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Many works aimed at enhancing the pipeline has been 
concentrated on either improving feature extraction or 
accelerating the geometric verification of feature matches. 
Nevertheless, the feature matching step has remained rela-
tively unchanged, continuing to depend on either exact or 
approximate nearest neighbor (NN) search in descriptor 
space.

Efforts in feature matching tend to be categorized into 
two groups: either a comprehensive solution that is more 
accurate yet computationally more expensive than exact 
NN search with simple filters, or an approximate search that 
is more efficient but less accurate than exact NN search. 
A recent and successful exemplar of accurate solutions is 
AdaLAM [25], which establishes region matches between 
images and filters feature matches based on these region 
matches. However, methods like AdaLAM rely on nearest 
neighbors and add extra steps at the end of the exhaustive 
search rather than replacing it. This approach limits their 
efficiency. On the other hand, approximate NN methods 
such as FLANN-based solutions [26] result in a substan-
tial degradation of performance [27]. To the best of our 

1  Introduction

Matching two or more images of the same scene is a fun-
damental problem in computer vision and serves as a pre-
requisite for various applications, including image stitching 
[1–7], 3D reconstruction [8–16], and simultaneous local-
ization and mapping [17–24]. Image matching typically 
involves extracting local features from all images and 
matching the most similar features across images. This pro-
cess is followed by a robust estimation which searches the 
largest subset of matches that are geometrically consistent.
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Abstract
The widely adopted image matching approach remains dependent on exhaustive matching of local features across images. 
Existing methods aiming to improve efficiency either approximate nearest neighbor (NN) search, compromising accuracy, 
or apply filtering only after establishing tentative matches, which restricts potential efficiency gains. We challenge the 
assumption that exhaustive NN search is necessary by proposing a more efficient hierarchical approach that maintains 
matching accuracy without relying on full-scale NN search. Our key insight is that efficiently identifying sufficiently simi-
lar, geometrically meaningful feature matches-rather than the most similar but geometrically random ones-can improve 
or maintain performance at a lower computational cost. We propose a novel method, Group-Guided Nearest Neighbors 
(GGNN), which matches groups of features first and then matches individual features only within these matched groups. 
This hierarchical pipeline reduces the computational complexity of feature matching from θ(n2) to θ(n

√
n), significantly 

improving efficiency. Experimental results on homography estimation demonstrate that GGNN outperforms standard NN 
search while achieving performance comparable to state-of-the-art methods. Additionally, we formulate GGNN as a gen-
eral framework, where conventional NN search is a special case with a single global feature group. This formulation 
provides a continuum of feature matching methods with varying computational costs, enabling automatic selection based 
on a given time budget.
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knowledge, exact NN search with heuristic filtering remains 
on the Pareto front for balancing image matching perfor-
mance and computational efficiency.

We observe that the NN search process for feature match-
ing represents a “leaky abstraction”. This is to say that sim-
ply identifying the most similar features may not lead to 
geometrically meaningful results, especially when dealing 
with repetitive patterns in images. Even when geometric 
validation successfully identifies and eliminates these highly 
similar but incorrect feature matches, they continue to cause 
problems by slowing down the validation process and hin-
dering the use of information from the correct matches of 
these features.

In our study, we ask: Is it possible to enhance the effi-
ciency of feature matching without losing its accuracy, 
using a hierarchical approach that does not depend on 
exhaustive search among feature descriptors? Our thesis is 
that efficiently identifying sufficiently similar geometrically 
meaningful feature matches, rather than the most similar but 
geometrically random ones, can potentially improve or at 
least maintain matching performance.

We propose a hierarchical pipeline that employs hyper-
dimensional computing for efficient group testing of feature 
similarities. Figure  1 illustrates the main idea behind this 
approach, which first detects, describes and matches fea-
ture groups rather than directly matching individual fea-
tures. Experimental evidence suggests that this group-based 
approach is not only efficient but also highly effective for 
image matching.

