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Abstract: Feature matching has been frequently applied in computer vision and pattern recognition. In this paper, the
authors propose a fast feature matching algorithm for vector-based feature. Their algorithm searches r-nearest
neighborhood clusters for the query point after a k-means clustering, which shows higher efficiency in three aspects.
First, it does not reformat the data into a complex tree, so it shortens the construction time twice. Second, their algorithm
adopts the r-nearest searching strategy to increase the probability to contain the exact nearest neighbor (NN) and take
this NN as the global one, which can accelerate the searching speed by 170 times. Third, they set up a matching rule
with a variant distance threshold to eliminate wrong matches. Their algorithm has been tested on large SIFT databases
with different scales and compared with two widely applied algorithms, priority search km-tree and random kd-tree. The
results show that their algorithm outperforms both algorithms in terms of speed up over linear search, and consumes
less time than km-tree. Finally, they carry out the CFl test based on ISKLRS database using their algorithm. The test

results show that their algorithm can greatly improve the recognition speed without affecting the recognition rate.

1 Introduction

Feature matching has played a critical role in the field of computer
vision such as image indexing, local feature-based object
recognition and video retrieval [1]. It is a process of k-nearest
neighbour (NN) searching, which returns k exact NNs of a query
point [2]. In most cases, the database contains millions of points,
thus the NN searching becomes the most computationally
expensive part in the feature matching process. Linear search is
the most accurate way to deal with this issue [3]; however, it
queries all points in the database, and its searching time soars
linearly with the increasing database scale. To speed up the feature
matching process, Approximate NN (ANN) [4] has been widely
used. ANN speeds up the matching process by substituting the
exact NN with an approximate one, which has a high probability
to be the point we are searching for.

To improve the matching speed and precision, we have developed
a novel matching algorithm. It is based on r-nearest k-means clusters
to solve the problem of vector-based feature matching in large-scale
database such as scale-invariant feature transform (SIFT) [5]
and speeded-up robust features (SURF) [6]. The key concept is to
locate a small region of the database that has a high probability
to contain the NN and then takes the local NN in this region as
the global one. After the database is partitioned into k clusters
by k-means clustering, the r-nearest clusters to the query point
are selected as local region. Experimental results show that our
algorithm outperforms two widely applied algorithms: priority
search km-tree and kd-tree. It achieves near two orders of
magnitude of speed ups over linear search with a precision of
95%. The organisations of our work can be summarised in three
aspects. First, it has a faster structure construction process. Unlike
priority search km-tree, which needs to allocate a complex tree
structure and conducts recursively k-means clustering in every
cluster, our algorithm establishes a general k-means manipulation
instead of a tree structure. Therefore, our structure is greatly
simplified with less construction time than km-tree. Second, it is
composed of a faster query procedure. Different from km-tree
which searches for the NN in a queue of tree nodes, our r-nearest

searching strategy only locates and searches the r-nearest clusters
to the query point in the database, rather than the whole database.
The remarkable reduction of the number of searching points will
shorten search time and achieve impressive speed up over linear
search. Third, our algorithm adopts a matching rule of higher
precision, which is different from the widely applied feature
matching rule. We set up a variant distance threshold to adapt to
the r-nearest search strategy, so as to eliminate wrong matches
caused by the local NNs.

The organisation of this paper is as follows. In Section 2, we
present the technical details of our approach. Section 3 shows the
experimental results obtained by our algorithm. Section 4 shows
the test results of clustering of features and images (CFI)
optimisation based on images of State Key Laboratory of Robotics
and System (ISKLRS) database.

Feature matching is a typical application of the ANN method [7].
The only linear search returns the exact NN of the query point but
it generally costs too much time. To speed up the NN searching
process, many ANN search algorithms have been proposed.
According to the way of constructing the structure of the database,
most ANN methods can be classified as three categories:
partitioning trees, hashing techniques and neighbouring graph
techniques [8]. Hashing techniques are always used for binary
features such as oriented FAST and rotated BRIEF (ORB) [9] and
binary robust independent elementary features (BRIEF) [10].
Partitioning tree is more efficient for vector-based feature with
high dimension such as SIFT and SURF. NN graph methods
usually build a graph structure, where points are connected to its
NNs by edges, and it is really time-consuming.

