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a GPU-accelerated framework that re-engineers these four
algorithms and is able to process areas as large as river basins 1 Introduction

of 250,000 km2 on commodity GPU workstations. We express
these algorithms in terms of easily parallelizable primitives
of pixel independent (PI) and short-pixel (SP) operations,
and iterative primitives of long-pixel (LP) operations. Each
algorithm uses a different mix of the primitives which helps
us ensure that the implementation is generic. We show that
our implementation of these algorithms produces accurate
outputs and is able to achieve significant performance ben-
efits over alternative methods. Being able to execute the
algorithms on a commodity GPU workstation paves the path
to use on-prem infrastructure to produce national-scale out-
puts, and collaborate to pool multiple national-scale outputs
together for global-scale analysis.

Hydrological modeling on geospatial data is a critical tool
to understand and manage water resources, predict natu-
ral hazards, and support environmental planning. As the
scale and complexity of geospatial datasets continue to grow,
traditional computational approaches face significant perfor-
mance bottlenecks that limit their practical application. A
few such examples in the hydrology context are listed below:

Flow accumulation - calculate the upstream aerial ex-
tent from which rainfall runoff is expected to drain into a
point. This algorithm is crucial to assess which areas might
be prone to waterlogging or floods, and is an intermediate
step to map river and stream networks [19].

Drainage line hierarchy - channels along with rain-
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stream flow and sediment transport volumes

Watershed delineation — considered as a basic hydro-

oY logical unit for water-balance studies, a watershed is a closed
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landscape and to plan infrastructure like dams and check-
dams [6].

Runoff simulation - an hourly or daily simulation of
the movement of surface water based on rainfall and the
underlying terrain that determines flow direction and flow
velocity is used to model inundation with heavy rainfall
events and expected water storage in reservoirs and smaller
waterbodies [10][3.1.2.2].

These algorithms typically analyze geospatial data orga-
nized into grids of pixels, one of the most significant sources
being Digital Elevation Models (DEMs) that provide the ele-
vation above mean sea level of each pixel. Raster layers of
DEMs come in various resolutions, ranging from 1 meter to
90 meters or more, with finer resolutions providing greater
detail at the cost of increased computational demand. The
algorithms operating on such DEM layers can be expressed
in terms of the following primitive operations:

Pixel independent operations (PI) computations are where
the output value of each pixel depends solely on the in-
put value at the same spatial location without considering
neighboring pixels or spatial context. These operations are
inherently parallelizable due to the absence of any inter-pixel
dependencies. For example, to calculate the total runoff vol-
ume expected to arrive at a pixel based on the daily runoff
estimates is simply a sum of the daily values recorded and
stored at that pixel. This is illustrated in Figure A 1.

Short Pixel Operations (SP) (Figure B 1) are computations
where the output value of each pixel is based on the values of
pixels within a limited predefined neighborhood around the
corresponding input pixel. This “bounded distance” means
that only nearby pixels contribute to the calculation. For
example, determining the dominant flow direction at each
pixel can be done by analyzing the elevation values of its
eight immediate neighbors and find the maximum to identify
the direction of steepest descent.

Long pixel operations (LP) Figure 1 encompasses compu-
tations where an output pixel’s value can depend on pixels
located at an unbounded distance across the entire raster.
Examples include flow accumulation as shown in figure C
1, where the value of the last pixel is highlighted as a red
cell with a flow accumulation value of 21 and was obtained
by propagating values along the dominant flow direction
from many upstream cells which may not be limited by any
predefined distance.

Existing tools to run these operations present significant
limitations. GDAL based libraries such as Grass which are
widely used for geospatial processing rely primarily on CPU
based computations with only thread level parallelization
[2], and often result in processing times of hours or system
crashes when the algorithms are run on large watersheds
or river basins. Google Earth Engine (GEE) provides a dis-
tributed map-reduce framework to scale the aerial extent
over which computations become feasible, but only provides
support for SP and IP operations, with no support for LP
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computations that might require iterative updates [3, 5]. GEE
can also struggle with memory limitations when processing
large datasets and may terminate tasks depending on the
load.

