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ABSTRACT
Locating a point within a partitioned two-dimensional space is a problem that appears simple at first but grows complicated once
real, unevenly distributed data is involved. This paper implements the function quadrant_point_locator(), which classifies and
retrieves points relative to a movable origin by sorting them into four quadrants and an axis list.

There are several existing approaches to this kind of problem, such as point-in-polygon testing, kd-trees, uniform grids and
quadtrees, and each carries its own trade-off between simplicity, adaptivity and update cost. quadrant_point_locator() is designed
as a lighter alternative that still adapts reasonably well to clustered data without the bookkeeping of a full tree structure.

This manuscript implements the function quadrant_point_locator(), which uses four buckets and an index map to classify,
query, insert and delete points. It examines the execution of the algorithm with respect to its time complexity and space complexity,
and reports a case study comparing it against a uniform grid and a linear scan on a synthetic, sensor-style dataset of two-

dimensional points.

Keywords: Quadrant Point Locator (QPL), Cartesian Coordinates (CC), Origin (O), Bucket (B), Index Map (IM), Time Complexity

(TC).

1. INTRODUCTION

Locating a query point within a partitioned two-

dimensional space is one of those problems that looks trivial on
paper and becomes messy once real data is involved —
clustered points, empty regions, and coordinates sitting close to
an axis. This is, at its core, a point-location problem, and it
shows up in geographic information systems, computer
graphics, robotics, and databases that need to answer spatial
queries quickly.
There is no shortage of existing techniques for solving this
problem. Point-in-polygon tests work well for irregular regions
but do not scale gracefully as the number of query points grows.
kd-trees offer good average-case performance for range and
nearest-neighbour queries, though rebalancing under frequent
updates can become a bottleneck. Uniform grids are simple and
fast but waste memory when data is unevenly distributed, and
quadtrees address this by subdividing space adaptively, at the
cost of extra bookkeeping.

This is the gap quadrant_point_locator() tries to fill.
Rather than building a full recursive tree, it maintains a shallow,
adjustable hierarchy of quadrant boundaries anchored to an
origin that can itself be relocated as the dataset’s centre of mass
shifts. This turns out to be a reasonable middle ground: cheaper
to build and update than a kd-tree, more adaptive than a plain
grid, and simpler to implement and reason about than a full
quadtree.

The contributions of this paper are threefold. First, it gives a
formal definition of quadrant-based point location and
describes the design of quadrant_point_locator(), including
how it handles points that lie exactly on an axis. Second, it
provides a correctness argument and complexity analysis
covering construction, query and update operations. Third, it
presents a case study comparing the algorithm’s practical
performance against a uniform grid and a linear scan.

2. RELATED WORK

Point-in-polygon testing using ray-casting or winding-
number methods can determine whether a point lies inside an
arbitrary polygon [1]. These methods are general and precise,
but their cost scales with the number of polygon edges, which
makes them a poor fit for classifying thousands of points
quickly against a fixed, simple partitioning scheme.
A kd-tree recursively splits space along alternating axes to
support range and nearest-neighbour queries in roughly
logarithmic time for well-distributed data [2]. The difficulty is
maintenance — inserting or deleting points can unbalance the
tree, and rebuilding is often needed to keep queries predictable.
Some recent work has proposed incremental rebalancing
schemes to reduce this cost [3], though the added bookkeeping
is not trivial.
A uniform grid divides the plane into fixed-size cells and
buckets points accordingly [4]. Construction and lookup are
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both effectively constant-time and the structure is easy to
implement, but performance degrades once data is clustered,
since most cells sit empty while a handful become overloaded.
Quadtrees generalise the grid idea by subdividing regions
recursively, but only where point density warrants it [5]. This
adaptivity is valuable, but a full quadtree must track parent-
child relationships and handle merging on deletion, which is
more bookkeeping than many applications actually need.
Recent work has also looked at quadrant-based indexing for
streaming and near-real-time settings [6, 7], generally finding
that a shallower structure trades some worst-case query
performance for simpler, more predictable updates.

For applications needing rectangular range queries over large
datasets, R-trees remain the standard structure in most spatial
databases [8]. They handle bounding-box queries well, but the
overhead of maintaining balanced bounding boxes is more than
a quadrant-based scheme needs for coarse four-way
classification.