A famous tree-based ANN method is kd-tree, which is widely used
with good performance for low-dimensional search [11]. It recursively
partitions the space through hyperplanes and forms a tree structure.
When searching for the NN, the query point is compared with the
splitting value of each tree node to find the NN. Locality sensitive
hashing (LSH) adopts several hash functions of the same type to
create the corresponding hash value for each point of dataset [12].
Each function reduces data dimension by projecting them to random
vectors and recursive hashing step. The query point is mapped by
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the hash function and the projected points in the same bin are returned
as nearest candidates. Hajebi built a &~-NN graph in an offline manner
and then used a hill-climbing step to find the nearest point from a
random graph node [13]. It has been empirically proved that this
graph-based method outperforms LSH and kd-tree. However,
building a A-NN graph for each point in the database may cost
much more time than other algorithms.

Muja did a lot of work in ANN search [14], and our algorithm is
mainly compared with priority search km-tree. Marius discussed two
algorithms: randomised kd-tree and priority search km-tree. He
empirically illustrated that these two algorithms outperformed
other methods for vector-based feature. The priority search km-tree
is constructed by partitioning data into k distinct regions using
k-means clustering at each level, and then adopts a recursive
method in each region. These two algorithms achieve speed up at
about two orders of magnitudes, one is with precision 0.8 over
linear search and the other one is with precision 0.98. Marius built
a fast library for ANN search (FLANN) [15] including LSH,
random kd-tree, priority search km-tree and hierarchal clustering
tree. In this paper, it is adopted to test km-tree and kd-tree to make
a comparison with our algorithm.

The main idea for our proposed method is that our algorithm will
partition the database into % clusters first and ranks the centres by
their distance to the query point. The NN will be more possible to
be found in the region near the query point compared with the
region far from the query point. If the whole database to be searched
can be scaled to a small region, it will remarkably accelerate the
searching process. When it refers to the feature matching among
large-scale database, fast feature matching is always adopted for its re-
markable matching speed. Compared to km-tree and kd-tree, our fast
feature matching algorithm based on r-nearest A-means clusters has a
simpler structure with less construction time, a flexible matching rule,
and higher searching speed and precision. Therefore, our fast feature
matching algorithm is a better choice for feature matching with the
large scale of vector-based feature such as SIFT and SURF.

2 r-Nearest k-means clusters

Fig. 1 shows how to search the r-nearest clusters for the NN of a query
point in two-dimensional feature space after k&~-means clustering.

If the linear search is applied, it is necessary to visit all points in
the whole feature space, which is computationally too expensive. In
our algorithm, the database is clustered by k-means clustering first as
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Fig. 1 Illlustration for ANN search algorithm based on r-nearest k-means
clusters proposed in this work

a global linear search

b k clusters (k=6)

¢ r-nearest search (r=2)

d local linear search
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shown in Fig. 1b, in which case it is supposed that k=6. Points in
the database will be clustered around k& centres with k clusters,
and there are clusters near the query point while others are not.
When searching for the NN, the query point will be first matched
to k centres by linear search as shown in Fig. l¢, and this would
not cost much time since k<n. To reduce the searching time,
our algorithm sets searching factor r to represent the number of
selected clusters. Only r clusters near to the query point will be
selected as the searching region. We use Euclidean distance to
measure the distance for vector-based feature. This search strategy
is called r-nearest search strategy. In Fig. 1d, two nearest clusters
will be searched for the ANN. When the distance between the
centre of a cluster and the query point increases, or the searching
factor » becomes bigger, the probability of finding the NN in these
7 clusters will become higher.