In this paper, we address such computational bottlenecks
by developing GPU-accelerated solutions for hydrological
analysis. We show that it is feasible to leverage GPUs to
achieve significant performance improvements while main-
taining computational accuracy, particularly targeting the
challenging LP operations that current tools are unable to
handle efficiently. Importantly, our solutions are designed
to run on commodity GPU workstations without requiring
access to centralized high-performance computing infras-
tructures. All experiments and benchmarks were done on
a workstation equipped with an Intel Core i9 CPU, 64 GB
RAM, and an NVIDIA RTX GPU with 24 GB of VRAM. We
found that this infrastructure is sufficient for river basins as
large as 250,000 km2 and can meet a service-level agreement
(SLA) target of computing the above tasks within a few hours
for such a basin. Researchers or modelers can therefore use
local on-prem compute infrastructure for such analysis eas-
ily at a national scale; for instance, India has 25 major river
basins of which only three have an aerial extent between
250,000 to 315,000 km2 [7], and therefore all the basins can
be serially processed on one or a couple of such worksta-
tions within a few days. National-scale outputs produced
by different research groups can also be pooled together for
larger global-scale analysis if needed.

Other studies also highlight the advantages of GPU accel-
erated geospatial processing in scientific workflows[14, 16],
but generally focus on pixel-independent and short-pixel
operations, which are easier to parallelize. Our main con-
tribution is to demonstrate that long-pixel operations such
as iterative propagation of runoff with path tracing over a
heterogeneous terrain is also feasible and can be done on
commodity workstations. When combined with a vision of
planetary computing that makes dataset and algorithm shar-
ing and combining easier [9], the feasibility of such local
on-prem computation can pave the path for decentralized
pooling of resources for planetary scale outputs.

2 Methodology

Flow accumulation, drainage lines extraction and stream
order numbering, watershed delineation, and runoff sim-
ulation are key hydrological algorithms that we chose to
demonstrate implementation since they use all three (SP, PI,
LP) types of operations.

We use CuPy [13] for GPU computing with vectorized op-
erations and custom kernels. A vectorized approach means
performing operations on entire arrays or matrices simulta-
neously, rather than processing elements one by one with ex-
plicit loops. A custom kernel approach involves writing spe-
cialized, low-level functions (kernels) that execute directly
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Figure C. Long pixel (LP) Operation, flow direction of each pixel represents
the steepest neighbor according to direction coding, and flow accumulation,
where each pixel value represents. The number of upstream pixels draining
into the pixel

Figure 1. Pixel Independent, Short Pixel, Long Pixel Operations

on the hardware’s parallel processing units. This offers fine-
grained control over execution for tailored computations
when pre-built functions are not sufficient.

2.1 Flow Accumulation

The flow accumulation algorithm [1] computes for each cell
the number of upstream pixels from which flow accumulates
at the cell. It is computed after determining the flow direc-
tion for each cell, typically obtained from a Digital Elevation
Model (DEM) [11] using methods such as the D8 [12] (deter-
ministic eight-node) algorithm that identifies the direction
of maximum downstream slope. Mathematically, for a cell c,
the flow accumulation A(c) is defined recursively as:

Alc) =1+ Z A(i)
i€P(c)
Where P(c) is the set of all immediate upstream cells that
flow into cell c.

The CPU-based implementation as used in the GDAL grass
library is illustrated in Algorithm 1. This approach relies on
iterative computation and processes each pixel sequentially,
resulting in long computation times, especially as the input
size increases. To address this, we implemented an optimized
GPU-based method shown in Algorithm 2. This works as
follows.
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Flow accumulation is itself an LP operation that uses mul-
tiple SP or PI operations internally. Initially, PI and SP op-
erations are done using CuPy [13] arrays to allocate and
set up the flow direction (flow_dir), accumulation raster
(acc), indegree count (in_deg), and two working arrays —
active and next_active — for tracking cells in successive
iterations. Following this initialization, GPU kernels are in-
voked to compute the upstream contributor count shown in
Algorithm 3 to identify the initial set of active cells with
no inflow (KERNEL _INITACTIVE) Algorithm 4. These are
cells for which in_deg = 0 and represent the starting points
of flow paths.

The main loop of the algorithm then applies a Long Pixel
(LP) operation that iteratively calls KERNEL_PROPAGATEFLOW
shown in Algorithm 6, itself an SP operation, to update
downstream accumulation values and identify the next set
of active cells. This strategy ensures that only necessary cells
are processed in each iteration, enabling efficient wavefront-
style propagation of flow.

This GPU-based method is highly efficient, as it exploits
the parallel nature of CUDA by concurrently processing
multiple independent flow paths.

The flow accumulation expands outward from leaf nodes
(cells with no inflow), updating downstream values layer by
layer. The total number of iterations required is proportional
to the length of the longest flow path in the DEM rather
than the total number of pixels. This results in substantial
performance gains over traditional CPU-based methods that
process pixels sequentially.