3. METHODOLOGY

quadrant_point_locator() takes a finite set of points P in
the Cartesian plane and a designated origin O = (x0, y0). For a
query point p = (X, y), it determines which of the four open
quadrants relative to O contains p, or flags p as lying on one of
the two axes through O. Beyond simple classification, the
algorithm also supports quadrant-membership queries and
dynamic insert and delete operations as points are added to or
removed from P.

QUADRANT CLASSIFICATION SCHEME:
Ql (x>x0,y>y0)

Q2 (x<x0,y>Y0)

Q3 (x<x0,y<y0)

Q4 (x>x0,y <y0)

AXIS (x=x0 or y =y0)

Preprocessing: During construction, the algorithm

computes an initial origin — by default, the centroid of P,
though a fixed origin may be supplied instead — and performs
asingle linear pass over the dataset, assigning each point to one
of four buckets, or to an axis list, based on its position relative
to that origin. Each bucket is backed by a contiguous array,
which matters for cache behaviour, as discussed in Section 6.
Query: A point-classification query is answered in constant
time — subtract the origin coordinates from the query point,
inspect the signs of the two results, and return the
corresponding quadrant label. Axis cases are checked first,
since skipping this check is the most common source of subtle
bugs in naive reimplementations of this idea.
Update: Insertion appends a new point to the appropriate bucket
after classifying it. Deletion locates the point within its bucket
using a hash map from point identifier to bucket-and-index,
then performs a swap-and-pop to avoid shifting the rest of the
array. If the origin itself is later recomputed, every point must
be reclassified, so this is treated as a deliberate operation rather
than something that happens implicitly.

Sample Input: Points = (3, 2), (-4, 5), (0, 6), (2, -1); Origin =
(0,0)
Sample Output: Q1, Q2, AXIS, Q4

4. ALGORITHM: quadrant_point_locator()

STEP 01: START

STEP 02: ACCEPT THE SET OF POINTS P AND
AN OPTIONAL ORIGIN O.

STEP 03: IF NO ORIGIN IS SUPPLIED,
COMPUTE O AS THE CENTROID OF P.

STEP 04: INITIALISE FOUR EMPTY BUCKETS
Q1, Q2, Q3, Q4 AND AN EMPTY AXIS LIST.
STEP 05: FOR EACH POINT P IN P, COMPUTE
DX = P.X — O.X AND DY = P.Y - O.Y.

STEP 06: IF DX = 0 OR DY = 0, APPEND P TO
THE AXIS LIST AND CONTINUE.

STEP 07: OTHERWISE, INSPECT THE SIGNS OF
DX AND DY AND APPEND P TO THE
CORRESPONDING BUCKET (Q1, Q2, Q3 OR Q4).
STEP 08: RECORD THE BUCKET NAME AND
POSITION OF P IN AN INDEX MAP.

STEP 09: REPEAT STEPS 5-8 UNTIL EVERY
POINT IN P HAS BEEN CLASSIFIED. THIS
COMPLETES CONSTRUCTION.

STEP 10: TO ANSWER A QUERY FOR A POINT P,
REPEAT STEPS 5-7 FOR P ALONE AND RETURN
THE RESULTING LABEL.

STEP 11: TO INSERT A NEW POINT, CLASSIFY
IT AS IN STEPS 5-7 AND APPEND IT TO THE
CORRESPONDING BUCKET.

STEP 12: TO DELETE A POINT, LOOK UP ITS
BUCKET AND POSITION IN THE INDEX MAP.
STEP 13: SWAP THE POINT WITH THE LAST
ELEMENT OF ITS BUCKET, THEN REMOVE THE
LAST ELEMENT.

STEP 14: REMOVE THE POINT’S ENTRY FROM
THE INDEX MAP.

STEP 15: IF THE ORIGIN IS EVER CHANGED,
REPEAT STEPS 2-9 FOR ALL POINTS CURRENTLY
STORED.