2  Related work

In image matching systems handcrafted feature extractors 
such as SIFT [28, 29] along with its variants [30–34] and 
alternative real-valued descriptors [35–41] have been widely 
adopted due to their robustness against photometric and geo-
metric transformations. With the advent of deep learning, 

convolutional neural networks have been employed to learn 
feature descriptors directly from data, which has shown 
superior performance over handcrafted methods for most 
tasks. Binary descriptors have also gained popularity due to 
their computational efficiency and lower memory require-
ments. Techniques such as BRIEF [42, 43] and ORB [44], 
which are handcrafted descriptors, along with LATCH [45] 
and BEBLID [46], which are learned descriptors, provide a 
faster alternative to real-valued descriptors.

Traditional methods like Nearest Neighbors (NN) and 
Mutual Nearest Neighbors (MNN) have been foundational 
for matching sparse features. MNN works by applying the 
nearest neighbors method bidirectionally and then calculat-
ing the intersection, retaining only the mutual matches. This 
ensures fewer mismatches by confirming that a feature in 
one image is the nearest neighbor of a feature in the second 
image and vice versa. However, it often reduces the number 
of correct matches as well.

To enhance robustness, the Nearest Neighbors with Ratio 
Test (SNN) [29] was introduced. SNN compares the distance 
of the closest neighbor to that of the second-closest, filtering 
out matches where the ratio exceeds a predefined threshold. 
This ratio test effectively reduces false matches by ensuring 
that the best match is significantly closer than the second-
best match. SNN has been highly influential in the develop-
ment of newer algorithms and continues to remain relevant 
today. A more recent approach, SMNN [27], combines the 
principles of MNN and SNN to further refine the matching 
process by ensuring mutual consistency and applying a ratio 
test, thereby reducing false matches.

Beyond descriptor-only methods, some techniques are 
geometry-aware, meaning they consider the spatial relation-
ships between keypoints. First Geometrically Inconsistent 
Nearest Neighbors (FGINN) [47] extends SNN by search-
ing for second nearest neighbors only among keypoints that 
are spatially distant from the first nearest neighbor, pro-
ducing a superset of SNN. Common Visual Pattern (CVP) 
discovery [48] formulates feature matching as a clustering 

Fig. 1  Hierarchical approach for feature matching: a illustrates the 
coarse feature matching where the images are divided into regions of 
varying sizes, resulting in 

√
n regions for n features. Each region is 

then compactly described by aggregating the group of local features 
detected within it, as shown in (b), instead of using a descriptor extrac-

tion method directly. This aggregation helps to discard the vast, unin-
formative space within the region. Subsequently, groups of features 
are matched across images, followed by the matching of individual 
features within the corresponding groups
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problem by mapping keypoint correspondences into trans-
formation spaces modeled as matrix Lie groups, which are 
then refined using nonlinear mean shift clustering to detect 
repeating patterns across images. Grid-based Motion Sta-
tistics (GMS) [49] enhances feature matching by enforcing 
local motion smoothness constraints, identifying clusters of 
consistent matches across a grid structure while efficiently 
rejecting outliers. Locality Preserving Matching (LPM) [50] 
strengthens feature matching by enforcing local neighbor-
hood consistency through a geometric model, allowing it 
to handle non-rigid transformations and effectively remove 
outliers. Geometry Consistency Aware Confidence Evalu-
ation (GCCE) [51] improves feature matching by itera-
tively refining correspondences through local geometric 
consistency analysis, employing a shrinking-expanding 
strategy for robust match pruning and expansion. Finally, 
Adaptive Locally-Affine Matching (AdaLAM) [25] filters 
NN matches with local geometric verification around SNN 
matches using Random Sample Consensus (RANSAC) 
[52]. All these methods operate by filtering feature matches 
after establishing putative correspondences, which inher-
ently limits efficiency.

