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Spatial geometric constraints histogram descriptors based on
curvature mesh graph for 3D pollen particles recognition∗
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This paper presents one novel spatial geometric constraints histogram descriptors (SGCHD) based on curvature mesh
graph for automatic three-dimensional (3D) pollen particles recognition. In order to reduce high dimensionality and noise
disturbance arising from the abnormal record approach under microscopy, the separated surface curvature voxels are ex-
tracted as primitive features to represent the original 3D pollen particles, which can also greatly reduce the computation
time for later feature extraction process. Due to the good invariance to pollen rotation and scaling transformation, the
spatial geometric constraints vectors are calculated to describe the spatial position correlations of the curvature voxels on
the 3D curvature mesh graph. For exact similarity evaluation purpose, the bidirectional histogram algorithm is applied
to the spatial geometric constraints vectors to obtain the statistical histogram descriptors with fixed dimensionality, which
is invariant to the number and the starting position of the curvature voxels. Our experimental results compared with the
traditional methods validate the argument that the presented descriptors are invariant to different pollen particles geometric
transformations (such as posing change and spatial rotation), and high recognition precision and speed can be obtained
simultaneously.
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1. Introduction
The classification of biological particles is one of the most

important techniques in a wide range of applications, such as
cell classification for auxiliary diagnosis, paleoclimatic recon-
struction, derivation of geographical origin of products, study
of allergenic processes in medicine, index forecasting for peo-
ple with pollen hypersensitivity, etc. The principal tasks in
almost all of these applications are to classify and count bi-
ological particles, which should be done manually by highly
skilled experts under microscopy.[1,2] A high level of train-
ing is needed to obtain accurate identification results, and the
commonly used discrimination criterion is the visual morpho-
logical appearance of biological particles, such as shape, po-
larity, aperture, size, exine stratification and thickness, and so
on.[3] This work is laborious and time consuming, and al-
ways brings about some wrong identifications. Automated
pollen particle classification and recognition is no exception
and has been greatly focused on in recent years.[4,5] Due to
the fact that different categories of pollen particles can be
represented effectively through some intrinsic digitalized im-
age features, such as morphology, texture, shape, geometric
and statistical features, etc., using the technologies of com-
puter vision and pattern recognition for automated pollen im-
age classification has become an innovative approach to the
cross-disciplinary research of computer vision, biology, and

environmental protection.[6,7] Since most pollen images are
usually recorded as a full 3D volumetric data set with con-
focal laser scanning microscopy, any two-dimensional (2D)
representation of these 3D pollen structures usually involves
a substantial loss of information. A clear tendency appears
towards the study of cells and cell clusters including whole or-
ganisms in their natural 3D environment.[2,8] In recent years,
a number of descriptors have been developed for characteriz-
ing the 3D volumetric pollen particles, which can be classi-
fied into two groups: integral invariant descriptors and struc-
tural descriptors. The integral invariant descriptors, such as the
MiSP descriptors,[9] the GSGI descriptors,[10] and the BGPK
descriptors,[11] can effectively describe the statistical voxels
distribution of the 3D pollen particles and have been proved
to be invariant to the rotation and translation of pollen im-
ages. However, through the abnormal acquisition approach,
most 3D pollen images are usually recorded with high dimen-
sionality and redundant information, as well as noise distur-
bance caused by pollen pollution. Since the integral invari-
ant descriptors are directly computed by taking all of the sur-
face voxels of the pollen images as primitive discriminant fea-
tures, the computation cost is very high and the recognition
rate on the degraded pollen images is quite low. As for the
structural descriptors, some vector-based primitive informa-
tion, such as dominant points, contours, lines, and arcs, is first
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extracted to characterize the original pollen images prior to
feature extraction. The representative structural descriptors in-
clude the invariant moment descriptors,[12] such as the subset
Zernike moment descriptors (SZMD),[13] the deformable tem-
plate matching descriptors (DTMD),[14] the statistical matrix
curvature descriptors (SMCD),[15] and the visual shape con-
text descriptors (VSCD).[16] Although the dimensionality can
be greatly reduced using these methods, the noise disturbance
of the degraded pollen images can result in the changes of the
vector-based primitive pollen information. Such changes will
make the subsequent extracted descriptors unstable. Further-
more, it is also very difficult to normalize the fixed size and the
starting point of the traditional structural descriptors for exact
similarity evaluation.

