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ABSTRACT

Over-segmentation is a widely used operation in com-

puter vision pipelines, often employed as an intermediate spa-

tial representation for efficient image perception, including

superpixel-based tokenisation and interpretable region-based

analysis. As these systems are increasingly deployed in real-

time safety-critical applications such as medical imaging, in-

dustrial inspection and security, algorithms that are boundary-

adherent, deterministic, and hierarchically-consistent become

increasingly important. Existing methods typically trade off

these properties, making it difficult to satisfy all four si-

multaneously. We propose Adaptive Zone Merging (AZM),

a deterministic graph-based bottom-up over-segmentation

algorithm designed to combine these properties while re-

maining amenable to parallel execution through local merge

proposals. AZM exposes a single colour-distance threshold

that induces a nested hierarchy obtained by monotonic region

merging. This enables efficient multi-scale analysis with min-

imal re-computation overhead, providing stable region primi-

tives for downstream learning and symbolic aggregation. We

evaluate AZM on the BSDS500 dataset using boundary-

focused metrics, demonstrating improved boundary F1-

score compared to widely used baselines. Source code is

available at: https://github.com/PetarKotsev/

azm-segmentation.

Index Terms— Over-segmentation, Superpixel segmen-

tation, Graph-based segmentation, Hierarchical segmentation

1. INTRODUCTION

The field of image processing encompasses a wide range of

methods, among which image segmentation plays a central

role. Segmentation decomposes an image into coherent re-

gions and is commonly divided into semantic segmentation

and over-segmentation. Semantic segmentation assigns pixels

to high-level, human-interpretable categories, whereas over-

segmentation partitions an image into small homogeneous re-

gions based on heuristics such as colour and texture similar-

ity. While both paradigms are important, this work focuses on

over-segmentation, often referred to as superpixel segmenta-

tion.

Over-segmentation has long been used as a preprocess-

ing step to improve computational efficiency by reducing the

number of primitives processed in subsequent stages of an

image processing pipeline. More recently, superpixels have

also been employed to support robustness, interpretability,

and structured region-level representations in combination

with modern deep learning models [1–5]. In these settings,

over-segmentation is no longer merely a compression tool,

but an explicit structural prior that influences downstream

decision making.

Beyond natural-image benchmarks, computer vision sys-

tems are increasingly deployed in scientific, industrial, and

medical applications, where image data is standardised and

boundaries often correspond to physically meaningful struc-

tures. In such settings, segmentation errors directly impact

downstream decisions — for example, in defect localisation,

anatomical measurement, or safety-critical inspection — and

even small structural errors can bias quantitative measure-

ments and clinical interpretation [6, 7]. These domains typ-

ically place a higher cost on false positive boundaries than on

missed fine details, since spurious edges fragment coherent

regions and propagate uncertainty into subsequent learning or

reasoning stages [8]. Over-segmentation methods intended

for these applications must therefore prioritise boundary ad-

herence, determinism, and parametric stability.

An additional and often under-emphasised requirement in

these applications is the ability support consistent multi-scale

spatial analysis. Many widely used over-segmentation meth-

ods expose a scale parameter, but changing this parameter

typically requires recomputing the segmentation from scratch

and does not guarantee that coarser segmentations remain

structurally consistent with finer ones. While hierarchical

segmentation frameworks exist, they are rarely designed to

provide deterministic, controllable, and computationally ef-

ficient over-segmentation primitives for modern learning and

reasoning pipelines. In contrast, a hierarchically consistent

over-segmentation allows regions obtained at a coarser scale

to be expressed as unions of regions obtained at finer scales,
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providing a natural link between fine-grained boundary de-

tection and higher-level region aggregation while avoiding

redundant computation.

These considerations directly motivate the proposed

Adaptive Zone Merging (AZM) algorithm. We demonstrate

that AZM achieves strong boundary adherence and hierarchi-

cal consistency on BSDS500 [9], positioning it as a practical

primitive for safety-critical and multi-scale vision systems.

2. RELATED WORK

Over-segmentation methods divide into two branches. Clas-

sical methods are governed by hand-designed rules [10–13];

learning-based methods derive their behaviour from training

data [14–16]. Learning-based methods achieve the higher

boundary accuracy, but depend on labelled data, lose deter-

minism through stochastic optimisation, and remain difficult

to audit — limiting their use in safety-critical deployment.

AZM targets this regime: deterministic, training-free, con-

trolled by a single interpretable parameter, and producing a

strictly nested hierarchy as a structural guarantee. We there-

fore benchmark against classical baselines.

