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Abstract: This paper proposes a pooling-based Bag-of-Visual-Words for geographic image classifica-
tion. Traditional image classification methods need a higher consumption of computational resources
and slow convergence speed. In contrast, deep learning-based methods are highly demanded for large
amounts of labeled data and computational resources. To address these problems, this paper introduces
pooling operations, combined with the Bag-of-Visual-Words, to propose an efficient and resource-saving
geographic image classification method. In the feature extraction stage, this paper combines SIFT
features with maximum pooling and average pooling to generate a new feature space to capture the
local and global information of the image more comprehensively. Experimental results show that the
pooling-based Bag-of-Visual-Words not only improves the classification accuracy but also significantly
reduces the consumption of computational resources and accelerates the convergence speed when dealing
with geographic image classification. The results show that the method in this paper outperforms the
original Bag-of-Visual-Words model and Spatial Pyramid Matching-based Bag-of-Visual-Words in terms
of accuracy and computational efficiency, demonstrating its potential in geographic image classification
with the Multi-temporal Scene Dataset of Wuhan University.

Keywords: Pooling Operation, Bag of Visual Words, Geographic image classification, SIFT features,
K-means clustering

1. Introduction

Image scene classification is one of the most critical
components of computer vision. Over the years, it
has evolved significantly and found applications in vari-
ous fields, including automatic surveillance systems [1],
self-driving vehicles [2], medical imaging [3], and satel-
lite image analysis [4]. The ability to classify scenes
accurately is crucial for extracting meaningful infor-
mation from visual data. For instance, surveillance
systems help in detecting suspicious activities, while
self-driving cars aid in understanding the environment
and making navigation decisions.
With the rapid growth of image data on the In-

ternet and the advent of sophisticated deep learning
techniques, scene classification has become even more
important. The vast amount of visual content avail-
able online presents both opportunities and challenges
for image scene classification [5] [6]. The traditional
methods, which rely on hand-crafted features and clas-
sical image processing techniques, have been effective
to some extent. These methods include pixel-level dif-
ferences and alignment [7]∼[9]. However, they often
struggle with complex scene changes and require ex-
tensive domain knowledge for feature engineering.
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Deep learning-based methods, particularly those uti-
lizing Convolutional Neural Networks (CNNs) and Re-
current Neural Networks (RNNs), have shown great
promise in automatically learning discriminative fea-
tures from raw image data [10] [11]. These meth-
ods have outperformed traditional approaches in many
cases, but they come with their own set of challenges,
such as the need for large, labeled datasets, substan-
tial computational resources, and robustness to envi-
ronmental factors [12] [13].

The Bag of Visual Words (BoVW) [14], inspired by
the bag-of-words model in Natural Language Process-
ing [15], represents an image as a fixed-length vec-
tor where each element corresponds to a visual word.
These visual words are obtained by clustering feature
points extracted from training images. During image
classification, the BoVW model constructs feature vec-
tors by counting the occurrences of each visual word
in the image and then classifies these feature vectors
using a classifier.

To address some limitations of the BoVWmodel, the
Spatial Pyramid Matching (SPM) technique was intro-
duced by Lazebnik et al. in 2006 [16]. SPM captures
spatial layout information of an image through multi-
scale segmentation, enhancing the BoVW model’s abil-
ity to handle images with complex spatial structures.
Despite its advantages, SPM-based methods can be
computationally intensive and may still struggle with
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Figure 1: The flowchart of Bag of Visual Words.

certain types of variability in image data.

Pooling operations, such as maximum pooling and
average pooling [17], are widely used in deep learning,
particularly in CNNs, to reduce the size of the feature
map and extract the most salient features. Maximum
pooling selects the maximum value in each pooling re-
gion, preserving the most prominent features, while
average pooling computes the average value in each
region. These operations help in reducing the dimen-
sionality of the feature map, improving computational
efficiency, and enhancing the model’s translational and
local invariance.

Given the strengths and weaknesses of existing meth-
ods, this paper proposes a novel approach called
pooling-based BoVW for geographic image classifica-
tion. Our method aims to bridge the gap between tra-
ditional image processing techniques and modern deep
learning methods. By integrating innovative feature
extraction algorithms with the power of pooling opera-
tion, our approach addresses the complexities of multi-
scene recognition.