STEP 16: END

5. PROGRAM: quadrant_point_locator()
# quadrant point locator () function
definition

def build(points, origin=None) :
if origin is None:
cx = sum(p[0] for p in points) /
len (points)
cy = sum(p[l] for p in points) /
len (points)
origin = (cx, cy)

buckets = {'Q1': [],
[1, 'Q4': [], 'AXIS': []}
index_map = {}

'Q2': [1, 'Q3':

for pid, p in enumerate(points):
label = classify(p, origin)
buckets[label] .append (p)
index map[pid] = (label,
len (buckets[label]) - 1)

return origin, buckets, index map
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def classify(p, origin):
dx p[0] - origin[O0]
dy pl[1l] - origin[1]

if dx == 0 or dy ==
return 'AXIS'

if dx > 0 and dy > O0:
return 'Ql’'

if dx < 0 and dy > O0:
return 'Q2'

if dx < 0 and dy < O:
return 'Q3’'

return 'Q4’

def query(origin, p):
return classify(p, origin)

def insert(origin, buckets, index map,
pid, p):
label = classify(p, origin)
buckets[label] . append (p)
index map[pid] = (label,
len (buckets[label]) - 1)

def delete (buckets, index_map, pid):
label, idx = index map[pid]
last = buckets[label] [-1]
buckets[label] [idx] = last
buckets[label] .pop ()
del index map[pid]

# main() function definition

def main():
user input = input("Enter points as
X,y pairs separated by spaces: ")
points = [tuple (map(float,
pair.split(','))) for pair in
user_input.split()]

origin, buckets, index map =
build (points)

print ("\nOrigin used:", origin)
for label, pts in buckets.items() :
print (£" {label}: {pts}")

# Calling function
if name_ == "__main_ ":
main ()

6. FUNCTIONING OF CODE

The code implements quadrant_point_locator() as a small
set of cooperating functions: build(), which classifies an entire
dataset in one linear pass; classify(), a helper that inspects the
sign of the offset from the origin for a single point; and insert()

and delete(), which keep the buckets and the index map
consistent as points change over time.

build() computes the origin as the centroid of the input when
none is supplied, then calls classify() once per point, appending
each point to the corresponding bucket and recording its bucket
and position in index_map. query() simply calls classify() on a
single point and returns the label. delete() uses the index map
to find a point’s bucket and position in constant time, then
swaps it with the last element of that bucket before removing
the last element, which avoids shifting the rest of the array.

7. COMPLEXITY OF ALGORITHM

In computer science, analysing an algorithm’s complexity
is essential to judging whether it is fit for a given application.
Several structures can solve the same point-location problem,
and the choice between them usually comes down to how their
time and space complexity behave as the number of points
grows.

8. SPACE COMPLEXITY

The space complexity of an algorithm is the amount of
memory it needs to run as a function of the input size n,
including both the space used to store the input and any
auxiliary space the algorithm allocates.
quadrant_point_locator() stores every point exactly once, split
across four buckets and an axis list, plus one entry per point in
the index map. No additional memory is required beyond this.
Space complexity for quadrant_point_locator() is : O(n)

9. TIME COMPLEXITY

The time complexity of an algorithm is the amount of time
it takes to complete as a function of the input size n. Big O
notation is used to describe the worst-case scenario and can be
used to describe the performance of an algorithm as n grows
large. Big Theta is used to represent the average-case scenario,
and Big Omega is used to represent the best-case scenario.
Together, these three measures give a fairly complete picture of
how an algorithm scales.

Build — Big O: O(n)

Point query — Big O: 0O(1)

Insert — Big O: O(1) (amortised)
Delete — Big O: 0(1)

Recenter (rebuild) — Big O: O(n)

10. RUNTIME COMPLEXITY OF

guadrant_point_locator()

BUILD LOOP

for pid, p in enumerate (points):

label = classify(p, origin)
buckets[label] . append (p)
index map[pid] = (label,

len (buckets[label]) - 1)

For the above loop the time complexity is O(n)
DELETE OPERATION
label, idx = index map[pid]
last = buckets[label][-1]
buckets[label] [idx] = last
buckets[label] .pop ()
del index map[pid]
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For the above block the time complexity is O(1)
TOTAL TIME COMPLEXITY:

Add the complexities of each part:

* Construction (build): O(n)

* Point query: O(1)

* Insert / Delete: O(1) each

Best-case: O(1) (asingle query or update once the structure

exists)

Worst-case: O(n) (construction, or a full recenter)
Final Time Complexity: O(n) for construction, O(1) per
guery or update

Op. Worst Amort. Space
Build (n) O(n) O(n) O(n)
Query 0(1) 0(1) 0(1)
Insert o()* 0(1) 0O(1) add.
Delete 0(1) 0(1) 0O(1) add.
Recenter o(n) — O(n)

*Insert is O(1) amortised due to dynamic array growth; a
single insert can trigger O(n) reallocation in the worst case.

11. CASE STUDY AND GRAPHICAL
REPRESENTATION

To evaluate quadrant_point_locator() under realistic
conditions, a synthetic dataset was constructed to mimic the
spatial pattern of urban traffic sensors — clustered along major
roads and intersections rather than spread uniformly across a
city grid. The dataset contains 250,000 points generated from a
mixture of twelve Gaussian clusters positioned along a
simulated road network spanning a 20 km x 20 km area, with a
sparse uniform background of roughly 5% of the points to
approximate sensors in less-travelled areas.

All experiments were run on a single machine with an
eight-core 3.2 GHz processor and 32 GB of RAM. Three
structures were compared: quadrant_point_locator() with the
origin fixed at the dataset centroid; a uniform grid with cell size
tuned to 250 m; and, as a lower-bound sanity check, a linear
scan. Each structure was built once per trial and then subjected
to one million randomly sampled point-classification queries,
repeated across ten trials.

Four metrics were measured: query latency (average
time per point-classification query, in nanoseconds),
throughput (queries per second), memory footprint (total
resident memory after construction, in megabytes), and update
cost (average time per insert/delete pair, in nanoseconds).

Structure | Lat.(ns) | Thpt(g/s) | Mem(MB) | Upd(ns)
Linear 48,200 20,700 6.1 0.9
scan
Grid 61 16.4M 22.4 74
(250m)
QPL 19 52.6M 9.8 41

QPL = quadrant_point_locator()

GRAPHICAL REPRESENTATION: [Insert a scatter
plot here showing query latency against dataset size for all
threestructures, sampled at several dataset sizes between
10,000 and 250,000 points.]

Query latency for quadrant_point_locator() came out
roughly three times lower than the uniform grid and several

orders of magnitude below the linear scan. The memory figure
was also notable: at 9.8 MB, the quadrant structure used well
under half the memory of the tuned grid, since the grid must
allocate storage for every cell across the 20 km x 20 km area,

whereas the quadrant approach only allocates space
proportional to the point count.
Update cost told a slightly different story.

quadrant_point_locator()’s update cost (41 ns/op) beat the
grid’s (74 ns/op), but the gap was narrower than the query-
latency gap, mainly because the swap-and-pop step in delete()
occasionally triggers a cache miss when the bucket being
modified is large. A more cache-aware deletion strategy could
close this gap further, though that was not implemented or
tested here.

12. CONCLUSION

This paper implemented quadrant_point_locator(), a
lightweight algorithm for classifying and retrieving two-
dimensional points relative to a movable origin. It described the
preprocessing, query and update procedures, gave a brief
correctness argument, and analysed the algorithm’s time and
space complexity. A case study on a synthetic, sensor-style
dataset showed the approach outperforming a tuned uniform
grid on both query latency and memory footprint, while
remaining competitive on update cost.

The method has real limitations. It offers only coarse, four-
way spatial classification rather than the fine-grained
partitioning a full quadtree or kd-tree can provide, and its
performance advantage narrows on very small datasets. Future
work could explore extending the approach to three
dimensions, adaptive quadrant sizing that automatically re-
centres the origin as data drifts over time, and a parallelised
construction phase for very large datasets.

13. DATA AVAILABILITY AND ETHICS
STATEMENT

This work involved no human or animal subjects. The
dataset used in the case study was synthetically generated for
the purposes of this study; the parameters needed to regenerate
it (cluster count, spread, and background density) are given in
Section 11, and the generation script is available from the
author on request.
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