In order to extract highly compact and invariant descrip-
tors for the pollen images with different qualities, we take
both voxel-unrelated structural information and statistical al-
gorithm into consideration, and then present the spatial geo-
metric constraints histogram descriptors (SGCHD) based on
curvature mesh graph for the 3D pollen recognition. In this
method, surface curvature voxels are first extracted as the
primitive information of the original pollen images, to effec-
tively reduce the high dimensionality and eliminate the noise
disturbance in the original pollen images. Bidirectional his-
togram algorithm is then applied to the spatial geometric con-
straints vectors to obtain the statistical histogram descriptors
with fixed dimension. Experimental results on the two stan-
dard pollen image databases show that high recognition accu-
racy and speed can be obtained simultaneously with the pro-
posed descriptors.

The rest of this paper is organized as follows. In Sec-
tion 2, the construction of the curvature mesh graph is intro-
duced. The computation of the spatial geometric constraints is
also presented in this section. In Section 3, we present the
steps for constructing the normalized geometric constraints
histogram descriptors. The experimental results and conclu-
sion are presented in Section 4 and Section 5, respectively.

2. Curvature mesh graph and spatial geometric
constraints

2.1. Curvature mesh graph

On account of the fact that 3D pollen images usually have
a huge amount of surface information as well as the noise dis-
turbance caused by the microscopy sensors and the irregular
collection process, it is desirable to have a more compact inter-
mediate representation of 3D pollen images for the purpose of
reducing the redundant information and different disturbances.
Surface curvature has been used extensively in the literature
for mesh simplification and smoothing, object recognition, and
mesh segmentation in 3D spatial coordinates. The correspond-
ing curvedness measures the intensity of the surface curvature

and describes how gently or strongly curved a surface is. The
surface curvature voxels actually are the rigid feature points
with the local curvature information at multiple scales, which
can retain the principal structural information about surface
curvedness and reduce the noise and deformation disturbance
effectively.[17,18] With a given threshold, the surface curvature
voxels corresponding to the principal curvedness are selected
as suitable primitive points for representing the intrinsic pollen
volumetric data. Mathematically, this can be defined as fol-
lows.

Let z = f (x,y) be the function of the 3D image surface
S in 3D rectangular coordinates. Let tpi be a tangent vector
on the surface at the point pi ∈ S with ‖tpi‖ = 1, the normal
curvature of S in the direction of tpi is defined as

C(tpi) = T (tpi)tpi , (1)

where i∈ [1,M], M is the total number of the pixels on the sur-
face S, T (tpi) =−D(tpi)U is the shape operator with U being
the field of surface normal vectors defined in a neighborhood
of p, D(tpi)U denotes the derivative of U with respect to tpi .

To the normal curvature C(tpi), the maximum and min-
imum principle curvatures, Cmax(pi) and Cmin(pi), respec-
tively, can be obtained as the principal curvatures at the point
pi ∈ S, which can be defined as

Cmax(pi) = H(pi)+
√

H2(pi)−K(pi), (2)

Cmin(pi) = H(pi)−
√

H2(pi)−K(pi), (3)

where H(pi) and K(pi) denote the mean curvature and the
Gaussian curvature at the point pi ∈ S, respectively.