Felzenszwalb and Huttenlocher (FH) [10] formulate seg-

mentation as graph-based region merging. The image is rep-

resented as a weighted graph, where edge weights encode fea-

ture dissimilarity (often seen as the ℓ2-norm in RGB space)

and nodes represent neighbourhoods of pixels. Two nodes C1

and C2 are merged if the minimum inner component differ-

ence Diff(C1, C2) is smaller than their internal variation,

Diff(C1, C2) ≤ min
(

Int(C1) + δ(C1), Int(C2) + δ(C2)
)

,

where Int(C) is the maximum edge weight inside the com-

ponent and δ(C) = s/|C| controls the segmentation scale,

where s ∈ R is the scale parameter. The FH algorithm uses

global edge sorting and union-find merging, giving a compu-

tational complexity of O(N logN).
Simple Linear Iterative Clustering (SLIC) [13] produces

superpixels by performing localised k-means clustering in a

joint spatial–colour space. Each pixel is assigned to the near-

est cluster centre by minimising the distance

D =

√

d2c +
(m

S

)2

d2s,

where dc is the colour distance, ds is the spatial distance, S is

the grid interval, and m controls the compactness–boundary

trade-off. As SLIC is based on k-means, its computational

complexity runs in O(TN), where T is the number of refine-

ment iterations.

The Watershed algorithm [11] interprets the image gradi-

ent magnitude as a topographic surface. Regions are formed

by flooding from minima, with boundaries occurring along

high-gradient ridges. The segmentation corresponds to catch-

ment basins associated with local minima of the surface.

Common implementation of the Watershed algorithm runs at

near O(N).
Quickshift [12] is a density-based mode-seeking method.

It embeds each pixel as a 5D vector where the first two val-

ues are image coordinates, and the latter three are the colour

values. It estimates a kernel density p̂(x) in that embedding

space and links each point to its nearest neighbour with higher

density:

y(x) = arg min
y: p̂(y)>p̂(x)

∥x− y∥,

forming segments as connected components of these ascent

paths. This yields adaptive region sizes but increases compu-

tational cost to O(N2).
We now turn to segmentation evaluation metrics. Let Ω ⊂

Z
2 denote the set of pixel coordinates of an image I : Ω →

R
C , where C ∈ Z is the number of colour channels. Consider

a superpixel segmentation S = {Sj}
J
j=1, where J ∈ N, form-

ing a disjoint partition of Ω, and a set of ground-truth regions

G = {Gr}
R
r=1, where R ∈ N. The image domain may be

indexed as Ω = {xn}
N
n=1, where N is the number of pixels

in the image.

Boundary adherence: To quantify how well the predicted

segment boundaries adhere to the human-annotated contours,

one can use precision, recall, or the F1-score. Let predicted

and ground-truth boundaries are represented as sets of bound-

ary pixel coordinates, SC and GC . Following the evaluation

protocol of the Berkeley Segmentation Dataset and Bench-

mark (BSDS) [9], boundary pixels and predicted pixels are

not matched by exact position, but instead associated using

a tolerance threshold and a minimum-cost bipartite matching

procedure. This produces a one-to-one correspondence be-

tween boundary pixels in the two maps, ensuring that each

pixel may be matched at most once. In our experiments, we

adopt the standard BSDS tolerance of 0.75% of the image di-

agonal. Let M(SC , GC) ∈ Z denote the number of boundary

pixels SC matched to the boundary pixels in GC under this

tolerance. Therefore, if we have SC be the map of the pre-

dicted boundaries and GC be a ground truth boundary map,

then M(SC , GC) will give us the number of matching pre-

dicted pixels, and M(GC , SC) will give us the number of

matching ground truth pixels to the predicted boundary pix-

els. From this, we can get the following expressions for the

precision and recall of the boundary predictions:

BARecall =
M(GC , SC)

|GC |
, BAPrecision =

M(SC , GC)

|SC |
.

Finally, the boundary adherence F1-score is computed as:

BAF1
=

2×BAPrecision ×BARecall

BAPrecision +BARecall

.

AZM is designed to optimise adherence to image gradi-

ents while being constrained to segment merging. As a result,

we expect AZM to confidently and accurately predict con-

trasting boundaries (precision-first) but to combine objects of

low contrast together.



Input : Image I ∈ [0, 255]3; tile size t ∈ Z
+; merge

threshold τ ∈ R
+

Output: Segmentation S
S ← partition I into t× t tiles (unique labels)

Build region adjacency graph G on S
Initialize min-heapH with all edges (a, b) keyed by

∥µ(a)− µ(b)∥2
whileH not empty do

(d, a, b)← pop minimum fromH
if d > τ then

break

end

if a or b stale (version changed) then
continue

end

c← Merge(a, b)
Update mean colour µ(c) and size

Update G: replace a, b with c and relink

neighbours

foreach neighbour u of c in G do
d′ ← ∥µ(c)− µ(u)∥2
push (d′, c, u) intoH with current versions

end

end

return S
Algorithm 1: Core function of the Adaptive Zone Merg-

ing algorithm

Explained Variation: This metric quantifies the quality of

the segmentation on the basis of colour variation, removing

the need for ground truth annotations [17]:

EV (S) =

∑

Sj
|Sj |(µ(Sj)− µ(Ω))2

∑

xn
(I(xn)− µ(Ω))2

,

where µ denotes the mean of colour values in a segment as

defined in (1). Although AZM does not directly optimise ex-

plained variation, its similarity-driven merging criterion en-

courages low intra-region colour variance, suggesting perfor-

mance comparable to existing baseline methods.

