
LEARNING WEIGHTED GEOMETRIC POOLING FOR IMAGE CLASSIFICATION

Chaoqun Weng, Hongxing Wang, Junsong Yuan

Nanyang Technological University

ABSTRACT

Local feature extraction, coding, pooling, and image classifi-
cation are the four typical steps for the state-of-the-art visual
recognition systems. Unlike previous work that treats feature
pooling and image classification as separated steps, we pro-
pose to jointly learn the geometric pooling and image classi-
fier by support tensor machine. Inspired by previous work of
spatial pyramid matching and receptive field learning, we also
propose spatial pyramid geometric pooling, receptive field ge-
ometric pooling and random partition geometric pooling ap-
proaches to exploit the spatial pooling neighborhood structure
to further boost the classification performance. Experiments
on 15-scene dataset validate the advantages of our proposed
algorithms.

Index Terms— jointly geometric pooling, image classifi-
cation, support tensor machine

1. INTRODUCTION

Modern image classification algorithms often adopt a four-
step pipeline, i.e., local descriptor extraction and coding, spa-
tial pooling of local descriptor codes and the final classifier
training. As illustrated in the top row of Fig. 1, many algo-
rithms first extract hand-crafted SIFT [1] or HOG [2] local
descriptors from images, upon which a codebook is trained
and the descriptors are encoded, by k-means or sparse cod-
ing [3]; after that, global image representations are formed
by spatially pooling (e.g., average-pooling and max-pooling)
the local descriptor codes [4]; finally, a linear [3] or non-
linear [5] classifier is trained over the pooled image repre-
sentations. State-of-the-art performances have been achieved
by such four-step pipeline methods on several benchmark im-
age classification datasets, such as Scene-15, Caltech-101 and
Caltech-256 [3, 5–8].

Many previous methods have focused on the local de-
scriptor coding step, such as sparse coding [3, 9], locality
constrained linear coding [10], soft assignment coding [11]
and the spatial locality-aware sparse coding [12], among
which the target is to learn more representative local de-
scriptor codes by exploiting the feature space of the local
descriptors. Unlike the local descriptor coding step, spatial
pooling step aims at obtaining more discriminative image rep-
resentations for the classification task by exploiting the spatial

Fig. 1. Illustration of image classification procedures: (a)
four-step pipeline: separated spatial pooling and classifier
training; (b) three-step pipeline: jointly learning spatial pool-
ing and image classifier (Ours).

distributions of local descriptors. The spatial pooling tech-
nique is usually an operation over the local descriptor codes
from a sub-region of the image, such as the sum-pooling,
average-pooling [5, 13, 14] and max-pooling [3, 8, 15]. As
discussed in [16], max-pooling produces more discriminative
representations if soft coding methods upon local descriptors
are used, while average-pooling on the other hand, works bet-
ter if hard quantization method is applied. Recently, [6] has
proposed to learn a weighted `p-norm spatial pooling func-
tion tailored for the class-specific feature spatial distribution
and has boosted the discriminating capability of the resultant
features for image classification.

However in spite of the great successes of previous spatial
pooling work, there still exist many limitations. First, many
previous methods usually apply spatial pooling techniques to
reduce computational complexity or bring translation invari-
ance, but is not necessarily an optimal choice for classifica-
tion. Second, the class-specific geometric distribution infor-
mation of local descriptors is often ignored during the spatial
pooling process. Third, the importance of the spatial pooling
neighborhood structure has not been well explored in many
previous spatial pooling methods. The successes of spatial
pyramid matching [5] and receptive field learning [7] have il-
lustrated the effectiveness of using spatial pyramid structure
and adaptive receptive field structure for image classification
task. Therefore it is a sensible idea to utilize such spatial



structure in the spatial pooling step.
This paper contributes to addressing the above issues.

First, as shown in the bottom row of Fig. 1, we propose to
jointly learn the spatial pooling and the final image classifier
by support tensor machine [17], to exploit the class-specific
local descriptor geometric information and thus obtain more
discriminative image classifier. Besides, inspired by previ-
ous work of spatial pyramid matching and receptive field
learning, we also propose spatial pyramid geometric pool-
ing, receptive field geometric pooling and random partition
geometric pooling methods, to exploit the spatial pooling
neighborhood structure and thus further boost the classifica-
tion performance. Experiments on 15-scene dataset validate
the advantages of our proposed algorithms.