Then, the bending energy of the surface named curved-
ness at the point pi ∈ S is obtained as

C(pi) =
√

(C2
max(pi)+C2

min(pi))/2. (4)

The curvedness is used to indicate how strongly or gently
curved a surface is. When the curvedness at a given point
approaches zero, the surface patch around this point will grad-
ually become planar. The curvedness will be zero for those
completely planar surface patches. Therefore, the higher
curvedness actually reflects the sharp bending degree of sur-
face patches, which can effectively describe the primary local
surface features. In order to reduce a large amount of redun-
dant information, a threshold is used to choose the principal
surface points with the predominant curvedness as the curva-
ture voxels for subsequent feature extraction, which can be
described as follows.

Let {p1, p2, . . . , pi . . . , pM|pi(xi,yi,zi)∈R3} be the collec-
tion of all the voxles on the 3D volumetric image surface S,
then the mean of the curvedness for all the voxels will be com-
puted as

Cp =
1
M

M

∑
i=1

Cpi . (5)
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Taking the curvedness mean as the threshold, the compressed
curvature voxels collection P with the principal curvedness
can be selected as the feature points and is given as

P = {p j|Cp j ≥C; j ∈ [1,N]}, (6)

where N is the number of the selected curvature voxels in the
collection P and satisfies the constraints N ≤ M. Figure 1
presents two examples of curvature voxles extraction for the
same pollen recorded by two different microscopes.

(a)

(b)

Fig. 1. Curvature voxels extraction for the same category of pollen (a)
confocal pollen and (b) pollenmonitor pollen.

By connecting all of the curvature voxels in the collec-
tion P with line segments, the spatial curvature mesh graph is
constructed to approximate structure information of the orig-
inal 3D pollen images. Obviously, the curvature mesh graph
only uses some principal voxels instead of all the 3D pollen
surface pixels as the feature points for subsequent feature ex-
traction, which can effectively reduce the high dimensionality
and noise disturbance of the original 3D pollen images.

2.2. Spatial geometric constraints

Since it is quite difficult to normalize the fixed size and
the starting position, the traditional structural voxels cannot be
directly used as discriminant features for exact similarity eval-
uation. We notice that the geometric constraints between each
curvature voxel can effectively describe the geometric fea-
ture for determining the structure of an image. Consequently,
the geometric constraints based on the spatial curvature mesh
graph are proposed to characterize the image structure. These
steps are described as follows.

First, to the N selected curvature voxels p1, p2, . . ., pN in
the collection P, one part of the curvature mesh graph based
on several curvature voxels is presented in Fig. 2(a), in which

p1 is taken as the basic voxel and connects to the other voxels
so as to show how all the other curvature voxels distribute sur-
rounding p1. Meanwhile, considering that the geometric dis-
tribution based on the curvature mesh graph can be described
as the edge and angle geometric constraints between any two
curvature voxels, we randomly select three curvature points
pb, pu, pv from the collection P as examples to describe the
geometric constraints.

p1

p

p

p

p

pi

pN

pN↩

pb

pvpu

Lbu Lbv

φuv

(a)

(b)

Fig. 2. (a) geometric distribution of curvature points and (b) geometric
constraints among three curvature points.

Second, in order to simplify the description of our idea,
we only take pb as the basic voxel, and pu and pv as the other
two voxels which are constraint to pb through the spatial geo-
metric relations. As shown in Fig. 2(b), let Lbu and Lbv denote
the distance between pb and pu, pb and pv, namely the length
of the two vectors pb pu and pb pv separately, and let φuv be the
angle between the two vectors, the spatial edge constraints and
angle constraints for the basic voxel pb can be, respectively,
defined as

Duv = min(Lbu/Lbv,Lbv/Lbu), (7)

φuv = ∠pu pb pv/360. (8)

Then the combined spatial geometric constraints vectors be-
tween pu and pv for the basic curvature voxel pb are grouped
together and described as {Duv, φuv}T. It is obvious that the
edge constraints Duv and the angle constraints φuv are invariant
to image rotation and scaling transformation, and can be used
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to effectively describe the structure of the pollen images. Ac-
cordingly, the subsequent extracted descriptors based on the
two constraints are also geometrically invariant.