Efficient alternatives to exact NN methods have been 
extensively explored in the literature. Notably, the Fast 
Library for Approximate Nearest Neighbors (FLANN) [26] 
employs multiple randomized kd-trees [53] and hierarchi-
cal k-means trees [26] to approximate NN. Although these 
methods offer improved efficiency, they perform worse than 
exhaustive nearest neighbor searches in terms of matching 
accuracy [27].

Additionally, hash-based methods such as LDAHash 
[54] and CasHash [55] provide efficient indexing of descrip-
tors. While these methods are more efficient, they are typi-
cally less accurate than tree-based methods and are often 
implemented in a feature-specific manner, which is another 
disadvantage.

Another category of approximate NN algorithms 
includes graph-based matchers [56], which scale well for 
searching. Examples include the Navigating Spreading-
out Graphs (NSG) [57] and Hierarchical Navigable Small 
Worlds (HNSW) [58]. These algorithms are utilized for gen-
eral searches in large vector databases and are not limited to 
local feature matching across two images.

All these tree-based, hash-based, and graph-based 
approximate nearest neighbor methods are purely descrip-
tor-based and do not incorporate geometric awareness. Con-
sequently, even under optimal conditions, these algorithms 
can only perform as well as exact NN methods and not bet-
ter, for sufficiently large datasets.

The matching algorithm proposed in this work neither fil-
ters nor approximates NN. It is designed to be more efficient 
than exact NN and more accurate than approximate NN.

3  Approach

We propose Group-Guided Nearest Neighbors (GGNN), a 
hierarchical approach to matching image pairs. Initially, we 
spatially group keypoints and represent each group with a 
single descriptor vector. This is achieved by describing indi-
vidual features with vectors that are probably approximately 
orthogonal to each other and then through aggregation of 
these vectors by summation as explained below. Then, 
GGNN matches these groups efficiently across images, and 
we carry out feature matching and match filtering within 
these matched groups. By performing feature matching 
across group matches instead of conducting a global search, 
we enhance efficiency. Consequently, the proposed method 
showcases a lower time complexity than NN search. Fig-
ure 2 shows an overview of the proposed system.

3.1  Probably approximately orthogonal feature 
description

The simple summation operation effectively represents a set 
of vectors when the involved vectors are pairwise orthogo-
nal. The expected value for the angle between two random, 
zero-centered descriptor vectors in k > 1 dimensions is 90◦

. However, the variance is significant in relatively lower-
dimensional spaces, particularly when the descriptors are 
not statistically random. Achieving perfect orthogonal-
ity among descriptors without compromising other desir-
able characteristics such as matchability is infeasible. To 
achieve “probably approximately orthogonal” vectors, we 
employ higher-dimensional descriptor vectors than usual, 
as vectors in higher dimensions are more likely to exhibit 
orthogonality. This approach is inspired by the principles of 
hyperdimensional computing [59], where vector symbolic 
architectures enable symbolic computation using very high-
dimensional random vectors. These vectors, when subjected 
to algebraic operations, function akin to distinct symbols.

We explored various publicly available feature extrac-
tor algorithms and their combinations through concatena-
tion, focusing on binary descriptors since they are faster to 
compute and compare, and usually higher-dimensional than 
the real-valued alternatives. The concatenation of bipolar 
representations of two binary descriptors, 512-dimensional 
LATCH [45] and 512-dimensional BEBLID [46], computed 
on Oriented FAST [44] keypoints, emerged as an effec-
tive solution in terms of orthogonality and matchability. To 
enhance orthogonality, we identified better configurations 
of these algorithms than their default settings in OpenCV 
[60]. Additionally, we implemented non-maximum suppres-
sion on keypoints based on their response scores to enhance 
orthogonality further, in response to our observation that 
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These parameters could potentially be further tuned in the 
future using larger, more diverse datasets or those specific 
to certain domains. The sampling algorithm was improved 
by introducing a pyramid-like pattern of variable-size cir-
cles, which better accommodates scale differences between 
images.