2.2 Drainage Line Hierarchy

Drainage lines represent the hierarchical structure of flow
paths within a river or stream network. This hierarchy is
computed after deriving flow direction and flow accumu-
lation from the DEM. Once flow accumulation values are
obtained for each pixel, a threshold is applied to identify
potential drainage lines. A low threshold will help identify
fine drainages while a higher threshold will only identify
cells that are a part of larger streams. The segments in this
network then need to be ranked using hierarchical rules,
commonly following either the Strahler or Shreve method,
as outlined next.

This process of ranking can be considered as a label prop-
agation operation since each cell’s label (or rank) depends
on upstream contributors. This is also an LP operation since
the distance of propagation is not fixed. Traditional tools
like GDAL use a sequential breadth-first search (BFS)-like
approach for this task which becomes slow on large inputs.
Applying a GPU-based parallel method similar to the flow
accumulation strategy can significantly speed this up. Two
common strategies are followed to label the drainage lines
as outlined below.

Strahler Method: In this approach, all headwater cells
(drainage sources) are assigned a rank of 1. When two drainage
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lines of the same rank meet, the downstream cell’s rank is
assigned as one more than this rank. If the merging drainage
lines have different ranks, the downstream cell is assigned
the value of the maximum of the two. As shown in Algo-
rithm 7, the algorithm first identifies stream cells using a
threshold on flow accumulation (KERNEL_STREAM_CELL, Al-
gorithm 5), and then KERNEL_COMPUTEINDEGREE is used to
computes the in-degree (number of upstream contributors)
of the cells shown in Algorithm 3. Cells with zero in-degree
are initialized with a rank of 1 and marked as active cells.
The GPU then processes all active cells in parallel, updating
downstream ranks based on upstream values. This efficiently
models branching drainage networks.

Shreve Method: This method also starts with assigning
rank 1 to headwater cells, but instead of choosing the max
or incrementing by one when drainage lines meet, it sums
the ranks of contributing upstream cells. This gives a sense
of total upstream drainage volume. Algorithm 8 shows the
procedure. Using SHREVE_KERNEL, the GPU adds the value
from each active cell to its downstream target based on the
flow direction. The process repeats until all drainage lines
are processed. Since it uses simple addition, it involves fewer
conditional checks and runs faster on large datasets.

2.3 Watershed Delineation

The algorithm expects a threshold of the aerial extent in
which to segment a landscape into watersheds. Typically,
micro-watershed units of 500-1000 hectares are used for wa-
ter security and flood planning purposes. The process of
delineation begins with applying the threshold on flow accu-
mulation values of cells belonging to the drainage network.
Cells with values above this threshold are called stream
cells.

A subset if then identified of convergence points with an
in-degree greater than one where multiple stream segments
are joining. Next, outlet cells adjacent to the convergence
points are identified which flows directly into the conver-
gence point. All steps so far are IP or SP operations and
the GPU kernel (KERNEL_FIND_OUTLETS) shown in Algo-
rithm 10 is used to assign a unique ID to the outlet cells.

Through an LP operation, this unique ID then needs to
be propagated upstream through the stream network us-
ing a parallel wavefront-style traversal until the aggregated
stream segments have a maximum flow accumulation count
below the aerial extent of the watershed delineation that is
required. Next, the flow direction is used to identify all cells
draining into these stream cells and are assigned the ID for
the watershed. The process is then repeated for other outlet
cells that have not been labeled as yet. Algorithm 9 shows
the pseudocode representation of this algorithmic process.

2.4 Runoff Simulation

Runoff simulation is crucial to study the spatial and temporal
behavior of surface water flow across a landscape [10] and
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involves long pixel operations since the rainfall on a pixel
can flow to an unbounded set of downstream pixels. The
conventional method involves computing runoff for each
time slice (E.g., hourly or 3-hourly or daily intervals) using
models operating on underlying layers including DEM (to
obtain the slope - higher slope leads to a higher runoff) [11],
Land Use and Land Cover (LULC - more vegetated pixels
lead to lower runoff) [4], and hydrological soil properties
(E.g. clayey soils lead to higher runoff than sandy soils) [15],
and rainfall data (both current and past rainfall data is used
to model the wetness of the soil at that time - dry soils
would lead to greater infiltration and less runoff than soils
which have already been wetted from earlier rainfall). Once
per-pixel runoff values have been computed for a given in-
terval, the flow accumulation algorithm is used to simulate
the downstream movement of this runoff, i.e. the algorithm
instead of counting the number of cells draining into a given
cell, now sums the runoff draining into a given cell.