Our main contributions are as follows:

Pooling-based BoVW Model: We propose a Bag-of-
Visual-Words model that integrates maximum pool-
ing and average pooling operations. This approach
effectively addresses some drawbacks associated with
the Spatial Pyramid Matching(SPM)-based BoVW
method, providing a more robust feature representa-
tion.

Experimental Validation: We conduct extensive ex-
periments on the Multi-temporal Scene Dataset of
Wuhan University (MtS-WH) [18], demonstrating sig-
nificant accuracy and computational efficiency im-
provements. Notably, in the 2002 test, our method
achieved an Overall Accuracy of 93.45%.

The rest of the paper is organized as follows: Sec-
tion 2 presents the research of materials and methods.
Section 3 provides the experiments and visualisation
results. Finally, Sections 4 and 5 provide a comprehen-
sive discussion and summary of the paper, highlighting

key points and suggesting potential avenues for future
research.

2. Materials and Method

2.1 Materials Multi-temporal Scene Dataset
(MtS-WH) [18] is a Wuhan University satellite remote
sensing image dataset, which is shown in Figure 2. This
dataset is mainly used to conduct theoretical research
and validation of methods for scene change detection.
The images were acquired in Hanyang District, Wuhan,
in February 2002 and June 2009, respectively. 02 and
09 each contained 190 images for the training set and
1920 images for the test set. And they are divided
into eight geographic attribute labels: 1-parking lot,
2-water, 3-sparse houses, 4-dense houses, 5-residential
region, 6-idle region, 7-farmland, 8-industrial region.
It should be noted that there are no 3-sparse houses in
the 2009 dataset.

2.2 Methods In this section, we propose using a
pooling-based BoVW model. This includes the process
structure, design logic, and advantages of the approach.

2.2.1 Overall Structure The step of recogniz-
ing a geographical image by its geographical attributes
can be simply understood as the image is fed into a
classification model, and then a value will come out
from the model, representing the predicted result of
the input image. As shown in Figure 1 above, each im-
age, after going through the BoVW block, will get the
classification result of the image, such as water, houses,
factories, etc.

Significantly, this thesis addresses two key limita-
tions of the original BoVW algorithm: the absence of
global feature extraction and the computational bur-
den of the SPM-based BoVW algorithm. To overcome
these, the original BoVW has been restructured, as de-
picted in Figure 3. These modifications are crucial as
they pave the way for more efficient and accurate geo-
graphical image recognition.

As shown in Figure 3, this paper has a new design for
feature extraction. The original feature extraction used
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Figure 2: The examples of Multi-temporal Scene Dataset pairs acquired in 2002 and 2009. (a) 1-parking lot, (b)
2-water, (c) 3-sparse houses, (d) 4-dense houses, (e) 5-residential region, (f) 6-idle region, (g) 7-farmland, (h)
8-industrial region.

SIFT algorithm to obtain (n, 128) dimensional fea-
tures, but this paper, based on this, set up new feature
extractions, respectively, maximum pooling and aver-
age pooling, and the above three features are stacked
and combined to generate a new feature space different
from the original features. And the subsequent parts
of the algorithm are kept in sync with the original al-
gorithm. However, it is worth stating that because the
feature extraction session has been changed, and thus,
in the K-means clustering session, the number of clus-
ter centers K will also be changed accordingly to adapt
the convergence of the whole algorithm. Meanwhile,
The process overview of pooling-based BoVW is sum-
marized in Algorithm 1.