To aggregate descriptors, we employed element-wise 
addition of the bipolar representation of binary descriptors. 
This operation, referred to as “bundling” in hyperdimen-
sional computing literature, efficiently represents a super-
position of orthogonal vectors. There is no need for L2 
normalization of the vectors before aggregating since they 
all possess the same L2 norm, with components being either 
1 or −1. After aggregation, there is still no need for such 
normalization because we always add the same number of 
such vectors, and thus the resulting vectors have the same 
norm.

3.3  Group-guided feature matching

Once individual features are computed and groups are 
formed and described, we match these 

√
n groups of features 

keypoints in close spatial proximity are less likely to yield 
orthogonal vectors.

3.2  Spatial grouping of local features

The hierarchical approach necessitates the grouping of 
local features. In our experiments, it was observed that 
grouping features based on keypoint positions consis-
tently outperforms random grouping or grouping based on 
descriptor vectors, such as maximizing intra-group pairwise 
orthogonality.

Various spatial grouping strategies were explored, 
including the use of top-scale keypoints as regions, clus-
tering of keypoints, and random sampling of large circles 
on images. Remarkably, the most effective method was 
also the simplest: employing fixed-size, overlapping circles 
that are systematically sampled, with their centers forming 
a grid layout. The total number of these circular regions 
correlates with the time allocated for solving the matching 
problem. We suggest using 

√
n regions where n is the num-

ber of features. Other hyperparameters, such as circle sizes 
and distances between them, were empirically determined. 

Fig. 2  Comprehensive system over-
view: the diagram illustrates the 
computational processes applied to 
individual images (left) and to pairs 
of images (right). It is important to 
note that for a dataset of m images, 
the number of potential image 
pairs escalates to Θ(m2). This 
exponential increase underscores 
the significance of optimizing the 
efficiency of computations that are 
performed for each image pair. For 
optimal visual clarity, viewing in 
color is recommended
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whose optimal value depends on factors such as image reso-
lution. In our approach, we use 

√
n groups containing 

√
n 

features. Our algorithm requires Θ(kn) time for exact group 
matching. Subsequently, matching 

√
n features to other 

√
n 

features takes Θ(kn) time for each the 
√

n group matches. 
The total complexity for group-guided feature matching 
thus becomes Θ(kn

√
n). Since k is normally a constant, this 

complexity can be simplified to Θ(n
√

n).
The proposed feature matching method can be formu-

lated as a general framework in which g groups are matched 
across images and then g times c members are matched 
against c members of the matched group. This framework 
requires g2 + gc2 descriptor comparisons in total. It is 
sensible to constraint the relationship between these vari-
ables to satisfy the equation c = n/g. This way g groups 
of c features will have n features in total. (Note that this 
does not mean all features are covered as there are overlap-
ping features between groups.) Applying this constraint the 
number of comparisons becomes g2 + n2/g. For simulat-
ing the conventional NN search, there must be only g = 1 
group and thus 1 + n2 comparisons (or simply n2 by avoid-
ing the unnecessary group matching) must be performed. 
Whereas, the proposed method constructs g =

√
n groups 

and requires only n + n
√

n comparisons. Within this 
framework it is possible to minimize the computational cost 
beyond the proposed setting: the minimum number of com-
parisons is 3 3

√
2n2/(2 3

√
n2), which occurs when there are 

g = 3
√

4 3
√

n2/2 groups. Instead of using the proposed set-
ting, one can select an appropriate integer g automatically 
from the range [1, 3

√
4 3

√
n2/2] depending on the time bud-

get. The number of total comparisons decreases monotoni-
cally within this range.