While the per-pixel runoff values can be computed using
mostly IP operations as mentioned in Figure 2, the runoff
accumulation approach has redundant computation since
the flow accumulation is recalculated at each timestep, even
though the mapping of any source pixel to destination pixels
remains the same. Simulating just one iteration, this flow
accumulation of 3-hour runoff over a river basin using GDAL
took over 20 hours, making it infeasible to run the computa-
tion for 3 months, which is the typical monsoon duration in
India during which such simulations are required.

Our GPU-accelerated runoff simulation pipeline is out-
lined in Figure 2. The main idea is to precompute a jump
matrix (an LP operation) by simulating how far a cell’s runoff
can travel within a fixed time window (E.g., 3 hours), consid-
ering the terrain. For each pixel (i, j), the transfer time to its
steepest downslope neighbor is calculated as At = % where
d is the pixel resolution and v is the velocity calculated using
the Manning equation [18]. Over successive iterations, the
runoff generated on a pixel thus “jumps” to its downstream
destination until the cumulative travel time exceeds the pre-
defined time window. The final output is a Jump Matrix,
where each entry stores the row-major index of the des-
tination pixel. Once generated, this matrix enables direct
transfer (a short pixel operation) of runoff volume to the des-
tination pixel across all timesteps. Figure 12 shows the Jump
Matrix operation, followed by the Route function, which
uses the Jump Matrix to transfer runoff from each cell to its
destination.

Another slight difference in the GPU-accelerated version
is that calculation of the per-pixel runoff incorporates the
incoming runoff into the pixel (transported from upstream
pixels via the Jump Matrix) in addition to the rainfall on
that pixel. This is shown as the red colored lines in Figure 2.
This would lead to more accurate runoff estimation by also
modeling incoming runoff into a pixel from upstream areas
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Figure 2. Runoff simulation pipeline showing the generation of
abstraction layers (SR1-3), moisture modifiers (M1-3), and the use
of daily and past rainfall (P, P5) for final runoff estimation. All SR
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for the next runoff iteration. White Nodes indicate static
operations that are computed once and can be saved for
subsequent use.

in addition to the rain falling on that pixel, as compared
to simpler approaches which only consider runoff resulting
from rainfall on a pixel.

3 Results

We used an Intel Core i9 CPU with 64 GB RAM and an
NVIDIA RTX GPU with 24 GB of VRAM. GPU-based al-
gorithms were run using our CuPy implementation while
CPU-based algorithms were run using GDAL configured
with hyper-threading enabled.

We next present the performance and accuracy of our
GPU accelerated framework for hydrological computations,
comparing it with traditional CPU-based tools like GDAL
and Google Earth Engine (GEE).

Experiments were conducted using the SRTM DEM [11],
LULC [4], and soil datasets [15] reprojected to a common
30m resolution, and done at two scales: on the Lower Ganga
Basin (LGB) which covers an aerial extent of approximately
249,661 km?® [8] with a total DEM raster size of 2.6 GB, and
on a smaller area of the Masalia sub-district in the Dumka
district of Jharkhand, covering 464.81 km?® [17] with a raster
size of 5 MB. The smaller size dataset primarily served the
role of validating our outputs against those produced by
standard algorithm implementations in GDAL.
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Flow accumulation: Table 1 highlights the substantial
performance gains achieved by our GPU-accelerated flow
accumulation implementation. Compared to GDAL (CPU-
based processing), the GPU approach achieved a speedup of
over 5x for the entire LGB and approximately 20x for the
smaller Masalia region.

To validate our output, we extracted the Masalia subre-
gion (highlighted by the yellow square in the top-center map)
from the GPU-computed flow accumulation for the entire
LGB and also computed for this area using the GDAL flow
accumulation implementation (Figure 3). Panel A shows the
CPU-based (GDAL) flow accumulation visualized in QGIS
while Panel B shows the corresponding GPU-based output
clipped from the LGB output. Both are identical. Further,
Panel C shows a pixel-wise scatter plot comparing flow ac-
cumulation values between the GPU and CPU outputs, con-
firming the correctness of the GPU implementation.

Drainage lines extraction: Our GPU implementation
significantly accelerated both Strahler and Shreve stream or-
der computations, as shown in Table 1. The Shreve method
runs faster than Strahler largely due to its simpler algorith-
mic structure which involves less conditional branching, but
in both cases the GPU implementation runs substantially
faster than the CPU implementation. Figure 4 shows the com-
parison for validation purposes as well between the GPU
based LGB output clipped to Masalia and the CPU output
produced using GDAL for Masalia. Minor variations exist
due to boundary effects arising from channels draining into
Masalia which are not considered in the CPU version (see the
straight edge dam structure on the East side, for example).