2.1 Construction of k-means clusters

When constructing data structure, we apply k-means clustering as
Algorithm 1 (see Fig. 2) depicted. We add some variables to this
k-means process. n_C_index is used to index the local number of a
feature by its global number, while index_C_n is used to index it
back. Here, k is the branching factor which determines the number
of clusters a database that will be partitioned into. /5, denotes the
number of iterations conducted in A-means process. Cy represents
the way to initialise the seed centre position. After clustering, the
database will be divided into & clusters. Different from priority
search km-tree method, which will recursively conduct clustering
in each part again and again until the number of the points is less
than the given threshold, our algorithm does not apply such
recursive construction step but clusters only once.

2.2 r-Nearest search and feature matching

The fast feature matching process based on r-nearest k-means
clusters is shown in Algorithm 2 (see Fig. 3). This algorithm

Input: feature dataset D, branching factor k£, maximum
iterations /., center initialization algorithm Cly,
Qutput: t-means clusters, with C recording the centers,
Cd recording the points in each cluster, n_C index
recording the center index and index in clusters of
points in D, and index_C n recording the index in D of
points in each clusters.

1: if |D|< k then

2 create a cluster with the descriptors in D

3t C «— means of descriptors in D

3: else

4. C « select k points from D using the Cuyg
algorithm

57 converged « false

6: iterations+«—0

7: while not converged and iterations<Iy.. do

8: Cd < cluster the points in D around

nearest centers P

9; Chew < means of clusters in Cd

10: if C=C,.w then

I1: converged < true

12: endif

13 C — Chew

14: iterations<iterations+|

15: endwhile

16: endif

17: n_C index <—center index and index in clusters of
descriptors in D

18: index C n « index in D of descriptors in each
clusters

Fig. 2 Algorithm 1: Clustering dataset by k-means
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Input: k-means clusters, searching factor », query

descriptor Q

Output: Matchinfo, the information of the matched

descriptor in database D

1: match O to clustering centers C

2: P « cluster index of r nearest centers to Q

C' «— means of descriptors in D

; dmin‘_c(]

! AnextMint—©

i—10

: while i<=rdo

dmin, new < the nearest distance of Q to

descriptors in the i-th cluster

8: dnexirin, new <—the next nearest distance of Q to
descriptors in the i-th cluster

9: dmin L mfﬁ.{ dmin- d.»:m-.r.&ﬁn. dmin, new, dnc.\'-‘,\'ﬁn, new }

10} dm:\'rMm e nex!ﬁﬂn,’d,m-,,. drw.me. dm.r'u. new, dne_rr.‘.-mr.

new,

11:  Matchinfo « the information of the descriptor
with the nearest distance

12: endwhile

13: if din and dpevirtin  satisfy the maiching condition

14: return Matchinfo

15: else

16: return false

17: endif

SN ) gt

Fig. 3 Algorithm 2: r-nearest search and feature matching

approximately takes local NNs in r-nearest clusters as the global
NNs in k clusters. It remarkably reduces the number of points
to be searched and achieves speed up over linear search. ANN
search process is conducted following r-nearest searching strategy.
Searching factor » represents the number of nearest clusters
selected as the candidate region. As illustrated in Figs. 1c and d,
two nearest clusters are selected as the region to search. Then, the
linear search method is used to search NNs in this region. Finally,
the NNs to the query point will be approximately returned. When
r=0, no points will be searched, the algorithm returns false. When
r =k, all points in the database will be searched and our algorithm
degenerated into a linear search method with an exact NN.

2.3 Feature matching with a variant threshold

Traditional linear search matching generally uses rules
recommended by Lowe [16]; it adopts fixed thresholds for nearest
distance dy, the ratio d/d,4 (dy represent the nearest distance, and
dyq 1s the second nearest distance), or a combination of these two
values. Here, dg/d 4 is easier to satisfy Lowe’s rule for that dq4 is
definitely equal or greater than the exact value, whereas dy; is more
possible to be the exact one. It leads to the fact that when the
traditional matching rule for linear search is applied in ANN
search methods, it will generate more incorrect matches than linear
search. To filter those incorrect matches, our method defines a
novel matching rule to adapt to our r-nearest search strategy.