4  Experiments

We evaluate the performance of the proposed method on 
the task of homography estimation using the Oxford clas-
sic image matching dataset [71]. This dataset consists of six 
images for each of the eight scenes, resulting in a total of 48 
images. For each scene, there is one reference image, which 
is paired with each of the other five images in that scene, 
resulting in 40 image pairs with corresponding ground truth 
homography matrices. By calculating homography matrices 
for all possible image pairs within each scene, we extend 
this to a total of 288 image pairs, which we refer to as 
Oxford+. The “Bikes” and “Trees” scenes exhibit varying 
degrees of blur. The “Leuven” scene involves variations in 
light conditions, while the “UBC” scene is characterized by 
JPEG compression. The “Graff” and “Wall” scenes depict 

across images (right side of Fig. 2). We compare the group 
descriptors using cosine similarity, as our experiments dem-
onstrated that it performs better than other, more complex 
set-theoretic formulations such as the Jaccard Index. This 
correspondence search is performed bidirectionally, consid-
ering the union of the resulting match sets. We retain only 
the top 50% of the group matches based on their vector 
similarities to eliminate low-quality matches, resulting in a 
maximum of 

√
n group matches.

Next, we conduct feature matching for each of the 
matched groups across images. To limit the impact of incor-
rectly matched groups and remove false feature matches, 
we first filter the nearest neighbors using the mutuality 
constraint. We then perform local geometric verification by 
running multiple RANSACs [52] in parallel, similar to the 
method described in [25]. We aggregate all feature matches 
obtained from all group matches into a single pool, which 
contains at most n feature matches, though typically fewer 
in practice.

This group-guided feature matching concept parallels the 
principles of group testing [61]. In group testing, individual 
tests are simultaneously conducted on multiple items. How-
ever, our approach involves not only grouping the items 
(features of the first image) but also the tests (features of the 
second image). Adopting this two-way grouping strategy 
enhances the efficiency of the testing process.

3.4  Robust estimation and guided matching

When features are matched and pre-filtered, they often still 
contain outliers-matches that are geometrically inconsistent 
with the largest consistent subset. To address this, we follow 
the standard procedure of performing a robust estimation of 
the geometric transform, typically using RANSAC [52] or 
its variants [62–70]. We maintain a high threshold for robust 
estimation to find a coarse estimation.

Next, we conduct estimation-guided feature matching 
using all keypoints. In this process, we compare features 
with other features within a small neighborhood centered 
around the estimated location of the keypoint. This is done 
using the ratio test for descriptors as described in [29] 
and scale-based filtering for keypoints as in [25]. Guided 
matching is highly efficient as it leverages the previously 
constructed quick keypoint search structure. We finalize 
the process with robust estimation over the new feature 
matches, this time using a small error threshold.

3.5  Computational complexity and generalization

The time complexity of NN search is Θ(kn2), where k rep-
resents the descriptor dimensionality, which is typically 
a constant, and n represents the feature count, a variable 
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we evaluate FGINN [47], a variation of SNN that consid-
ers the geometry of keypoints. Recent methods such as 
AdaLAM [25] and SMNN [27], as implemented in Kornia 
[88], are also included in the comparison. We also include 
the preemptive feature matching strategy [11], which 
matches top-scale features across images to accelerate mul-
tiview matching. As a hierarchical matching baseline with 
a Θ(n

√
n) time complexity, we include feature matching 

guided by matches of top-scale features, referred to as Hier-
archical Nearest Neighbors (HNN). For linear-time approx-
imate NN methods, we evaluate the widely-used FLANN 
[26], which is tree-based, and the state-of-the-art HNSW 
[58], which is graph-based. To ensure a fair comparison, all 
methods were applied to the same keypoints with identical 
descriptor vectors, followed by identical post-processing 
steps, including guided matching. For robust estimation, we 
used GC-RANSAC [65]. All methods were tuned for opti-
mal performance, except for NN and MNN, which do not 
require parameter tuning.

The results indicate that GGNN achieves Pareto opti-
mality in the efficiency-accuracy trade-off, meaning that no 
other method surpasses GGNN in both efficiency and accu-
racy. In other words, for its level of efficiency and beyond, 
GGNN demonstrates the highest accuracy across all three 
datasets. Furthermore, GGNN outperforms both NN and 
AdaLAM on all three datasets while maintaining greater 
efficiency.