Third, since there are N curvature voxels of p1, p2, . . .,
pN in the collection P, we apply the same steps to each cur-
vature voxel and then obtain (N − 1)(N − 2)/2 spatial edge
constraints and angle constraints, which can be described as
a two-dimensional vector set {(Di j, φi j)

T|i ∈ [2,N − 1], j ∈
[i+1,N]}. The edge constraints Di j and the angle constraints
φi j for the N curvature voxels are actually two matrixes with
the dimensionality of N × ((N − 1)(N − 2)/2), where N de-
notes the number of the compressed curvature voxels in col-
lection P and (N−1)(N−2)/2 denotes the dimensionality of
the geometric constraints for each curvature voxel.

3. Spatial geometric constraints histogram de-
scriptors
Although effective for describing the structure informa-

tion of pollen images, the geometric constraints are still inap-
propriate for exact similarity match due to the high dimension-
ality and the variable sort order of the curvature voxels. More-
over, the unequal number of curvature voxels may cause the
size of the directly extracted constraints vectors for different
pollen images to be unequal. Due to the fact that the histogram
distribution of the geometric constraints can keep invariant to
image rotation, translation, and the sort order of the curva-
ture voxels,[19] we apply the bidirectional histogram algorithm
on the geometric constraints matrixes to obtain the statistical
descriptors with fixed dimensionality for pollen recognition.
Similarly, we only take the edge constraints as an example to
explain the extraction steps of the descriptors.

Without loss of generality, the curvature voxel p1 in the
collection P is regarded as the reference voxel. As men-
tioned above, the edge constraints between the reference voxel
p1 and all the other curvature voxels can be described as
{Di j|i ∈ [2,N−1], j ∈ [i+1,N]}. Since Di j has been normal-
ized into the interval [0,1], we averagely separate [0,1] into
K subset bins with the same size according to the energy dis-
tribution of the row edge constraints. Let nk(p1) denote the
number of the edge constraints located in the k-th subset bin,
which can be calculated as

nk(p1) =
N−1

∑
i=2

N

∑
j=i+1

rk(Di j), (9)

rk(Di j) =

{
1, Di j ∈ the k-th bin,
0, else.

(10)

The probability distribution of the edge constraints located in
the k-th subset bin for the reference voxel p1 can be defined as

wk(p1) =
2

(N−1)(N−2)
nk(p1), (11)

where 1≤ k ≤ K.
Through applying the above method to each sub-

set bin for the curvature point p1, the corresponding
row edge constraints histogram vector can be obtained as
{w1(p1), w2(p2), . . . , wk(p1), . . . , wK(p1)}. Similarly, let
each of the curvature voxels in the collection P alternately act
as the reference point, the row histogram algorithm is applied
to each row vector of the edge constraints matrix consisting of
the edge constraints for each curvature voxel, to obtain the row
edge constraints histogram matrix W

WN×K =


w1(p1) w2(p1) . . . wK(p1)
w1(p2) w2(p2) . . . wK(p2)

...
...

. . .
...

w1(pN) w2(pN) . . . wK(pN)

 . (12)

In fact, the column vector of the edge histogram matrix de-
scribes the edge geometric constraints distribution in the same
subset bin for each curvature voxel. In order to make the ma-
trix column vector invariant to the number of the curvature
voxels for different pollen images, we continue to apply the
column histogram method to each column vector of the row
edge constraints histogram matrix W . Similarly, the interval
[0,1] is averagely divided into L subset bins. For the vector of
column k, the probability of the elements falling into the l-th
subset bin can be defined as

xl(k) =
1
N

N

∑
r=1

ul(wk(pr)), (13)

ul(wk(pr)) =

{
1, wk(pr) ∈ the l-th bin,
0, else,

(14)

where 1≤ k ≤ K and 1≤ l ≤ L.
Through the same method, we apply the column his-

togram method to each column vector of the matrix W to ob-
tain the final edge constraints histogram descriptors

XL×K =


x1(1) x1(2) . . . x1(K)
x2(1) x2(2) . . . x2(K)

...
...