Micro-Watershed Delineation: As shown in Table 1,
the GPU version consistently outperformed GDAL across
both small (Masalia) and large-scale (LGB) regions. Visual
comparisons for validation purposes shown in Figure 5 for
the smaller region confirm the correctness of the implemen-
tation.

Runoff Simulation Time Series: The GPU-based runoff
simulation pipeline demonstrates substantial performance
improvements over traditional methods such as those using
a combination of Google Earth Engine (GEE) and GDAL for
computation. As summarized in Table 1, the initial iteration
over the LGB to generate the velocity raster and jump matrix
took approximately 30 minutes. These precomputed layers
are reused in subsequent iterations, allowing each 3-hour
simulation step to complete on average in 70 seconds, as
shown in Figure 6C. Three key components make up this
computation time: The per-pixel runoff computation and
flow transfer time Figure 6D, time taken for disk to GPU
data transfer Figure 6E, and time taken for GPU to disk data
transfer Figure 6F.

The time taken to complete a full 3-month duration (720
time-steps) was approximately 14 hours. Although this is
beyond the ideal SLA we wanted to achieve, the time can be
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Figure 4. Figure A shows the GDAL-based drainage lines order. Figure B shows the GPU-based drainage lines order.

reduced by increasing the timestep of 3-hours at the cost of
estimation fidelity. For example, with a 24-hour timestep, it
takes only 2.5 hours for a 3-month simulation. In contrast,
the GEE + GDAL pipeline failed to complete the full 3-month
simulation at a 3-hour timestep, and required over 20 hours
for a single flow accumulation timestep alone.

discrepancies due to the GPU version also accounting for
incoming runoff in addition to rainfall for generation of the
next iteration of runoff.

4 Future Work

Figures 6A and 6B provide a comparative validation show-
ing scatter plots of GPU vs GEE + GDAL per-pixel runoff
values at two pixels within the LGB. Both show high agree-
ment in runoff values across the frameworks, with minor
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First, while GPU implementation yields substantial speedups,
some challenges remain. Most notably, memory constraints
on a single GPU limit the spatial resolution that can be han-
dled. We used the SRTM 30m DEM which is a popular data
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Table 1. Computation Time and Memory Comparison for Hydrological Tasks: CuPy GPU vs GDAL/GEE

Common Input Size: Masalia = 5 MB, Lower Ganga Basin (LGB) = 2.6 GB, H = height of input image, W = width of input image,
C and K are constants

Task Metric CuPy GPU (Masalia) | CuPy GPU (LGB) | GDAL/GEE (Masalia) | GDAL/GEE (LGB)
Flow Computation Time ~2 sec ~4.5 hrs ~1 min >20 hrs
Accumulation Memory Efficiency O(4HW) O(4HW) O(KHW) -
Strahler Computation Time ~10-14 sec ~4 hrs ~40 sec >15 hrs
Stream Order Memory Efficiency O(4HW) O(4HW) O(KHW) -
. Threshold 10000
Mchrol-.Wate.rshed Computation Time ~2-2.5 sec ~2 hrs ~50 sec >6 hrs
elineation Memory Efficiency O(CHW) - O(KHW) -
First Iteration Time ~8 sec ~30 min ~2 min >20 hrs
Runoff Simulation | 3-Month Session Time | ~3 min ~14 hrs ~25 min Not computable
Memory per Run O(CHW) - O(KHW) -

product for this purpose but with improvements in remote
sensing coverage and modeling, higher resolution global
DEMs are likely to become available too. The algorithms will
need to be enhanced in that case to handle loading/unloading
of multiple tiles in case the whole region is too large to fit
into the GPU memory in one go. LP operations will become
more complex to handle in that case.

Second, we see that as larger datasets are used, GPU-based
methods give lesser speed-ups over CPU-based methods (the
2.6GB LGB dataset gave a 5x speed-up whereas the 5MB
Masalia region gave a 20x speed-up). The amount of GPU
speedup depends on memory access patterns and workload
irregularity. The smaller Masalia dataset fits in the GPU’s
fast L2 cache, enabling high speedup. The larger LGB dataset
exceeds the cache size, forcing reliance on slower VRAM.
Further, the topography governs the number of iterations
required in several LP-based operations, E.g. flow accumu-
lation requires iterations equal to the length of the longest
path. Larger datasets would typically have longer and more
diverse flow paths. Finally, temporary arrays need to be care-
fully handled by freeing or reusing memory when not in
use. More detailed benchmarking across datasets of different
sizes and complexity can help improve the implementation.

Third, our current implementation is based on the CUDA
architecture. Being able to convert LP operations into matrix
operations can help us leverage Tensorflow for platform
independence. We did make some initial attempts but the
memory demand of Tensorflow was higher than that of Cupy.
However, we believe that further investigation and memory
optimization can solve this problem.