Our matching rule combines Lowe’s rule with a variant distance
threshold changing with the index of the cluster, which contains
the NN in the chosen r-nearest clusters. The new rule is defined as

i
dst<DminX<1_axr>

d .
- < ratio
rd

(M

where i€{1, 2, ..., 7} means the ith nearest cluster to the query point.
Initial nearest distance threshold D, is set to be near the largest
value for matched features in linear search. The new matching rule
reveals that the smaller i is, the bigger the threshold will be. If the

ANN is detected in a cluster relatively far away from the query
point, it means that i is comparatively big, a smaller-nearest
distance threshold is then used to eliminate wrong matches. Here,
a is a coefficient which decides the importance of the variant
threshold that is attached to i and r is the searching factor. The
existence of Dy, X [1 —i/(a*xr)] is empirically proved to be very
helpful to improve precision.

2.4 Computational complexity

The computational complexity of our algorithm involves structure
construction complexity and searching time complexity. Our
method conducts k-means clustering for original data only once,
so construction time complexity is O(ndkl). Here, n denotes the
number of points in the database, d is the feature dimension,
k represents the branching factor or the number of clusters and
I means the number of clustering iterations. The construction
complexity of km-tree is O[ndki(log n/logk)] [17] since it
recursively performs k-means clustering in the clusters until the
number of points in each cluster is below the threshold. Our
r-nearest k-means clustering process is faster than that of priority
search km-tree by (log n/log k) when constructing data structure,
since log n>>log k. With the assumption that the whole database is
partitioned evenly, the proposed method will search for k+ni/k
points while linear search method queries all points. The searching
time complexity of our method will be O[(k+nr/k)d], while it is O
[Ld(log n/log k)] for km-tree and O(nd) for linear search. L denotes
the number of points that km-tree will query until it stops, and it is
similar to k+mnr/k. This indicates that our method in this work
requires less construction and searching time than priority search
km-tree by (log n/log k). Compared to linear search, our algorithm
costs less searching time by 1/(k/n+r/k), where n>>k and k>r.

3 Experimental results

Our algorithm is aimed at improving the speed of a high-dimensional
vector-based feature matching process. We mainly compare the
algorithm with km-tree and kd-tree, both of which have been
proved to be one of the best ANN algorithms for vector-based
feature. We conduct a series of experiments to test the proposed
algorithm to illustrate that it performs better than these two widely
used algorithms.

In our experiments, we take precision and search speed into
consideration. As shown in Fig. 4, precision in this work is
defined as p=(correct — wrong)/(lost + correct), where lost + correct
is the number of matches detected by linear search, correct means
the matches detected by our algorithm that are the same as that of
linear search. Here, lost is the number of matches detected by
linear search but lost by our algorithm, while wrong denotes the
number of matches not detected by linear search but detected by
our algorithm. When a pair of matches is detected by both linear
search and our algorithm, it will be counted as a correct match;
correct is the true positive instance, while wrong is the false
positive instance which indicates the disadvantage of the system.

Linear searcffsu]t

Lost . _ Wrong
matches ¢ :

k-meang clustering result

matches

Fig. 4 Relationship between matching results of the linear search and
r-nearest k-means clusters search

CAAI Trans. Intell. Technol., 2018, Vol. 3, Iss. 4, pp. 198-207

200 This is an open access article published by the IET, Chinese Association for Artificial Intelligence and
Chongging University of Technology under the Creative Commons Attribution License

(http:/creativecommons.org/licenses/by/3.0/)



In the following experiments, the basic database is formed by
SIFT features extracted from image database indoor environment
under changing conditions (INDECS), which contains 3252
images [18]. It is evenly divided into train set and query set, and
images are scaled to 64 x 48, 128 x 96, 256 X 192 and 512 x 384 to
form databases with different sizes, as shown in Table 1. In the
following paragraph, set_1, set_2, set_3 and set_4 will be used to
represent these four sets. Experiments are conducted on a
ThinkPad laptop with a central processing unit of Core(TM) i5 M
520 with 8 GB random access memory. The kd-tree and km-tree
are provided by FLANN. The random method is used to initialise
the cluster centres for k-means clustering.