Typically, methods that approximate the NN search such 
as FLANN and HNSW are expected to perform worse than 
exact NN search, with their best-case performance match-
ing that of exact methods. However, this upper limit does 
not apply to our proposed method. If the group matching 
step is performed effectively, then matching features within 

changes in viewpoint, and the “Bark” and “Boat” scenes 
involve zoom and rotation adjustments.

Additionally, we use the Homogr dataset [72], which 
contains a single image pair for each of the 16 scenes. Due 
to the small sample size and the similar performance of all 
methods, we generate synthetically transformed image pairs 
to allow for differentiation among the methods. Following 
the approach described in [73], we generate random homog-
raphies by perturbing the image corners. This process allows 
for the creation of any number of image pairs, and for our 
experiments, we generate 640 image pairs.

Lastly, we utilize the image sequences from the HPatches 
dataset [74]. This dataset comprises 580 image pairs, with 
285 pairs featuring illumination changes and the remaining 
295 pairs featuring view changes.

We employ the average corner error (ACE) [73, 75–84], 
a metric commonly used for assessing the accuracy of geo-
metric transformations, for the evaluation of the obtained 
transformation. ACE quantifies the average discrepancy 
between the true and estimated corner positions in the trans-
formed image. Success is declared if the ACE value falls 
below 1% of the image diagonal’s length; otherwise, it is 
considered a failure [85].

In experiments we use n = 4096 features. In practice the 
number of features can be as high as 8k [25], 10k [41], 12k 
[40], 15k [27], 20k [86] or 40k [87]. The theoretical speedup 
of the proposed method increases as the number of features 
increases.

Table 1 presents the performance of the proposed method 
on the dataset and compares it with several classical and 
recent methods. The classical methods include nearest 
neighbors (NN), mutual nearest neighbors (MNN), and 
nearest neighbors with ratio test (SNN) [29]. Additionally, 

Table 1  Homography estimation results of GGNN and other methods
Failure percentage

Dataset Image pairs NN MNN SNN FGINN AdaLAM SMNN HNN GGNN FLANN HNSW
(2004) (2015) (2020) (2021) (Proposed) (2009) (2018)

Oxford+ Bikes 36 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Oxford+ Trees 36 2.8 0.0 0.0 0.0 0.0 0.0 2.8 2.8 0.0 0.0
Oxford+ Leuven 36 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Oxford+ UBC 36 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Oxford+ Graff 36 27.8 36.1 25.0 25.0 33.3 30.6 50.0 25.0 41.7 33.3
Oxford+ Wall 36 13.9 16.7 13.9 11.1 11.1 11.1 22.2 11.1 36.1 16.7
Oxford+ Bark 36 69.4 63.9 66.7 69.4 66.7 66.7 72.2 63.9 75.0 69.4
Oxford+ Boat 36 55.6 52.8 44.4 47.2 47.2 44.4 55.6 47.2 52.8 52.8
Oxford+ 288 21.2 21.2 18.8 19.1 19.8 19.1 25.3 18.8 25.7 21.5
Homogr-Random 640 8.1 7.2 6.7 6.7 12.5 6.9 18.0 6.6 22.5 8.9
HPatches Illum 285 10.5 8.4 7.4 8.8 11.2 8.8 18.9 10.2 18.2 10.5
HPatches View 295 18.0 15.9 15.6 14.9 17.6 14.6 33.2 16.3 32.9 19.3
HPatches 580 14.3 12.2 11.6 11.9 14.5 11.7 26.2 13.3 25.7 15.0
Time complexity Θ(n2) Θ(n

√
n) Θ(n log n)

Bold values indicate the best (lowest) failure percentage for each dataset
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For n = 4096 features, the number of vector compari-
sons g2 + n2/g is 16, 777, 217 for g = 1 group, 266, 240 for 
g = 63 groups, and 123, 855 for g = 203 groups. This dem-
onstrates a significant difference between the NN algorithm 
and the proposed GGNN setting, although the difference 
in computational efficiency between the proposed GGNN 
setting and the absolute minimum is less pronounced. We 
observe that g =

√
n generally provides a good balance 

between speed and performance, at least for n = 4096 using 
our features on our datasets. However, this parameter can be 
optimized for specific features, datasets, applications, and 
time limits.