. . .
...

xL(1) xL(2) . . . wL(K)

 . (15)

Due to the fact that the angle constraints for each curvature
point have also been normalized into the interval [0,1], the an-
gle constraints histogram descriptors with respect to the ma-
trix θi j can be extracted with the same bidirectional histogram
method. After the interval [0,1] in the row and column direc-
tions for the angle constraints matrix {φi j|i ∈ [2,N − 1], j ∈
[i+1,N]} have been divided into Q and R subset bins, the an-
gle constraints histogram descriptors can be obtained as

YR×Q =


y1(1) y1(2) . . . y1(Q)
y2(1) y2(2) . . . y2(Q)

...
...

. . .
...

yR(1) yR(2) . . . yR(Q)

 . (16)
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In order to effectively characterize the overall statistical distri-

bution of the geometric constraints for each curvature voxel,

the edge and angle histogram descriptors are grouped together

to form the final SGCHD features, which can be described as

{X ,Y}T. Obviously, the histogram feature usually represents

the energy distribution of the original geometric constraints in

different subset bins, which are invariant to the curvature it-

self and the number of curvature voxels. The SGCHD features

based on it can keep the spatial geometric structure for a 3D

model, which are invariant to image rotation, translation, and

the sort order of the curvature voxels.

4. Experimental results

Experiments are performed on two standard pollen image

datasets with a Pentium IV computer of 2.8-GHz CPU and

6-GB memory. The confocal dataset is the laboratory pollen

image dataset with 389 pollen grains of 26 different categories,

in which the images were directly from the plants and manu-

ally recorded as a full 3D volumetric data set with the confocal

laser scanning microscopy. All of the confocal pollen images

have high quality without any deformation and contamina-

tion. Pollenmonitor dataset is a real-world dataset with 22750

pollen grains from 33 categories, in which all the images were

automatically collected, prepared and recorded by the first pro-

totype of the pollenmonitor in Europe in 2006.[20] Some im-

ages in this dataset are of low quality of deformation and con-

tamination caused by the microscopy sensors and the irregular

collection method in the real collection process. Meanwhile,

all of the images in the two datasets take on respective ap-

pearance of different geometric transformations, such as pose

change, spatial rotation, and so on. In order to validate the

good geometric invariance of our proposed SGCHD, the im-

ages were not geometrically normalized before the feature ex-

traction. The number of curvature voxels varies greatly be-

tween the Confocal pollen images and Pollenmonitor pollen

images due to the different original image sizes, which are

3000 and 21320, respectively. For the purpose of keeping

enough local discriminant features and reducing computation

complexity simultaneously, the number of subset bins in the

row and column direction of geometric constraints histogram

matrix are set as 20 and 15 for Confocal pollen images, and

52 and 41 for Pollenmonitor pollen images, which are con-

strained to the pollen image resolution. The dimensionality

of final edge and angle histogram matrix for the two pollen

images can be reduced to 300 and 2132, respectively. The

experiments were performed by taking 20% of the images of

each category as training images and the remaining ones as

test images with random selection. A minimum distance clas-
sifier is used for the final feature classification. Let {Xi,Yi} and
{X j,Yj} denote the SGCHD extracted from any two pollen im-
ages, the distance between them can be defined as

di j = (dmin(Xi,X j)+dmin(Yi,Yj))/2, (17)

where the function dmin( ) denotes the minimum distance clas-
sifier.