3.1 lterations

Iteration is an important factor for k-means clustering which
influences the precision of k-means clustering and it is denoted by
Inax in this work. When iterating enough times, it converges to
fixed cluster centres. In many cases, k-means clustering will cost
too much time because its computational time is linear over [y .
In this work, k-means clustering can be set to converge or iterate
for required times, and it may affect final precision. This part of
the experiment is conducted on set_3 with increasing /.« to test
the influence of /., on precision and data structure construction
time. The result is shown in Fig. 5. It implies that when iteration
times reach 11, the precision is almost the same as the final
convergence; it costs only about 10% of construction time
compared with clustering. Therefore, in the following experiments,
we will let I, =11.

3.2 Branching factor k and searching factor r

There are two parameters, branching factor k and searching factor r.
They directly affect construction time and search performance of our
algorithm. Its computational complexity is O(ndkl), which means
that its construction time is linear to £, k is related to precision.

Searching factor r represents the number of selected nearest
clusters to the query point and determines how many clusters will
be searched. It is obvious that searching time is linear to » with the
assumption that the database is partitioned evenly. In this part of
the experiment, we use parameter grid to optimise & and » to get
optimum values. All of the four SIFT sets are clustered by
k-means with different branching factor k. Feature matching is
conducted with increasing the searching factor r.

Results are presented in Fig. 6, each subfigure is for a different
database. No matter what database size is, as searching factor r
increases, matching precision will grow with decreasing the speed

Table 1 Testing database sizes

N_SIFTs set_1 set_2 set_3 set_4
train set 20,414 53,727 127,371 278,043
query set 23,5657 62,387 181,037 720,321

=== construction

R time_
""" precision-95%

precision-20%

0 10 20 30 40 50 60 70 80 90 100110 120 130
Iterations

Fig. 5 Relative search precision and construction time over iteration times
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ups. However, this growth will become smoother since most of the
NNs exist in the first few clusters. For r-nearest k&-means clusters
in this work, as query point gets closer to the selected cluster
centre, the probability of the NN being in the cluster will
become higher.

When we add clusters which are relatively far away from the query
point into the searched region, it would not increase the precision but
enlarges the searched region and costs more searching time. That is
the main reason why we only search the 7-nearest clusters. When r is
close to £, its precision approaches 1 but its speed up will be lower
than 1. This can be explained by its search computational complexity
O[(k + nr/k)d], which is better than linear search by 1/(k/n+r/k).
Given k<n, if r =k, then 1/(k/n+r/k)<1, the searching process of
our algorithm will be slower than linear search.

Concentrating on speed ups of required precision, we can find the
corresponding best parameters. In this work, the precisions were set
to be 0.8, 0.9, 0.95 and 0.98, and their best speed ups are shown in
Fig. 7. It implies that if the size of SIFTs data is about 280 k, our
algorithm achieves speed up by 170 times with precision 0.8 and
speed up by 78 times with a precision 0.95. It is more than twice
as much as that of km-tree. The optimal value of » for required
precision will be the critical value to satisfy the requirement.
Fig. 6 also implies that with the increase of £, the database will be
partitioned into more clusters, and its speed up will increase to the
extremum and then drop, indicating that there is an optimal k£ for
different databases to obtain the best speed up. Since when
k increases, the search procedure has to query more cluster centres
in the linear search process. It can be explained by the searching
complexity O[(k +nr/k)d]. Here, (k + nr/k) is the number of points
to be searched, and it will first decrease with small k, for that nr/k
is the main part and then increase with & since k£ becomes the main
part, while the speed up can be affected oppositely. The theoretical
equilibrium point for k£ will be k = \/nr, where (k +nr/k) reaches
the extremum. The best parameters based on these databases for
our algorithm are summarised in Table 2.