2.2.2 Pooling and SIFT Pooling results are
usually used to reduce the feature dimensions and ex-
tract the overall features of the image. In contrast, the
SIFT algorithm is typically used to extract the local
features of the image. Therefore, stacking pooling and
SIFT results can combine global and local features to
improve the algorithm’s performance. This allows the
BoVW algorithm to extract the feature information of
the image more comprehensively.
Pooling is computed from deep learning models, the

most common of which are maximum pooling and av-
erage pooling. As the word suggests, maximum pool-
ing takes the maximum value in the sliding window as
the output result. In contrast, average pooling takes
the average value in the sliding window as the result.
Different levels of information about the image can be
obtained depending on the different calculations of the
two pooling operations. They both are used to reduce
the spatial dimension of the feature map, which re-
duces the number of parameters and computation of
the model and helps in extracting the invariance and
noise resistance of the features, which also provides the
possibility of reducing the computation of the classi-
fication model and improving the computational effi-
ciency. At the same time, the combination of salient
and smooth features extracted to the image by pooling
with the sift features can better increase the gener-

Algorithm 1 Pooling-based BoVW Image Classifica-
tion
Require: Non-empty training and test images, K > 0
Ensure: Output predicted labels for test images
1: Extract features from training images
2: for each Training images do
3: Compute local descriptors with Pooling+Sift
4: Collect descriptors into a single feature vector
5: end for
6: Perform K-Means on descriptors to get the visual vo-

cabulary
7: Using K cluster centers
8: repeat
9: for each descriptor do

10: Assign descriptor to its nearest cluster center
11: end for
12: Update cluster centers to the mean of assigned de-

scriptors
13: until cluster centers converge
14: Encode training images using the visual vocabulary
15: for each training image do
16: Initialize an empty histogram of length K
17: for each descriptor do
18: Assign descriptor to its nearest cluster center

and update the histogram
19: end for
20: Normalize the histogram
21: end for
22: Train classifier using encoded training features and

their labels
23: Extract features from test images
24: for each test image do
25: Compute local descriptors
26: Encode test image using the same visual vocabulary

from step 6
27: end for
28: Predict labels for test images using the trained classifier

(SVM)
29: Output predicted labels for test images

alization performance of the model and make up for
the defects brought about by the SIFT’s sensitivity to
image noise and the shortcomings of the SIFT’s large

IIAE Journal, Vol.13, No.1, 2025
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Figure 3: Pooling-based BoVW.

computational volume.
However, it should be noted that fusing pooling fea-

tures with SIFT features also has specific problems.
The features obtained after the SIFT processes the
image are 128 dimensions, so certain processing is re-
quired when using pooling for feature extraction. Oth-
erwise, access to the pooling features, which are also
128 dimensions, is impossible.

For this purpose, this paper borrows the idea of SPM
to divide the image into sub-regions and then extract
feature vectors from each sub-region. Each image is di-
vided into 8x16, resulting in a total of 128 sub-regions.
Next, pooling is computed for each sub-region; the for-
mula is shown below.

region = (8, 16) (1)

i = {0, 1, 2, . . . , 7} (2)

j = {0, 1, 2, . . . , 15} (3)

Feature Avg[:, i× 16 + j] = average(region[i, j]),

Feature Avg ∈ R1×128

(4)

Feature Max[:, i× 16 + j] = maximum(region[i, j]),

Feature Max ∈ R1×128

(5)

Feature sift = SIFT(image),Feature sift ∈ Rn×128

(6)

Features =

 Feature sift
Feature Max
Feature Avg

 ∈ R(1+1+n)×128 (7)

The image is divided equally into 8×16 sub-regions
as described in Equation 1. Equations 4, 5 obtain the
average and maximum eigenvalues of each sub-region

by traversing each sub-region using average computa-
tion and maximum computation, respectively, to ulti-
mately generate Feature avg, Feature max ∈ R1×128.
A further step is to merge the two pooling features and
the SIFT features by vertically stacking them to form
Features ∈ R(1+1+n)×128, which serves as the final
output features of the feature extraction phase provide
data for the subsequent K-means clustering.

3. Results

This paper compares the algorithms, visualizes the re-
sults in this section, and analyzes the relevant tables
to prove our algorithm’s correctness and feasibility.

3.1 Parameters settings The experiments
were conducted using the parameters of SIFT algo-
rithm with a threshold (contrastThreshold) of 7e-3
for filtering the low contrast feature points and a
threshold (edgeThreshold) of 10 for filtering the edge
feature points. K-means was parameterized with a
number of iterations of 10 where the value of K, the
number of cluster centers was altered according to
the respective algorithms and the classifiers were all
classified using the Support Vector Machine (SVM)
[19], and the kernel used, Radial Basis Function Kernel
(RBF) [20], is a radial basis function, also known as a
Gaussian kernel. All of the above parameters are in
Python 3.9 Version.