The performance index of correct recognition rate (CRR),
rejected rate (RR), false recognition rate (FRR), and recog-
nition time (RT) are used to evaluate the recognition perfor-
mance of the descriptors. The chart of average recognition pre-
cision versus average recall rate is used to demonstrate the re-
lations among the number of correct recognition examples, the
false recognition examples, and the rejected examples. Fur-
thermore, in order to validate the performance of our proposed
descriptors, the average recognition results of the SGCHD
are also compared with those of the four traditional descrip-
tors on two pollen image datasets, which include the subset
Zernike moment descriptors (SZMD),[13] the deformable tem-
plate matching descriptors (DTMD),[14] the statistical matrix
curvature descriptors (SMCD),[15] and the visual shape con-
text descriptors (VSCD).[16]

4.1. Results of the confocal dataset

Figure 3 presents the recognition results based on six rep-
resentative pollen categories from the Confocal dataset. It is
shown that, without deformation and contamination, most of
the confocal pollen images that have a clear edge and abundant
local structure information have been correctly classified. The
experimental results validate that the proposed SGCHD can
keep good invariance to the geometric transformation of pose
change and spatial rotation for the Confocal dataset pollen im-
ages. The detailed experimental results are presented in Ta-
ble 1. It can be inferred that the recognition performance for
different pollen categories varies greatly, which is caused by
the change of the qualities of the pollen images and the di-
mensionality of structure information. For example, among all
the pollen categories, the Compositae pollen images have the
clearest edge and the most abundant local structure informa-
tion, on which the highest 100% correct recognition rate can
be obtained without any rejected and falsely classified exam-
ples, while the correct recognition results based on the Acer
pollen images can only reach 53.8% together with a corre-
sponding 46.2% rejected and falsely recognition results. The
rejected examples and falsely classified examples are mainly
caused by the obscure surface structures, which may result in
the variation of the extracted curvature voxels and the subse-
quent extracted SGCHD features.
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Artemisia

Acer

Juglans

Corylus

Chenopodium

Compositae

Correct examples Rejected examples False examples

Fig. 3. Top recognition examples on 6 pollen categories from the Confocal dataset.

Table 1. Recognition results on 6 pollen categories from the Confocal
dataset.

Pollen category CRR/% RR/% FRR/%
Artemisia 97.2 0 2.8

Chenpodium 91.7 3.2 5.1
Acer 53.8 25.6 20.6

Juglans 92.3 2.8 4.9
Corylus 90.1 4.6 5.3

Compositae 100 0 0

Table 2 presents a comparison of the average recognition
results for different methods on the Confocal dataset. The pa-
rameters of feature number and recognition time are also pre-
sented in this table in order to evaluate the computation com-
plexity of different descriptors. Figure 4 presents the recogni-
tion performance of average recall rate versus average recog-
nition precision for all of the pollen categories. It is obvious
that the average recognition performance of the SGCHD is
far superior to that of the other four traditional descriptors.
First, with the SGCHD, the average correct recognition rate
of the 26 pollen categories on the Confocal dataset can reach
97.2%, which outperforms that of the other four methods by
the 5.5% improvement averagely. The corresponding average
rejected rate and false recognition rate can be controlled as
1.3% and 1.5%, respectively. Second, the SGCHD are actually
the statistical features extracted based on the compressed cur-
vature voxels and bidirectional histogram algorithms, which
can greatly reduce both the redundant information and the high
dimensionality of the descriptors for the 3D pollen images.
For example, compared with the SZMD and SMCD, the fea-
ture number of the SGCHD can be reduced by about 94.7%

and 97.8%, respectively. The average recognition time, in-
cluding the feature extraction time and the classification time,
can be calculated as 2.2 s on the Confocal dataset, which is far
superior to those of the other traditional descriptors. The ex-
perimental results validate that the SGCHD are quite suitable
for practical pollen classification because of the low feature
dimensionality and good geometric invariance.
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SZMD

Fig. 4. Average recognition precision versus average recall rate on the
Confocal dataset.

Table 2. Contrast recognition results of different descriptors on the
Confocal dataset.