2. METHODOLOGY

2.1. Image Classification Procedures

The traditional four-step pipeline image classification proce-
dure is shown in the top row of Fig. 1. The first and second
steps include local descriptors (such as dense SIFT or HOG
descriptors) extraction and coding. The third step is the spa-
tial pooling that forms the global representations of the orig-
inal images. The fourth step is to train a classifier upon the
spatial pooled feature vectors.

Formally, an image is represented by a set of local de-
scriptors D = [d1,d2, · · · ,dm] ∈ Rd×m where m is
the number of local descriptors and d is the dimension of
each local descriptor. Given a codebook B ∈ Rd×k where
k is the codebook size, the sparse coding representation
X = [x1,x2, · · · ,xm] ∈ Rk×m of the descriptor set D can
be calculated as follows,

argmin
X
‖D−BX‖2F + λ‖X‖`1 (1)

where ‖ · ‖F is the Frobenius norm of a matrix and ‖ · ‖`1 is
the `1 norm.

After the coding step, we define a set of sub-regions of the
image as R = {R1, R2, · · · , Rn} (e.g., R can be the whole
image, or the spatial pyramid cells [5]), and then use spatial
pooling techniques such as average-pooling in Eq. 2 or max-
pooling in Eq. 3 to aggregate the encoded local descriptors
into the feature vector zj ∈ Rk for sub-region Rj ,

zj =
1

|Rj |
∑
i∈Rj

xi (2)

zj = max
i∈Rj

(xi) (3)

where the max operation is element-wise operation. Then we
can concatenate all the sub-regions to form the global image
representation z ∈ Rnk, as follows:

z = [zT1 , z
T
2 , · · · , zTn ]T (4)

Fig. 2. Illustration of different geometric pooling methods:
(a) Dense grid; (b) Spatial pyramid; (c) Receptive field.

Finally, training a linear SVM classifier is favorable due
to its computation efficiency:

argmin
w

1

2
‖w‖2 + C

∑
i

max(0, 1− yif(z(i))) (5)

f(z) = wTz (6)

where z(i) is the concatenated feature vector for image i, yi ∈
{+1,−1} is the corresponding label for image i and f(·) is
the linear SVM classifier.

In the following we will introduce our three-step pipeline
image classification procedure. The local descriptor extrac-
tion and coding are the same as above. Thus we will focus on
how to learn the geometric pooling and the image classifier
jointly, as illustrated in the bottom row of Fig. 1.

2.2. Dense Grid Geometric Pooling

Let us first consider the dense grid setting for geometric pool-
ing. Formally, local descriptors are extracted densely in a
grid-based fashion, as illustrated in the left column of Fig. 2.
After the coding step, we represent each image by the codes
matrix X ∈ Rk×m.

We propose the weighted geometric pooling for the
dense grid local descriptors, as follows,

z =
∑
i

vixi = Xv (7)

where v = [v1, v2, · · · , vm]T ∈ Rm is the geometric pool-
ing coefficient weight and z ∈ Rk is the resultant geomet-
ric pooled feature vector for the image. Note that average-
pooling is a special case of our weighted geometric pooling if
v = 1.

Once we have obtained z, we are interested in training a
linear SVM classifier similar to Eq. 6:

f(X) = uTz = uTXv



where u = [u1, u2, · · · , uk]T ∈ Rk is the linear SVM weight.
We follow the work on support vector machines and de-

fine the empirical loss of classifier f(·) as the sum of hinge
losses over a collection of training images:∑

i

max(0, 1− yif(X(i)))

where X(i) is the codes matrix for image i. Since focusing
solely on the empirical loss may result in over-fitting, we im-
pose an `2 regularization penalty on the matrix uvT, as used
in support tensor machine [17]:

argmin
u,v

1

2
‖uvT‖2F + C

∑
i

max(0, 1− yif(X(i))) (8)

f(X) = uTXv (9)

It is worth noting that Eq. 9 combines the weighted ge-
ometric pooling and the linear classifier training in a unified
framework. Besides, the regularization term ‖uvT‖2F in E-
q. 8 is analogous to the regularization term ‖w‖2 in Eq. 5,
if we flatten the image data matrix X and the regularization
matrix uvT into vectors.

We use alternate projection method to iteratively optimize
the objective function over u and v: when v is fixed, train-
ing u becomes a standard SVM problem; similarly once u
is fixed, updating v also reduces to a standard SVM prob-
lem. Intuitively, training u can be viewed as the conventional
first-pooling-then-training-svm image classification process,
given the feature vector Xv that is geometric-pooled by v,
while on the other hand updating v can be viewed as anoth-
er SVM classifier training process, given the feature vector
uTX that contains sub-region scores predicted by u. Since at
each iteration we can find the global solution to the quadratic
programming SVM problem (which means the objective will
decrease or at least remain fixed), the objective will gradually
converge to a local minima [17].