3.3 Comparison to km-tree and kd-tree

Marius has tested and compared km-tree and kd-tree with some other
algorithms and proved that km-tree and kd-tree are better for
high-dimensional vector feature. He explained that priority search
km-tree outperforms kd-tree when it refers to data with high
dimension or it requires high precision but kd-tree costs less
construction time. In this part, km-tree and kd-tree will be
compared with our algorithm. The ways to get precision and
matching rule for km-tree and kd-tree in this part of the
experiment are the same as the former part, and iteration times of
km-tree are also 11.

We did similar experiments as Section 3.2 to test km-tree and
kd-tree. Parameter grid is used to search the best parameters for
km-tree and kd-tree. Clustering factor and index factor [19, 20] are
the main parameters of the two algorithms, which are similar to k&
and r of our algorithm. The experimental results of km-tree are
shown in Fig. 8. Compared to Fig. 6, we can see that the speed of
km-tree is not very high but it decreases slowly and the precision
rises slowly. Besides, we can get Fig. 9 from Fig. 8. The shapes of
curves in Fig. 9 are different from that of Fig. 7, and the speed up
of km-tree is only about half that of our algorithm. Fig. 8 shows
that the precision of the algorithm will decrease if the indexing
factor becomes smaller. The precision of set_4 is below 0, it is
because that the number of wrong matches is more than that of
correct matches. In fact, when the indexing factor is small, the
number of correct matches of km-tree is equivalent to the
algorithm proposed in this paper but too many wrong matches are
generated, making the precision below 0. It shows that our
algorithm is a better choice for vector-based feature matching than
km-tree.

The experimental results of kd-tree are shown in Fig. 10. We can
see that with the increase of the indexing factor, the speed up of
kd-tree decreases and the precision increases. Similar to km-tree,
the precision of kd-tree is below zero when the indexing factor is
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Fig. 6 Precision and speed up of r-nearest k-means clusters with different branching factor k and searching factor r

a Performance of r-nearest k~-means clusters with set_1
b Performance of r-nearest k~-means clusters with set_2
¢ Performance of r-nearest k-means clusters with set_3
d Performance of r-nearest k~-means clusters with set_4
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Table 2 Optimal parameters for r-nearest k-means clusters

(k, r) set_1 set_2 set_3 set_4

0.8 (480,3) (700,3) (900,2) (1100,2)
0.9 (500,5) (780,5) (1100,4) (1500,4)
0.95 (550,8) (840,8) (1200,6) (1800,6)
0.98 (600,15) (1000,15) (1500,11) (2000,11)

small. We can also get Fig. 11 from Fig. 10. The results show that the
speed up of kd-tree is lower than that of km-tree for different
precisions, which means that our algorithm in this paper is
superior to kd-tree.

These three algorithms are tested on empirically estimated best
parameters. Fig. 12 presents the experimental results, which
records their speed ups and construction time. All of the figures in
Fig. 12 imply that when required precisions increase, their speed
up process becomes slower, no matter what algorithm is adopted.
We can also see that speed up of r-nearest k-means clusters
searching is always much higher than that of km-tree and kd-tree,

which indicates that our algorithm outperforms km-tree and
kd-tree. Besides, it validated the conclusion that km-tree performs
better than kd-tree when it requires high precision. The km-tree is
more suitable for the higher-dimensional feature than kd-tree.
While construction time issue is ignored, it is about half of the
speed ups of our algorithm. It shows that the larger the database
scale is, the higher speed up our algorithm may achieve, which
can be explained by its computational complexity that 1/(k/n + r/k)
will become larger as n increases. The construction time of each
algorithm is recorded in the below figure of each subfigure in
Fig. 12. It indicates that kd-tree costs the least construction time,
and the construction time of our algorithm is less than km-tree. It
has been theoretically discussed in Section 3.2 that construction
computational complexity of the proposed algorithm is lower than
that of km-tree, which indicates that it can be a better choice than
km-tree for the invariant database, and the kd-tree is more suitable
for variant feature database. Therefore, if database changes and
requires frequent construction process, kd-tree will be a better
choice. However, when the database keeps the same for a long
time, our algorithm may be a better choice than km-tree.
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4 CFl optimisation based on r-nearest
k-means searching

The image clustering process of CFI algorithm is the matching
process of image feature points and large-scale feature points set.
In the CFI process, the image clustering process costs 64 ms,
which accounts for 74% of the whole time. After adopting the
r-nearest k-means searching algorithm, the process can achieve
acceleration by 5-20 times while maintaining a matching precision
of 98%, and the whole process of CFI can achieve acceleration by
2-3 times. In this part, the linear searching algorithm of CFI is
replaced by r-nearest k-means to observe the matching performance.