Descriptors FN CRR/% RR/% FRR/% RT/s
SZMD 5620 88.7 5.6 5.7 15.3
DTMD 3375 93.0 3.4 3.6 16.2
SMCD 13600 92.6 2.9 4.5 8.5
VSCD 680 92.7 2.7 4.6 8.2

SGCHD 300 97.2 1.3 1.5 2.2
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4.2. Results of the Pollenmonitor dataset

The top recognition examples from six representative
pollen categories from the Pollenmonitor dataset are presented
in Fig. 5. It is shown that the pollen images in the same cate-
gory take on different appearance and structures caused by the
different micrographic collection methods. The experimental
examples demonstrate that most of the pollens with different
pose and spatial rotation can be correctly classified in the Pol-
lenmonitor dataset. Table 3 presents the detailed recognition
results on the six pollen categories. It can be seen that the
recognition performance also differs from each other due to

the variant pollen qualities. The average correct recognition
rate reaches 87.2% with the corresponding 3.6% rejected rate
and 9.2% false recognition rate, respectively. The highest cor-
rect recognition rate of 90.8% is obtained on the classification
of the Corylus pollens, while the recognition rate on the Aes-
culus pollens can only reach 43.2%, with two examples being
correctly classified. The rejected examples are mainly those
pollen images with low qualities caused by the deformation
and contamination during the collection process, which will
result in the variance of the curvature voxels and the subse-
quent extracted histogram descriptors.

Alnus

Corylus

Chenopodium

Betula

Juglans

Aesculus

Correct examples Rejected examples False examples

Fig. 5. Top recognition examples of six pollen categories from the Pollenmonitor dataset.

Table 3. Recognition results of six pollen categories from the Pollen-
monitor dataset.

Pollen category CRR/% RR/% FRR/%
Alnus 88.2 5.7 6.1
Betula 81.5 7.9 10.6

Corylus 90.8 3.3 5.9
Chenpodium 87.8 6.8 5.4

Aesculus 43.2 26.4 30.4
Juglans 82.6 13.6 3.8

Table 4 presents the comparison of average recognition
results based on the different descriptors on the Pollenmon-
itor dataset. The corresponding recognition performance of
average recognition precision versus average recall rate is pre-
sented in Fig. 6. It is obvious that the recognition performance
of the proposed SGCHD is still superior to that of the other
four methods on the low-quality pollen images. The average
correct recognition rate can reach 89.2% with the 6.7% re-

jected rate and 4.1% false recognition rate, which outperforms
that of the other descriptors by 9.6% averagely. Meanwhile,
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Fig. 6. Average recognition precision versus average recall rate on Pol-
lenmonitor dataset.
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compared with the four traditional methods, the feature di-
mensionality of SGCHD can be reduced by about 90.0% on
average and the recognition time can be limited to 6.9 s. Sat-
isfactory results on the Pollenmonitor dataset further validate
the good geometric invariance and high compactness of the
proposed SGCHD features.

Table 4. Contrast recognition results of different descriptors on the Pol-
lenmonitor dataset.

Descriptors FN CRR/% RR/% FRR/% RT/s
SZMD 10892 70.3 16.2 13.5 20.9
DTMD 20671 86.0 8.7 5.3 28.3
SMCD 13620 78.6 12.5 8.9 13.7
VSCD 6280 83.5 9.3 7.2 12.6

SGCHD 2132 89.2 6.7 4.1 6.9

5. Conclusions
This paper presents a new method for 3D pollen parti-

cle recognition based on SGCHD. There are two aspects to
the advantages of our methods. On one hand, discrete curva-
ture voxels can be used to represent the principal 3D image
surface information, which can greatly reduce the high dimen-
sionality and noise disturbance on the surface. On the other
hand, the extracted SGCHD features are invariant to different
pollen image geometric transformations, such as pose change
and spatial rotation. Consequently, the effective feature de-
scription ability and geometric invariance make it quite suit-
able for practical pollen recognition.
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