2.3. Spatial Pyramid Geometric Pooling

To incorporate the idea of spatial pyramid matching [5], we
continue the previous discussion on dense grid geometric
pooling and propose to explore the spatial pyramid structure
for geometric pooling.

Assume that ` is the number of spatial pyramid level-
s, we then define a set of spatial pyramid sub-regions R =

{R1, R2, · · · , Rn} of size n =
∑`

i=0 4
i = 1

3

(
4`+1 − 1

)
, as

illustrated in the middle column of Fig. 2. After that, the spa-
tial pyramid data matrix X′ ∈ Rnk×m is composed by local
descriptor codes that falls within each sub-region, as follows,

X′ = [XI1,XI2, · · · ,XIn]
T (10)

where each Ij ∈ Rm×m is a diagonal indicator matrix with
non-zero element indicating whether the corresponding local
descriptor is located in sub-region Rj .

In order to substitute X by X′ in Eq. 9, we further
define the corresponding classifier weight vector u′ =
[u1,u2, · · · ,un]

T ∈ Rnk with each uj ∈ Rk denoting
the classifier weight vector for sub-region Rj . Therefore the
final classifier in Eq. 9 becomes:

f(X′) = u′TX′v (11)

2.4. Receptive Field Geometric Pooling

Inspired by receptive field learning method [7], we also pro-
pose a receptive field geometric pooling approach to further
exploit the spatial structure for pooling, as illustrated in the
right column of Fig. 2. The key idea is to learn adaptive
sub-regions (receptive fields) for pooling instead of using grid
structure of spatial pyramid.

Formally, we randomly generate a set of sub-regions in
the image as R = {R1, R2, · · · , Rn}. Then we apply max-
pooling in Eq. 3 to obtain the feature vector zj ∈ Rk for each
sub-region Rj . Then the receptive field data matrix X′ ∈
Rk×n is defined by concatenating all the sub-regions,

X′ = [z1, z2, · · · , zn] (12)

After that, we define the receptive field coefficient weight
v′ = [v1, v2, · · · , vn]T ∈ Rn, and the final classifier in E-
q. 9 becomes:

f(X′) = uTX′v′ (13)

2.5. Random Partition Geometric Pooling

It is worth noting that spatial pyramid geometric pooling
considers using spatial pyramid classifier weight u′ in E-
q. 11, while the local descriptor coefficient weight v is left
unchanged from Eq. 9. Moreover receptive field geometric
pooling considers using receptive field coefficient weight v′

in Eq. 13, while the classifier weight u remains unchanged
from Eq. 9. In this section we propose the random partition
geometric pooling method that uses both spatial pyramid
classifier weight u′ and receptive field coefficient weight v′.

Formally, we define a spatial pyramid of ` levels and each
level i is randomly partitioned into non-overlapping 2i × 2i

sub-regions (it is like the spatial pyramid matching method,
however it is done by random partition instead of the grid par-
tition) [18]. By doing so, we can obtain a set of sub-regions
R = {Rij |∀i ∈ {1, · · · , n},∀j ∈ {1, · · · , r}} where n =
1
3

(
4`+1 − 1

)
(See Section 2.3). Then we apply max-pooling

in Eq. 3 to get the corresponding feature vector zij ∈ Rk for
each sub-region Rij . After that, we define the random parti-
tion data matrix X′ ∈ Rnk×r as follows,

X′ =

z11 · · · z1r
...

. . .
...

zn1 · · · znr

 (14)



Then we further define the spatial pyramid classifier weight
vector u′ = [u1,u2, · · · ,un]

T ∈ Rnk and the receptive field
coefficient weight vector v′ = [v1, v2, · · · , vr]T ∈ Rr, and
the final classifier in Eq. 9 becomes:

f(X′) = u′TX′v′ (15)

Note that the conventional spatial pyramid matching with
max-pooling method is a special case of our proposed ran-
dom partition geometric pooling method, if we set r = 1 and
use grid partition.