4.2  Error analysis

Three primary types of errors can be identified in the match-
ing process. The first type of error arises from a lack of 
region overlap, which occurs when the detected regions do 
not sufficiently overlap, making matching impossible. This 
limitation depends on the region computation algorithm. 
However, the systematic sampling approach used in our 
method ensures spatial overlap, while the incorporation of a 
region pyramid, consisting of regions of varying sizes, miti-
gates scale differences. The impact of this component is evi-
dent in Table 2, where the removal of the pyramid structure 
results in fixed region sizes, leading to poor overlap in cases 
involving significant scale variation.

The second type of error involves group mismatches, 
which occur when regions are incorrectly matched. These 
mismatches can result from insufficiently discriminative 
aggregate vectors or from repeating structures within the 

correctly matched groups becomes significantly easier 
compared to performing a global matching. This structured 
approach leads to a performance gain over other methods.

Figure  3 presents the intermediate results of the pro-
posed method on a selected image pair, demonstrating how 
the refining process enhances the rate of correct matches 
at both the group and feature levels. Figure  4 provides 
sample results, showcasing both successful matches and 
various types of failures, including lack of region overlap, 
group mismatches, and feature mismatches within correctly 
matched groups.

4.1  Ablation study

Table 2 presents the results of the ablation study, wherein 
each column represents the proposed method with some 
components intentionally omitted. The ablation study 
reveals that performance deteriorates when certain compo-
nents are removed or modified, highlighting the significance 
of these components in the overall effectiveness of the pro-
posed method. This suggests that each component contrib-
utes positively to the model’s performance and that their 
inclusion is essential for achieving optimal results. Notably, 
the results indicate that the removal of NMS led to the larg-
est decrease in performance across all three datasets, under-
scoring its critical importance in maintaining high accuracy.

In Sect. 3.5 we mentioned that the number of groups, 
denoted by g, can actually be different from 

√
n. We aim at 

minimizing both the number of comparisons and the failure 
percentage. Figure 5 shows the results obtained by varying 
the number of groups.

Fig. 3  Intermediate results from GGNN: a initial region matches: 
Groups are matched with the most similar groups from the other 
image. Successful matches, indicated by blue lines, have a sufficient 
number of common members. b Refined region matches: Low-quality 
region matches are discarded. c Initial feature matches: Members are 
matched with the most similar members of the matched groups. Blue 

lines indicate matches with low localization errors. d Refined feature 
matches: Within each group, geometrically inconsistent matches are 
discarded. A spectrum of colors from blue to red is used to indicate the 
quality of matches, with blue representing the best matches and red 
representing the worst
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Table 2  Failure percentages for ablated components
Non-maximum suppression ✓ ✓ ✓ ✓ ✓
Pyramid for regions ✓ ✓ ✓ ✓ ✓
Region match elimination ✓ ✓ ✓ ✓ ✓
Local geometric verification ✓ ✓ ✓ ✓ ✓
Guided matching ✓ ✓ ✓ ✓ ✓
Oxford+ Bikes 0.0 0.0 0.0 0.0 0.0 0.0
Oxford+ Trees 2.8 2.8 2.8 0.0 2.8 2.8
Oxford+ Leuven 0.0 0.0 0.0 0.0 0.0 0.0
Oxford+ UBC 0.0 0.0 0.0 0.0 0.0 0.0
Oxford+ Graff 25.0 41.7 30.6 33.3 27.8 36.1
Oxford+ Wall 11.1 19.4 16.7 16.7 19.4 16.7
Oxford+ Bark 63.9 66.7 66.7 69.4 69.4 63.9
Oxford+ Boat 47.2 52.8 55.6 55.6 55.6 52.8
Oxford+ 18.8 22.9 21.5 21.9 21.9 21.5
Homogr-Random 6.6 12.0 7.2 6.7 8.9 8.9
HPatches Illum 10.2 13.0 13.3 10.2 13.7 12.3
HPatches View 16.3 27.5 17.6 16.6 22.0 18.3
HPatches 13.3 20.3 15.5 13.4 17.9 15.3
Time complexity Θ(n