In the experiments, the basic database is formed by SIFT features
and SURF features extracted from image dataset ISKLRS, which
contains 5280 images. We use different train set ratios to get
datasets of different scales. The numbers of feature points with
different train set ratios are shown in Fig. 13. The number of

Number of
feature points

feature points decreases with the decrease of train set ratio, so
different branching factors k£ and searching factors » are needed for
different train set ratios. According to the results in Table 2,
the parameters for the feature databases of different train set ratios
are shown in Table 3.

The experimental results of SIFT feature points are shown in
Fig. 14. When the train set ratio is only 1/9, CFI can still maintain a
recognition rate of more than 98%, and the recognition speed can
reach 15.87 fps. Fig. 14b shows that the recognition rate of CFI is
almost unaffected by the r-nearest k-means searching and matching
process, and the recognition speed increases by several times. We
can see that the recognition speed of CFI is almost not affected by
the size of feature database after r-nearest k-means is used for image
clustering because the time feature matching process costs will not
increase with the increase of the size of feature database.

The experimental results of SURF feature points are shown
in Fig. 15. We can see that it can achieve a recognition speed

Number of
feature points
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Fig. 13  Number of ISKLRS feature points
a SIFT database
b SURF database
Table 3 Parameters for r-nearest k-means clusters of different train set ratios
Ratio 1/3 1/4 1/5 1/6 177 1/8 1/9
SIFT (1200,6) (1100,6) (1000,8) (900,8) (800,10) (720,10) (680,10)
SURF (1200,5) (1100,5) (1000,7) (900,7) (800,9) (720,9) (680,9)
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Fig. 14 SIFT optimisation performance

a SIFT recognition rate
b SIFT recognition speed
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Fig. 15 SURF optimisation performance

a SURF recognition rate
b SURF recognition speed

of 50-80 fps and the recognition rate is not greatly affected. SURF can
achieve a faster recognition speed and searching speed than SIFT, so
the overall speed of CFI based on SURF will be higher than that of
SIFT. However, the robustness of SURF is not so good as that of
SIFT, so the recognition rate will be lower than that of SIFT,
especially when the ratio of the train set is small.

5 Conclusion

In this paper, we propose a fast feature matching algorithm based on
r-nearest k-means clusters searching, which is suitable for
high-dimensional invariant feature matching problem. It clusters
the database into & clusters by non-iterative k-means clustering and
adopts r-nearest search strategy that only searches matching
features in the r-nearest clusters of the k clusters. Therefore,
our algorithm can ensure a high probability to contain the NN
for the query point. Furthermore, we have improved precision
significantly by changing the general matching rule to adapt to our
searching strategy to eliminate wrong matches. In addition, we
have conducted experiments to compare our algorithm with two
widely applied ones. Experiment results show that our algorithm
improves matching speed by 78 times and achieves precision to
95% for a 280 k SIFT database, which is superior to two most
popular methods, priority search km-tree and random kd-tree,
especially that of priority search km-tree which is also based on
k-means clustering for the invariant database. Our new methods
generate double speed up over km-tree while requires much less
construction time. Finally, we carry out CFI optimisation
experiment based on ISKLRS dataset. The results show that the
recognition speed of CFI can increase by 2-3 times with r-nearest
k-means searching, and it has little impact on recognition rate.
In summary, we have developed a faster and more precise
method than priority search km-tree and random kd-tree for
high-dimensional invariant feature matching.

Currently, our algorithm is being applied in the research of
dangerous scenes recognition in the home environment. It will
improve the speed and precision of fire detection, which can
effectively prevent fire and reduce fire losses.
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