Computational efficiency: Computational efficiency of an

algorithm depends on factors such as implementation, com-

puter language, and memory access management. To enable

a hardware-agnostic comparison, we report worst-case com-

putational complexity (number of floating-point operations)

using standard Big-O notation.

3. METHODOLOGY

AZM constructs a nested family of segmentations through

bottom-up agglomerative merging, enabling efficient multi-

scale reasoning in downstream learning. It is a bottom-up re-

gion merging method operating on a Region Adjacency Graph

(RAG). Starting from an initial fine tiling, adjacent regions

are iteratively merged based on appearance similarity. The

segmentation granularity is controlled by a single threshold

parameter τ , which induces a consistent hierarchy of parti-

tions across scales. The full procedure is summarised in Al-

gorithm 1 and is further detailed in this section.

To decrease computational cost and over-adherence to

gradients, AZM begins by partitioning the image into non-

overlapping square tiles of size t (usually between 2 and 4),

each assigned a unique initial label. This results in initial-

ising S as a set of N/(t2) items. For each region Sj , AZM

maintains a mean colour descriptor

µ(Sj) =
1

|Sj |

∑

xn∈Sj

I(xn), (1)

which provides an efficient appearance-based representation

for merge decisions.

From the initial partition, AZM constructs a RAG GS ,
where nodes correspond to regions and edges connect spa-

tially adjacent superpixels. Each edge (Sa, Sb) ∈ E is as-

signed a merge priority based on the Euclidean distance be-

tween region means: d(Sa, Sb) = ∥µ(Sa)−µ(Sb)∥2. All ad-

jacency edges are inserted into a global min-heapH, ensuring

that merges are performed in order of increasing appearance

similarity.

At each iteration, AZM extracts the most similar adjacent

pair

(d, Sa, Sb)← popmin(H),

and merges the corresponding regions where d is smaller then

the merge threshold τ . The merged region is defined as Sc =
Sa ∪ Sb, with updated mean descriptor computed by size-

weighted averaging:

µ(Sc) =
|Sa|µ(Sa) + |Sb|µ(Sb)

|Sa|+ |Sb|
.

After merging, the adjacency graph is updated locally, and

new candidate edges are inserted intoH.

A key property of AZM is that it induces a nested seg-

mentation hierarchy. For two thresholds τ1 < τ2, the seg-

mentation at the coarser scale is obtained by continuing the

same merge process beyond the stopping point of τ1. There-

fore, S(τ2) ⪯ S(τ1), meaning that each region at scale τ2
can be expressed as a union of regions obtained at scale τ1.

Consequently, boundaries at coarser thresholds form a subset

of those at finer thresholds, enabling consistent multi-scale

analysis without re-computation. While FH also performs

bottom-up region merging, this property does not strictly

hold, since its merge criterion depends not only on colour

dissimilarity but also on the segment size and internal varia-

tion. As a result, changing the scale parameter s can lead to

different merge orders and thus different boundary configu-

rations. Fig. 1 shows the boundary lines that are merged at

different merge thresholds.
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Fig. 1. Ultrametric Contour Map for AZM. The two images

represent different tile sizes: (a) 4x4 pixels, (b) 2x2 pixels.

We note that AZM follows a graph-based agglomera-

tive segmentation strategy. In the current CPU implementa-

tion, candidate merges are maintained in a min-heap prior-

ity queue, yielding complexity comparable to edge-ordered

methods such as FH. Unlike FH, however, AZM operates on

t2 pixel tiles, reducing the effective graph size to N
t2

nodes and

giving an overall cost of O
(

N
t2
log N

t2

)

. While heap operations

are inherently sequential, their core function - minimum-

contrast candidate selection—can be expressed as a parallel

argmin reduction. On dedicated hardware, tournament net-

works (analogous to adder trees for multi-term summation)

can compute this operation with O(log n) parallel depth (and

O(n) total comparisons), enabling pseudo-parallel acceler-

ation even under globally ordered scheduling. Moreover,

AZM’s hierarchical merging suggests further speedups via

local-first selection in early stages before global resolution.

Fully parallel, hierarchy-aware scheduling strategies are left

to future work.