√
n)

Bold values indicate the best (lowest) failure percentage for each dataset

Fig. 4  Sample results from GGNN: 
more successful outcomes shown 
on the left and less successful ones 
on the right. Failures occur due to 
relatively high reprojection errors 
in matching (indicated by yellow or 
red matches, with red being worse), 
or when the number of matches 
is not sufficiently high, or when 
matched features are not spatially 
well-distributed
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the efficiency of the method. Empirical evaluations support 
the effectiveness of this approach.

The computational overhead resulting from the prepara-
tion of groups is asymptotically negligible. In practice, even 
if the feature count is small and overhead becomes signif-
icant, the additional computation is applied to all images 
individually rather than to each pair of images. Conse-
quently, as images are repeatedly used (e.g., in multi-view 
image matching), the additional cost diminishes rapidly.

The current version of our proposed feature matching 
process is not feature-agnostic, which could restrict its 
compatibility with future feature extractors. However, most 
extractors can be adapted to yield high-dimensional descrip-
tors. In higher-dimensional spaces, these descriptors tend to 
be pairwise orthogonal, fulfilling our primary requirement. 
Moreover, using a single descriptor extractor would gener-
ate vectors with components that are less correlated than 
those in concatenated descriptors. This reduction in cor-
relation enhances both discriminability and orthogonality, 
potentially making our approach more effective than it cur-
rently is.
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images. The former issue is closely tied to feature extraction 
and may improve as feature extraction algorithms advance. 
The latter represents an inherent limitation of the method, 
as even perfectly described regions can mismatch due to 
structural repetition. This trade-off prioritizes efficiency; 
however, in practice, it does not pose a significant problem, 
as successful matching does not require all regions to be 
perfectly aligned-only a sufficient number of high-quality 
region matches. Additionally, the “Region match elimina-
tion” step, shown in Table 2, helps filter out low-quality 
matches, further mitigating this issue.

The third type of error pertains to feature mismatches 
within correctly matched groups. Even when groups are 
successfully matched, individual features within them may 
still be misaligned. However, compared to baseline meth-
ods that perform global feature matching, the hierarchical 
approach adopted in our method significantly reduces the 
search space. Rather than matching n features globally, our 
method confines the search to 

√
n features within each of 

the 
√

n regions, making the task more manageable and less 
prone to error. This structured approach enhances both effi-
ciency and accuracy, as demonstrated in Table 1.

5  Conclusions

For image matching, increased field-of-views captured in 
increased image resolutions necessitates a quadratic increase 
in keypoints due to the two-dimensional nature of images. 
Our research introduces a novel approach, proposing an 
image matching method that circumvents the exhaustive 
NN search in descriptor space for each keypoint. Central 
to this approach is the concept of first matching clusters of 
spatial features, and subsequently matching individual fea-
tures within these matched clusters. This strategy leverages 
the spatial relationships between features, which improves 

Fig. 5  Impact of the number of 
groups: the plot visualizes the 
impact of different numbers of 
groups g while keeping their car-
dinality at c = n/g for n = 4096
. The proposed setting is calculated 
as g =

√
n = 64. Horizontal lines 

mark the performance level of the 
proposed setting
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