3.2 Comparison experiment In this section,
it is hoped to find the K-value for the best results of
each of the six algorithms and compare the algorithms’
running speed using their respective best K-values. By
comparing the experiments, the pooling-based BoVW
algorithm has a great lead in running speed and accu-
racy compared to the original BoVW and SPM-based
BoVW.

3.2.1 The optimal K An optimal parameter
search was performed for K in K-means clustering to
find the optimal parameters of the algorithm. The
value of K is set to range from 10 to 500, with ex-
periments conducted at intervals of 10. The evaluation
metric for the experiments is Overall Accuracy.

IIAE Journal, Vol.13, No.1, 2025
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The experiments are divided into six groups: the
original BoVW, SPM-based BoVW (Level 2 and
Level 3), and pooling-based BoVW (Avg, Max, and
Avg+Max). The experimental results by best K search
are shown in Figure 4 and Table 1. The six algorithms
achieved their highest accuracy at their respective op-
timal K values: original BoVW reached an accuracy
of 93.20% with 400. SPM-based (Level 2) achieved its
highest accuracy with a K value of 440, while SPM-
based (Level 3) achieved its highest accuracy with a
K of 470. Pooling-based (Avg), Pooling-based (Max),
and Pooling-based (Avg+Max) achieved their highest
accuracies with K values of 300, 330, and 220, respec-
tively.

The comparison results show that the maximum
achievable accuracy of these six algorithms is similar,
but there is a noticeable difference in the K-value se-
lection of the different algorithms. The K-value of the
pooling-based BoVW (Avg+Max) is almost half of the
K-value of the original BoVW when 93% accuracy is
achieved, which also indicates that the algorithms that
incorporate pooling computation are more potent than
the original BoVW in terms of feature extraction.

3.2.2 Computational efficiency The compu-
tational efficiency of the six algorithms is compared
by repeating the experiments ten times, with the mean
distribution of the ten results representing the range
of accuracy of the algorithms. The comparison experi-
ments are based on the algorithms’ training phase us-
ing the same dataset. The only difference is each algo-
rithm’s optimal K-value. The computation time statis-
tics are performed for the four phases of feature ex-
traction, K-means clustering, histogram building, and
classifier classification.

As shown in Table 2 and Figure 5, the running time
increases in the feature extraction phase by adding
multiple multi-layer feature extraction on top of the
original feature extraction with only the SIFT algo-
rithm. Among them, SPM (Level 3) increases the
time cost the most, reaching a time distribution of
12.22±2.12s. Whereas pooling-based BoVW has an in-
crease in time, it is within acceptable limits.

The comparison shows that the difference in the K-
means stage is the most obvious. The original BoVW
has an operation time at this stage of 468.19±68.0s,
whereas the SPM-based algorithm increases the com-
putation time substantially, with 592.07±61.77s for
Level 2 and 868.96±86.52s for Level 3. The SPM-
based algorithm, relative to the original algorithm, al-
most doubles the computation time for Level 3. How-
ever, for pooling-based BoVW, the computation time
for Avg, Max, and Avg+Max decreases rather than
increases, with the Avg+Max-based algorithm reach-
ing 175.45±9.06s. It is generally pleased that the
pooling-based method can obtain the image’s features
and global and local information more efficiently. At
the same time, the selection of the K-value also has a

significant impact. The larger the K-value, the more
computational content is required, and the computing
time increases. There is no significant difference be-
tween the six algorithms when establishing histogram
and classification sessions.

It can be seen that the pooling-based BoVWmethod,
in terms of computing cost, is not just a step ahead of
the original BoVW algorithm and the SPM-based al-
gorithm but leaps and bounds ahead. Summing up
the analysis of Section 3.2, the pooling-based BoVW
method proposed in this paper has some accuracy im-
provement and a breakthrough in computing cost.