Fourth, being able to standardize algorithm implementa-
tions and dataset formats can enable sharing and collabo-
ration at a global scale while using entirely local on-prem
compute infrastructure. This can open up new pathways
for planetary computing to be done in a decentralized man-
ner, potentially anchored at academic institutions, with little
or no dependence on commercial cloud infrastructure. The
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computation can be further customized to suit local require-
ments such as to adjust time-steps according to the desired
accuracy, based on whether real-time or offline results are
required, and thereby provide greater flexibility closer to the
point of service.
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Algorithm 1 Flow Accumulation - CPU Approach

1: Input: DEM: Digital Elevation Model raster
2: Output: ACC: Flow accumulation raster
3. procedure FLowAccum_CPU(DEM)

P A S

10:

11:
12:
13:
14:

15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

> Compute Flow Direction (FD)
for all cell (i, j) in DEM do
Find neighbor with steepest downhill slope
Assign flow direction value to (i, j) according to that neighbor direction.
end for
> Initialize Accumulation Grid
for all cell (i, j) do
ACCIi][j] « 1 > Each cell counts itself initially for accumulation.
end for
> Initialize Topological Sort
for all cell (i, j) do
Compute IN_DEGREE[i][j]: number of upstream cells flowing into each cell
end for
QUEUE « list of cells with IN_DEGREE =0
> Propagate Accumulation
while QUEUE is not empty do
cell — QUEUE.pop()
downstream «— FD|[cell]
if downstream exists then
ACC|[downstream] < ACC|downstream] + ACC|[cell]
IN_DEGREE[downstream] <— IN_DEGREE[downstream] — 1
if IN_DEGREE[downstream| = 0 then
QUEUE.push(downstream)
end if
end if
end while
return ACC

27: end procedure
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Algorithm 2 Flow Accumulation - GPU

1: Input: DEM: Digital Elevation Model raster
2: Output: ACC: Flow accumulation raster
3: procedure FLowAccum(DEM)

[ AN L

> here i, j means, same operation will perform in Parallel on every (i, j) cell

Initialize FLOW _DIR[i][j] > Assign the direction value according to slope of DEM
Initialize in_deg[i][j] < 0 > Stores number of upstream contributors
Initialize acc[i][j] « 1 > Each cell starts with 1 unit of flow

Initialize active[i][j] « 0
Initialize next_active[i][j] « 0
> All these assignment operations are (PI)

KerNEL_CoMPUTEINDEGREE(flow_dir, in_deg) > SP operation
KERNEL_INITACTIVE(in_deg, active) > SP operation

while any cell in active is 1 do
Reset next_active «— 0
KERNEL_ProPAGATEFLOW(flow_dir, acc, in_deg, active, next_active)
Swap active <> next_active

end while

return acc

17: end procedure

Algorithm 3 GPU Kernel: ComputelnDegree

1:
2
3
4:
5
6
7:

procedure KErNEL_COMPUTEINDEGREE(flow_dir, in_deg)

Parallel do for all (i, j) € ACTIVE:
dir — flow_dir[x][y]
If dir is valid (1 to 8)
Compute target cell (tx, ty) from dir
Atomically increment in_deg[tx][ty]

end procedure

Algorithm 4 GPU Kernel: InitActive

1: procedure KERNEL_INITACTIVE(in_deg, active)

2:
3:
4:

Parallel do for all (i, j) € ACTIVE:
If in_deg[i] =0
active[i] « 1

5. end procedure

Algorithm 5 GPU Kernel: STREAM CELLS

1: procedure KErRNEL_STREAM_CELL(flow_accum, threshold, stream_cells)

2:
3:
4:

Parallel do for all (i, j) € ACTIVE:
If flow_accuml[i] > threshold
stream_cells[i] « TRUE

5: end procedure
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Algorithm 6 GPU Kernel: PropagateFlow

1: procedure KErNEL_PrRoPAGATEFLOW(flow_dir, acc, in_deg, active, next_active)
2 Parallel do for all (i, j) € ACTIVE where active[i][j] = 1:

3 dir « flow_dir[i][J]

4 If dir is valid

5 Compute (tx, ty) downstream target

6 Atomic add acc[i][j] to acc[tx][ty]

7 prev < Atomic decrement in_deg[tx][ty]

