29 68,457 536
Minas Gerais 91,793 528 0.23 0.16 83,939 384
Pará 85,507 352 0.15 0.07 13,600 117
Mato Grosso 80,551 513 0.21 0.09 136,176 546
Maranhão 72,295 256 0.16 0.22 7,249 60
Bahia 65,176 297 0.17 0.12 11 0
São Paulo 64,702 492 0.29 0.26 45,543 222
Ceará 59,156 667 0.32 0.40 57,118 1391
Rondônia 54,251 268 0.19 0.23 22,057 137
Paraná 38,039 198 0.22 0.19 20,222 99
Mato Grosso do Sul 37,738 226 0.19 0.11 24,861 165
Tocantins 36,744 224 0.19 0.13 25,513 249
Santa Catarina 32,414 160 0.23 0.34 13,385 54
Pernambuco 29,918 167 0.19 0.30 6,985 104
Paraíba 26,610 274 0.26 0.47 21,315 336
Acre 24,277 97 0.18 0.15 5,385 28
Espírito Santo 21,391 133 0.27 0.46 58,931 255
Rio Grande do Norte 14,804 214 0.38 0.28 13,527 347
Piauí 13,487 73 0.21 0.05 1,871 38
Alagoas 10,369 49 0.16 0.37 2,194 18
Sergipe 10,130 29 0.14 0.46 1,067 5
Rio de Janeiro 9,216 45 0.22 0.21 2,262 9
Roraima 6,214 82 0.33 0.03 576 24
Amazonas 4,996 24 0.19 0.00 2,041 21
Distrito Federal 878 6 0.24 0.15 395 4
Amapá 405 3 0.28 0.00 57 4

721
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722 Supplementary Table 3.
723 Reservoir statistics by macroregion. The maximum value of each column is shown in bold.

Region Count Total Area (km2) Median Area (ha) Density (#/km2)
Nordeste 301,946 2025 0.20 0.19
Centro-Oeste 216,574 1422 0.22 0.13
Norte 212,391 1051 0.17 0.06
Sul 209,011 1899 0.24 0.37
Sudeste 187,102 1198 0.25 0.20

724
725
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726 Supplementary Table 4.
727 Reservoir statistics by major hydrographic region. The maximum value of each column is
728 shown in bold.

Name Count
Total Area
(km2)

Median
Area (ha)

Density
(#/km2)

% in headwater
sub-basins*

Paraná 190,032 1343 0.27 0.22 71.4%
Tocantins-Araguaia 168,716 899 0.18 0.18 85.0%
Amazônica 164,454 933 0.20 0.04 69.2%
Atlântico Nordeste
Oriental 118,240 1212 0.27 0.42 76.2%
Uruguai 88,695 1015 0.25 0.51 83.1%
Atlântico Leste 82,656 391 0.18 0.21 79.6%
Atlântico Sul 79,428 671 0.24 0.43 80.4%
Atlântico Nordeste
Ocidental 67,915 253 0.16 0.25 89.5%
São Francisco 59,906 354 0.19 0.09 75.5%

Atlântico Sudeste 48,880 226 0.22 0.23 86.5%
Paraguai 39,772 170 0.16 0.11 74.2%
Parnaíba 18,317 129 0.22 0.05 77.8%

729 *Strahler stream order of 1-3
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730 Supplementary Table 5.
731 Reservoir area and count (this study) compared with previous datasets.

Comparison
Source

Region
Overlap

Year Method This
Study
Area
(km2)

Comp.
Area
(km2)

This
Study
Count

Comp.
Count

Shared
Count

ANA40 Brazil 2019
Man-

ual/Aggre-
gate

7597
(5072 –
10,770)

5299
1,126,861
(725,267 –
1,280,671)

171,678 130,940

MapBiomas
Agua42 Brazil 2021

Random
Forest

(Landsat)

7597
(5072 –
10,770)

5263
1,126,861
(725,267 –
1,280,671)

589,577 387,242

CAR41 Brazil 2025
Man-

ual/Aggre-
gate

7597
(5072 –
10,770)

5643
1,126,861
(725,267 –
1,280,671)

660,686 245,356

Lehner et al.17 Brazil 2024 Aggregate
7597

(5072 –
10,770)

709
1,126,861
(725,267 –
1,280,671)

3824 3259

Macedo et
al.6

Upper
Xingu
basin

2007 eCognition
(Aster)

110
(76 –
150)

188
10,789
(8297 –
11,723)

9977 5351

Souza et
al.98*

Amazon
biome 2017

Random
Forest

(Landsat)

1326
(762 –
2028)

1223
273,444

(156,399 –
319,460)

>50,000 N/A

Arvor et
al.27*

Sorriso
muni. 2015 Temporal

(Landsat)
11.3
(8.8
–14.7)

17.1
701

(595 –
743)

522 N/A

Lathuillière et
al.3

Mato
Grosso
state

2014
Random
Forest

(Landsat)
513 593 80,553 31,985 18,937

732 *Not filtered to reservoirs smaller than 50 ha.
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733 Supplementary Table 6.
734 Test-set accuracy by biome. Unless otherwise specified, metrics are computed on a pixel-
735 wise basis.