3.2.3 Visualisation and Analysis In this sub-
section, the pooling-based BoVW algorithm is used to
visualize and analyze the algorithm results for 2002
and 2009. The algorithm has an Overall Accuracy of
93.45% with a kappa score of 0.92 and an Overall Accu-
racy of 93.34 % with a kappa score of 0.92, separately.
As shown in Figure 6, the algorithm has better classifi-
cation results for water, idle region, vegetation region,
and industrial region, but is terrible for parking region,
which is only in the upper and lower 50%.

Meanwhile, the misclassification images were re-
duced to Figure 7 based on the coordinates to demon-
strate the robustness of the classification results bet-
ter. Specifically, the prediction results are compared
with the ground truth, and the misclassified images
are marked with yellow squares on the graph to iden-
tify and analyze these errors easily. It is clear to see
which categories of samples are prone to misclassifica-
tion, and it also corresponds to Figure 6.

Through image classification, the image of the
Wuhan Hanyang district is turned into different color
blocks for representation, as shown in Figure 8. Since
the experimental accuracy did not reach 100% for each
category, it is impossible to measure the urban change
from 2002 to 2009 directly by changing the labeled val-
ues (predicted classification results) of the exact coor-
dinates. Only general conclusions can be drawn based
on the visualization results of the images. For example,
the red blocks (industrial) were not evident in 2002,
but in 2009, the visualization result map consisted of
a lot of red, indicating that Hanyang District has sig-
nificantly been developing its industrial construction in
these seven years. By analogy, the yellow blocks (idles)
in 2002 were much less in 2009, and so on.

4. Discussion

Our experimental results showcase the novelty of the
proposed pooling-based BoVW method, which not
only outperforms the original BoVW and SPM-based
BoVW methods in terms of accuracy and computa-
tional efficiency on the MtS-WH datasets but also of-
fers a unique approach to image classification. This
improvement results from the effective combination of
global and local features through maximum and aver-
age pooling operations, which capture more compre-
hensive information from the images. The integration

IIAE Journal, Vol.13, No.1, 2025
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(a) Original BoVW (b) SPM (Level 2) (c) SPM (Level 3)

(d) Pooling (Avg) (e) Pooling (Max) (f) Pooling (Avg+Max)

Figure 4: The different K and accuracy in the different BoVW methods.

Table 1: The optimal K and Overall Accuracy for methods.
Optimal K Overall Accuracy (%)

Original BoVW 400 93.20
SPM-based (Level 2) 440 93.04
SPM-based (Level 3) 470 93.28
Pooling-based (Avg) 300 93.04
Pooling-based (Max) 330 94.09
Pooling-based (Avg+Max) 220 93.45

of SIFT features further enhances the feature space,
leading to better clustering and classification perfor-
mance. Maximum pooling effectively retains the most
salient features, while average pooling provides a ro-
bust summary of the images, allowing our method to
handle a variety of geographic image classification sce-
narios more effectively.

Our pooling-based BoVW method not only demon-
strates superior performance in extracting and utiliz-
ing image features compared to the original BoVW,
but also offers practical implications for real-world im-
age classification tasks. While the original BoVW
methods rely heavily on hand-crafted features and spa-
tial pyramid matching, our method leverages deep
learning techniques (pooling) to automatically extract
more representative features, resulting in better per-
formance. Despite requiring more initial computa-
tional resources for feature extraction and clustering,
our method significantly improves the overall computa-
tional efficiency due to the reduced feature dimensions
and enhanced feature representation. This practical
implication of our method makes it a promising tool for
real-world image classification tasks, where efficiency

and accuracy are crucial.

While our study presents a significant advancement
in image classification, there are areas that require fur-
ther exploration. The reliance on the MtS-WH dataset,
while comprehensive, may only encompass some possi-
ble geographic image variations. Future studies should
validate our method on more extensive and diverse
datasets to ensure its generalizability. Additionally,
while our method reduces the demand for computa-
tional resources during classification, the initial feature
extraction and clustering steps are computationally in-
tensive. Further optimization of these steps is neces-
sary to make the method more practical for real-time
applications. Future research can focus on optimizing
the feature fusion strategy, exploring different combi-
nations of pooling operations, and investigating the im-
pact of various clustering algorithms on visual vocabu-
lary construction. Additionally, applying the proposed
method to other types of image classification tasks and
incorporating advanced techniques such as attention
mechanisms or multi-scale feature extraction could en-
hance classification accuracy and efficiency, opening up
new avenues for research and innovation in the field.