8 If prev = 1:

9: next_active[tx][ty] « 1

10: end procedure

Algorithm 7 Strahler Stream Order Computation

Input: FLOW_DIR, FLOW_ACCUM, THRESHOLD
Output: STREAM_ORDER raster
1: procedure CoMPUTE_STREAM_ORDER(FLOW_DIR, FLOW_ACCUM, THRESHOLD)
2: Initialize IN_DEGREE[i][j] < 0 for all cells
3: Initialize STREAM_ORDER[i][j] < 0 for all cells
4: Initialize STREAM_CELLS[i][j] < FALSE

5: KERNEL_STREAM_CELL(FLOW_ACCUM, THRESHOLD, STREAM_CELLS)
6: KERNEL_COMPUTEINDEGREE(FLOW_DIR, IN_DEGREE)

7: Initialize STREAM_ORDER]i][j] « 1 where IN_DEGREE[i][j] = 0 and STREAM_CELLS[i][j] = TRUE
8: ACTIVE « cells where STREAM_ORDER =1

9 while any ACTIVE cells exist do

10: for all D8 directions do

11: Parallel do for all (i, j) € ACTIVE:

12: target < downstream neighbor of (i, j) using FLOW_DIR

13: incoming_order « STREAM_ORDER[i][j]

14: MAX_UPSTREAM [target] « max{MAX_UPSTREAM]|target], incoming_order}
15: Increment MAX_COUNT [target] if incoming_order = MAX_UPSTREAM[target]
16: Mark target as reached

17: end for

18: for all (i, j) € ACTIVE (in parallel) do

19: if all upstreams have been reached then

20: if multiple upstreams with same max stream order then

21: STREAM_ORDER[i][j] < MAX_UPSTREAM + 1

22: else

23: STREAM_ORDER]i][j] « MAX_UPSTREAM

24: end if

25: Mark (i, j) as next ACTIVE cell

26: end if

27: end for

28: end while

29: return STREAM _ORDER
30: end procedure
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Algorithm 8 Shreve Stream Order (GPU-based)

1: Input: Flow direction, flow accumulation, threshold
2: Output: Stream order raster
3: procedure SHREVEORDER(FLOW _DIR, FLOW_ACCUM, THRESHOLD)

4:

H, W « shape of FLOW_DIR > Get raster dimensions
Initialize ACCJi][j] « 0 > Initialize accumulation grid
Initialize CURRENT[i][j] « 0 > Current active cell buffer
Initialize NEXT[i][j] « 0 > Next iteration buffer
Initialize ACTIVE[i][j] « False > Mask for active stream cells
KERNEL_STREAM_CELL(FLOW_ACCUM, THRESHOLD, ACTIVE) > Identify stream cells above threshold
CURRENT[ACTIVE] « 1, STREAM_ORDER[ACTIVE] « 1 > Mark initial active cells with stream order 1
while any cell in CURRENT is active do > Loop until no active cells remain
SHREVE_KERNEL(FLOW_DIR, CURRENT, STREAM_ORDER, NEXT, H, W)
Swap CURRENT < NEXT > Move to next set of active cells
end while
return STREAM_ORDER > Final stream order result

16: end procedure

22:

: function SHREVE_KERNEL(FLOW_DIR, CURRENT, STREAM_ORDER, NEXT, H, W)

for all cell (i, j) where CURRENT[i][j] =1 in parallel do > GPU-parallel per active cell
(di,dj) « downstream cell from FLOW _DIR[i][/] > Find flow destination
STREAM_ORDER|[di][dj] « STREAM_ORDER[di][dj] + STREAM_ORDER[i][}]
NEXT|[di][dj] < 1 > Activate downstream cell for next step
end for

23: end function
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Algorithm 9 Micro-Watershed Delineation (GPU)

1: Input: FLOW_DIRECTION, FLOW_ACCUMULATION, THRESHOLD

2: Output: WATERSHEDS raster

3: procedure Micro_WATERSHED(FLOW_DIRECTION, THRESHOLD, FLOW_ACCUMULATION)
4: Initialize WATERSHEDS « 0

Initialize ASSIGNED_MASK «— False

Initialize INCOMING_COUNT « 0

Initialize STREAM_MASK « False

N

8: KernNEL_STREAM_CELL(FLOW_ACCUMULATION, THRESHOLD, STREAM_MASK)
9: KerNEL_CoMPUTE_INDEGREE(FLOW_DIRECTION, INCOMING_COUNT)
10: For cells where STREAM_MASK is false, INCOMING _COUNT « 0

11: Define CONVERGENCE_POINTS «— cells where INCOMING_COUNT > 1 and STREAM_MASK is true
12: Initialize POTENTIAL_OUTLETS « False