Biome Train
Count
(images)

Test
Count
(images)

Annotated
Reservoir
Pixels (test
set)

Precision Recall F1-
Score

# of Detec-
tions Manu-
ally Checked

Manually
Validated
Precision
(object-
based)

Amazônia 422 124 11,048 80.0% 66.8% 72.7% 1221 76.1%
Caatinga 82 15 1569 82.5% 62.7% 71.2% 792 70.3%
Cerrado 302 84 22,388 74.0% 82.5% 77.9% 1207 68.6%
Mata
Atlântica

105 32 5532 58.5% 59.6% 59.0% 1334 52.7%

Pampa 21 2 15,991 90.9% 92.2% 91.5% 428 65.7%
Pantanal 46 6 19 3.3% 5.3% 4.1% 18 38.9%
All 978 263 56,547 78.4% 79.2% 78.8% 5000 66.1%

736
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737 Supplementary Table 7.
738 Pixel-wise accuracy statistics for evaluated model architectures (max in each column
739 bolded)

Validation Test
Model Tuned Pre-

diction
Threshold

Epochs F1 Precision Recall F1 Precision Recall

U-Net 0.70 18 77.2 81.1 73.8 67.6 59.8 77.8
MA-Net 0.62 20 77.4 80.7 74.4 78.7 78.3 79.2
Segformer 0.67 15 73.8 75.1 72.6 71.1 67.8 74.7

740
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741 Supplementary Table 8.
742 Accuracy by size (object-based)

Set Size (ha) True Count Predicted
Count

Precision Recall

Train

< 0.05* 443 252 31.3% 7.7%

0.05 to 0.1 590 344 55.5% 32.3%

0.1 to 1 1383 1287 75.1% 74.0%

1 to 10 273 290 91.4% 93.0%

10 to 50 27 26 100.0% 92.6%

> 50* 4 3 100.0% 75.0%

All 2273 1947 74.4% 65.7%

Validation

< 0.05* 115 87 36.8% 2.6%

0.05 to 0.1 155 101 46.5% 28.4%

0.1 to 1 401 387 72.6% 76.3%
1 to 10 80 84 83.3% 95.0%
10 to 50 8 6 100.0% 87.5%
> 50* 2 1 100.0% 50.0%
All 644 578 69.9% 67.2%

Test

< 0.05* 155 92 51.1% 9.0%
0.05 to 0.1 245 124 62.9% 28.6%
0.1 to 1 510 399 79.4% 72.0%

1 to 10 78 92 89.1% 96.2%
10 to 50 3 5 60.0% 66.0%
> 50* 2 1 100.0% 50.0%
All 836 620 77.4% 61.4%

743 *Removed from “All” and from final predictions.
744
745
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746 Supplementary Table 9.
747 Manual validation results for 5000 randomly selected reservoir predictions

Label Error Type Count Percentage
True Positive True Positive 3305 66.10%

False Positive

Natural Waterbody 375 7.50%
Non-Stream-Fed Impoundment 1226 24.52%
Duplicate Detection 67 1.34%
Land 15 0.30%
Shadow 10 0.20%
Fragment of large (>50 ha) reser-
voir

2 0.04%

748
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749 Supplementary Table 10.
750 Reservoir counts during post-processing

Stage Reservoir Count Total Area (km2)
Raw predictions 1,311,248 8252
Filter to < 50 ha 1,310,534 7716
Filter to >= 5 ha 1,128,440 7671
Remove known natural water
bodies

1,126,861 7597

751



40

752 Supplementary Table 11.
753 Municipality reservoir count GAM predictors ranked by contribution to total explained
754 deviance.

Variable Unique Avg. Shared
Total (Unique –
Avg. Shared)

Percentage
Contribution

Cattle Herd Size per km2 0.1236 0.0563 0.1799 32.8%
Coordinates 0.0700 0.0503 0.1203 21.9%
Annual mean and standard de-
viation of monthly precipita-
tion

0.0410 0.0753 0.1163 21.2%

Population Density 0.0094 0.0237 0.0331 6.0%
Road-River Crossings per km2 0.0134 0.0171 0.0305 5.6%
Biome 0.0031 0.0179 0.0210 3.8%
% Land Cleared since 1985 0.0127 0.0078 0.0205 3.7%
% Land Dedicated to Soy
Agriculture 0.0137 -0.0040 0.0097 1.8%
Agricultural GDP per capita 0.0045 0.0028 0.0073 1.3%
Aquaculture Production
(kg/km2) 0.0018 0.0052 0.0070 1.3%
Rice production (kg/km2) 0.0025 0.0006 0.0031 0.6%

755
756