3. EXPERIMENT

In the experiments, we apply our algorithms to image classi-
fication problem on the 15-scene dataset. We first resize the
images into 256×256 resolution, and then extract dense SIFT
descriptors from 16 × 16 pixel patches with 6 stepsize pixel-
s. After that, we use standard k-means (k = 1024) to train
the codebook and apply sparse coding method to encode the
dense SIFT features, as done in [3]. In the spatial pyramid ex-
periments, we use three levels spatial pyramid, i.e., the 1× 1,
2×2, 4×4 grid structures. Following the same settings in [5],
we use 100 images per class for training and the rest for test-
ing. We run our experiments 10 times and report the average
accuracy in Table. 1.

From the table we can see that, in the dense grid set-
ting our proposed weighted geometric pooling algorithm out-
performs both max-pooling methods (by 2.3%) and average-
pooling (by 1.6%). In the spatial pyramid setting, geometric
pooling still outperforms average-pooling (by 3.7%), howev-
er interestingly the max-pooling method achieves significant-
ly higher accuracy than average-pooling (by 12.1%) and our
geometric pooling (by 7.6%). These observations have sug-
gested that (1) our geometric pooling method can consistently
outperform average-pooling since our method can iteratively
optimize over the u and v to find more discriminative geo-
metric pooling weight v; (2) the non-linear max-pooling op-
eration suits better with the spatial pyramid structure than the
linear pooling methods, e.g., average-pooling and weighted
geometric pooling.

Inspired by the latter observation, we conduct the ran-
dom partition geometric pooling experiment, in which max-
pooling is applied within each random partitioned receptive
fields and the spatial pyramid structure is also utilized, as dis-
cussed in Section 2.5. In this experiment, we randomly parti-
tioned the image for r = 100 times on the spatial pyramid of
` = 3 levels.

We first report the performance of receptive field geomet-
ric pooling as 71.96% (it is also the performance of random
partition geometric pooling with ` = 1 level). Note that this
result has improved the performance of dense grid geomet-
ric pooling (67.07%) by 4.9%, which demonstrates that using
non-linear max-pooled receptive fields are more effective for
classification than using dense grid local descriptors directly.

Then using spatial pyramid structure with ` = 3 levels up-
on the random partitioned receptive fields, we have achieved
accuracy 81.05%, which has improved from receptive field
geometric pooling method (71.96%) by 9.1% and has beat-
en up spatial pyramid matching with max-pooling method
(78.77%) by 2.3%. This result validates the effectiveness
of our proposed random partition geometric pooling method,
which uses both spatial pyramid structure and weighted ge-
ometric pooling technique upon the random partitioned re-
ceptive fields. We notice that [6] reported 83.2% accuracy,
however it adopted more complex `p-norm pooling, while we
only use a simpler weighted geometric pooling method based
on the max-pooled sub-regions.

In summation, the experiments on 15-scene dataset jus-
tify the advantages of our proposed algorithms: (1) jointly
learning the spatial pooling and the image classifier outper-
forms the separated method; (2) fusing different spatial pool-
ing neighborhood structure (e.g., the spatial pyramid structure
and the receptive field structure) outperforms the existing s-
patial pooling methods.

Table 1. Accuracy results on the 15-scene dataset.

Algorithm Testing Accuracy (%)
Linear SPM [3] 65.32± 1.02
Kernel SPM [5] 81.40± 0.50
Kernel Codebook [19] 76.67± 0.39
Sparse Coding SPM [3] 80.28± 0.93
Locality Linear Coding [10] 79.24
Geometric `p-norm pooling [6] 83.20

Dense Grid + Avg-Pooling 65.46± 0.94
Dense Grid + Max-Pooling 64.72± 0.49
Dense Grid + Geo-Pooling (Ours) 67.07± 0.53

Spatial Pyramid + Avg-Pooling 66.63± 0.71
Spatial Pyramid + Max-Pooling 78.77± 0.39
Spatial Pyramid + Geo-Pooling (Ours) 70.39± 0.73

Receptive Field + Geo-Pooling (Ours) 71.96± 0.65
Random Partition + Geo-Pooling (Ours) 81.05± 0.83

4. CONCLUSION

We propose to learn weighted geometric pooling by support
tensor machine for image classification. Our proposed joint
learning of spatial pooling and image classification can im-
prove the image recognition performance compared with ex-
isting approaches that treat these two steps separately. In-
spired by previous work of spatial pyramid matching and re-
ceptive field learning, we also propose spatial pyramid geo-
metric pooling, receptive field geometric pooling and random
partition geometric pooling methods to further boost the clas-
sification performance. Experiments on 15-scene dataset val-
idate the advantages of our proposed algorithms.
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