13: KeRNEL_IDENTIFYOUTLETS(FLOW_DIRECTION, CONVERGENCE_POINTS, WATERSHEDS, ASSIGNED_MASK, PO-
TENTIAL_OUTLETS)

14: Initialize PROPAGATING_MASK «— POTENTIAL_OUTLETS

15: while any cell in PROPAGATING_MASK is true do

16: Initialize NEXT_PROPAGATING_MASK «— False

17: for each direction (dr, dc) in D8 do

18: d « direction code for offset (dr, dc)

19: Identify upstream cells (r, ¢) where FLOW_DIRECTION[r]1[c] =d
20: Compute downstream cell (r + dr, ¢ + dc)

21: if downstream cell is in bounds and in PROPAGATING_MASK then
22: if ASSIGNED_MASK[r]1[c] is false then

23: WATERSHEDS[r1[c] < WATERSHEDS[r + dr1lc + dc]

24: ASSIGNED_MASK[r]1[c] « true

25: NEXT_PROPAGATING_MASK[r]1[c] « true

26: end if

27: end if

28: end for

29: PROPAGATING_MASK «— NEXT_PROPAGATING_MASK

30: end while

31: return WATERSHEDS
32: end procedure
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Algorithm 10 Kernel to Identify Potential Outlets from Stream Convergence

1: procedure KEgRNEL_IDENTIFYOUTLETS(FLOW_DIRECTION, CONVERGENCE_POINTS, WATERSHEDS, AS-
SIGNED_MASK, POTENTIAL_OUTLETS)

2 for each cell (r,¢) do

3 d «— FLOW_DIRECTION[r][c]

4 (dr,dc) « offset corresponding to direction d

5 (r',¢") « (r+dr,c+dc)

6: if (r/,¢’) is within bounds then

7

8

9

if CONVERGENCE_POINTS[r"][c’] is true then

POTENTIAL OUTLETS[r][c] « true

: WATERSHEDS[r][c] < r X W + ¢ + 1
10: ASSIGNED_MASK([r][c] « true

11: end if
12: end if
13: end for

14: end procedure

Algorithm 11 Runoff Simulation Using Jump Matrix - GPU

1: Input: FLOW_DIR, DEM, SOIL, LULC, RAINFALL SERIES raters
2: Output: Runoff rasters of time series will save to disk
3: procedure RUNOFFSIMULATION(FLOW _DIR, DEM, SOIL, LULC, RAINFALL_SERIES)

4 Define pixel resolution RES < 30m

5 Define per-pixel velocity map using slope of digital elevation model > SP
6: Define time threshold Ty, < 3 Hour

7: JUMP_MATRIX « JumpMatrix(FLOW_DIR, RES, T;p, velocity) >LP
8: Save JUMP_MATRIX to disk for reuse

9: Initialize ROUTED RO « NULL
10: for all t in RAINFALL_SERIES do

11: Load rainfall images R;_4 to R; and convert to CuPy > SP
12: P— R/ +R;_4 > SP
13: P5— %!, ,R > SP
14: if previous ROUTED_RO exists then

15: P« P+ ROUTED_RO > SP
16: P5 «— P5+ ROUTED_RO > SP
17: end if

18: // Runoff generation using input parameters > SP-heavy
19: RUNOFF « Runof fGeneration(P, P5,SOIL, LULC)

20: Save current RUNOFF to disk

21: // Route runoff downstream using Jump Matrix > SP
22: ROUTED_RO « Route(RUNOFF, JUMP_MATRIX)

23: Deallocate intermediate rainfall arrays to save memory

24: end for

25: end procedure
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Algorithm 12 Jump Matrix Computation - GPU

1: Input: FLOW_DIR, VELOCITY, RESOLUTION, THRESHOLD rasters
2: Output: JUMP_MATRIX raster
3: procedure JUMP_MATRIX(FLOW_DIR, VELOCITY, RESOLUTION, THRESHOLD)

4 Initialize TIME « 0 for all cells
5: Initialize JUMP_MATRIX with row-major indices of each cell
6: VALID_CELLS « cells where VELOCITY is not null

7: while any VALID_CELLS have TIME < THRESHOLD do

8: ACTIVE_CELLS < VALID_CELLS where TIME < THRESHOLD

9: for all direction d in D8 do

10: NG_CELLS « downstream neighbors of ACTIVE_CELLS with FLOW_DIR = d

11: Update TIME[ACTIVE_CELLS with dir = dJ] « TIME + RESOLUTION/VELOCITY
12: Update JUMP_MATRIX[ACTIVE_CELLS with dir = dJ] « NG_CELLS

13: end for

14: end while

15: return JUMP_MATRIX
16: end procedure
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