IIAE Journal, Vol.13, No.1, 2025
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Table 2: The results of computational time.
Optimal K Feature Extraction (s) K-Meann (s) Histogram (s) SVM (s)

Original BoVW 400 2.17±0.12 468.19±68.04 0.09±0.00 0.06±0.00
SPM-based (Level 2) 440 5.71±0.10 592.07±61.77 0.17±0.02 0.07±0.01
SPM-based (Level 3) 470 12.22±2.12 868.96±86.52 0.23±0.01 0.08±0.01
Pooling-based (Avg) 300 3.08±0.12 218.92±12.61 0.10±0.01 0.05±0.00
Pooling-based (Max) 330 2.87±0.08 234.58±12.34 0.09±0.01 0.06±0.01
Pooling-based (Avg+Max) 220 3.40±0.06 175.45±9.06 0.10±0.01 0.04±0.01

(a) Feature extraction (b) K-means

(c) Histogram building (d) SVM

Figure 5: The computational time results of the different methods.

5. Conclusion

This paper proposes a pooling-based BoVW for ge-
ographic image classification. By combining pool-
ing features and SIFT features, the method not only
effectively solves some of the drawbacks of SPM-
based BoVW but also significantly improves the al-
gorithm’s convergence speed and computational effi-
ciency. Experimental results show that the pooling-
based BoVW outperforms the original BoVW and
SPM-based BoVW in the MtS-WH datasets in terms
of accuracy and computational resources.

Firstly, through the maximum pooling and average
pooling operations on the image, we successfully ex-
tracted the global and local features of the image and
combined them with SIFT features to generate a more
representative feature space. Then, based on feature
extraction, we performed K-means clustering and en-
coded the images according to the visual vocabulary.
The method’s effectiveness in this paper is demon-
strated by classifying the features in the training and

testing.
The experimental results show that the pooling-

based BoVW method achieves significant improvement
in accuracy and computational efficiency. This indi-
cates that the combination of pooling features and
SIFT features can extract image information more
comprehensively, thus improving the performance of
geographic image classification. At the same time, due
to the reduced demand for computational resources,
the method in this paper has higher operability and
generalization in practical applications.

The research in this paper provides a new idea for
geographic image classification and demonstrates the
exciting potential of pooling operations in visual bag-
of-words models through innovative feature extraction
and clustering methods. Future research can further
optimize the feature fusion strategy and explore more
types of pooling operations to enhance classification
performance further.

IIAE Journal, Vol.13, No.1, 2025
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(a) The accuracy in 2002. (b) The accuracy in 2009.

Figure 6: The accuracy results of image classification.

(a) The misclassification in 2002. (b) The misclassification in 2009.

Figure 7: The yellow blocks to show misclassification.
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Appendix

The following abbreviations are used in this manuscript:

BoVW Bag of Visual Words
CNN Convolutional Neural Network
MtS-WH Multi-temporal Scene Dataset
RBF Radial Basis Function Kernel
SIFT Scale-Invariant Feature Transform
SPM Spatial Pyramid Matching
SVM Support Vector Machine

Acknowledgment

This work was supported by JST SPRING, Grant Num-

ber JPMJSP2136.

Yunjia Huang (Member) began his
Ph.D. course at Kyushu University in 2022.
His research focuses on image processing
and neural networks.

Kohei Inoue (Member) received B.Des.,
M.Des., and D.Eng. degrees from Kyushu
Institute of Design in 1996, 1998, and 2000,
respectively. He is currently an Associate
Professor at Kyushu University. His re-
search interests include pattern recognition
and image processing.

Dongqi Li (Non-member) began her
Ph.D. course at Kyushu University in 2021.
Her research focuses on using digital meth-
ods to study geographical environments
and built heritage.

IIAE Journal, Vol.13, No.1, 2025