4. RESULTS AND DISCUSSION

4.1. Qualitative

Fig. 2 presents a qualitative comparison between Adaptive

Zone Merging (AZM) and several baseline over-segmentation

methods at a fixed granularity of approximately 1200 seg-

ments (±1) on an image from the BSDS500 test set. The

scene includes regions with both strong local contrast and

more gradual transitions, providing representative structures

for visual assessment. AZM produces fine partitions in areas

with clear intensity changes, while maintaining larger, coher-

ent regions in visually homogeneous parts of the image. In

addition, AZM groups together areas of high colour similar-

ity without introducing excessive fragmentation, yielding seg-

mentations that remain well-aligned with perceptually mean-

ingful boundaries across the scene. The figure also shows the

impact of tile sizing - the 4-by-4 tile size provides a better

differentiation of closely collared segments as well as faster

computation, where as the 2-by-2 pixel tile size provides more

precise borders and broader and a more course colour separa-

tion.

Quantitatively, we evaluate the AZM algorithm as a stand-

alone over-segmentation method, focusing on boundary ad-

herence and explained segment variation. We compare AZM

against widely used over-segmentation algorithms on the

BSDS500 dataset [9]. To stabilise all algorithms to small

pixel variation we apply a Gaussian blur with spread σ = 0.5
as a pre-processing step to all presented experiments.

Original Image AZM (2x2 tiles)AZM (4x4 tiles)

Felzenszwalb and Huttenlocher SLIC Quickshift

(a) (c)(b)

(d) (e) (f)

1201 tiles 1199 tiles

1201 tiles 1201 tiles 1199 tiles

Fig. 2. Qualitative assessment on BSDS500 [9] with seg-

ments represented by average colour of the segment. All

segmentations were produced with images having undergone

Gaussian blurring of σ = 0.5. The images above show: (a)

the original image; (b) AZM with a tile size of t = 4 and

threshold of τ = 25; (c) AZM with a tile size of t = 2 and

threshold of τ = 60; (d) FH with scale threshold of 18.7;

(e) SLIC with a specified number of segments 1300 and com-

pactness of 23.1; (f) Quickshift with kernel-size of 2 and max-

imum distance of 10.85.

4.2. Quantitative

Fig. 3 reports boundary precision-recall for AZM and stan-

dard over-segmentation baselines varying segmentation pa-

rameters. Dashed iso-contours denote constant boundary



Fig. 3. Boundary precision–recall (F1-score iso-contours)

curves on 200 test images in BSDS500.

Fig. 4. Boundary F1-score curves against average number of

segments. Run on 200 test images in BSDS500.

F1-score. AZM (at tile sizes t = 2 and t = 4) operates in

a higher-precision regime than SLIC, Watershed, and Quick-

Shift, indicating fewer spurious boundaries, and achieves

the strongest boundary F1 across a broad recall range. In

contrast, FH and Quickshift favour higher recall at substan-

tially reduced precision, reflecting noisier boundary predic-

tions. These results highlight AZM’s favourable boundary-

adherence trade-off in settings where false positive edges are

costly.

Fig. 4 shows the boundary F1-score as a function of

the number of segments produced by each method. AZM

achieves the strongest boundary adherence across a broad op-

erating range, reaching high F1 values at moderate segment

counts and maintaining performance as the segmentation is

coarsened. In contrast, compactness-driven baselines such as

SLIC and Watershed exhibit lower peak boundary accuracy,

while FH degrades more noticeably at coarser scales. These

results confirm that AZM provides a favourable precision–

Fig. 5. Explained Variation curves on 200 test images in

BSDS500.

recall balance and robust boundary localisation without re-

quiring excessive over-segmentation.

Fig. 5 reports explained variation (EV) as a function of

the number of segments produced by each method. While

EV is not a metric that AZM directly optimises, the algorithm

achieves competitive results across a broad range of segment

counts, approaching the performance of established baselines

such as SLIC and FH.

5. CONCLUSIONS

We introduced AZM, a deterministic and hierarchically con-

sistent over-segmentation algorithm designed to prioritise

boundary adherence in safety-critical vision settings, such

as medical diagnosis and industrial defect detection. AZM

performs bottom-up region aggregation through appearance-

based merging controlled by a single threshold parameter,

yielding a nested family of segmentations suitable for pro-

gressive multi-scale analysis. Experiments on BSDS500 [9]

demonstrate that AZM achieves strong boundary precision

and competitive explained variation across a broad range of

segment counts, providing a favourable trade-off between re-

liable boundary localisation and region-level signal preserva-

tion. The monotonic relationship between the merge thresh-

old and segmentation granularity further highlights AZM’s

suitability as a controllable intermediate representation for

downstream inference and recognition tasks.
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