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Abstract: Self-localization is a crucial requirement for visual robot place recognition. Particularly,
the 3D point cloud obtained from 3D laser rangefinders (LRF) is applied to it. The critical part is
the efficiency and accuracy of place recognition of visual robots based on the 3D point cloud. The
current solution is converting the 3D point clouds to 2D images, and then processing these with a
convolutional neural network (CNN) classification. Although the popular scan-context descriptor
obtained from the 3D data can retain parts of the 3D point cloud characteristics, its accuracy is slightly
low. This is because the scan-context image under the adjacent label inclines to be confusing. This
study reclassifies the image according to the CNN global features through image feature extraction. In
addition, the dictionary-based coding is leveraged to construct the retrieval dataset. The experiment
was conducted on the North-Campus-Long-Term (NCLT) dataset under four-seasons conditions. The
results show that the proposed method is superior compared to the other methods without real-time
Global Positioning System (GPS) information.

Keywords: visual place recognition; 3D point clouds; scan context; CNN classification; feature
extraction

1. Introduction

Visual place recognition in robots can be quickly and accurately realized by a pre-built
environment map. Many researchers have studied this topic in-depth. Some of their
research is based on image sensors, rich texture and object information obtained through
analysis [1–4]. In recent years, the research object has been changed from a two-dimensional
image to three-dimensional Lidar data. Three-dimensional Lidar technology provides a
new means of collecting information. Through the movement of the Lidar scanner, large-
scale and high-precision 3D data in the target area can be collected directly. Furthermore,
this technology has the advantages of low measurement dependence, a high degree of
automation and is little influenced by weather conditions. It can also fully reflect the
characteristics of the survey place [5–8].

Many researchers have analyzed 3D Lidar for place recognition [9–12]. They mainly
focused on how to use the image sensor method on 3D Lidar. The original scan context [13]
converted from the 3D Lidar data has achieved successful place recognition. The scan
context converts the 3D Lidar data into a compact descriptor. The height information of the
3D point clouds is very characteristic and is affected much less by environmental changes.
It exhibits good performance in robot self-localization. In addition, the scan context was
optimized in a paper from 2019 [14]. It has been made more suitable for inputting into
convolutional neural network (CNN) training. Therefore, we chose this descriptor as the
input for our system. Although the researchers considered the rotation of the 3D Lidar in
their article, they just rotated the training 3D point clouds by 180 degrees to increase the
training samples. However, it was observed that there were very different scan-context
descriptors within the same region, and very similar scan context ones in different regions.
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The above problems are because the conventional methods divide the original de-
scriptors based on the geographical location. There are bound to be some limitations and
irrationality for these 2D descriptors compared with the 3D Lidar [15,16]. Although the
scan context descriptor extracts and retains important features of the 3D point cloud, it
is also influenced by non-important objects and the distance between the vehicles at two
sampling moments, and so causes some perceptual confusion. Therefore, it is difficult
to predict the set to which the data collected at the boundaries of each region belongs.
In addition, some very similar descriptors appear in non-adjacent areas which can cause
perceptual aliasing and misrecognition.

To solve this problem, in this study, we proposed a Lidar place recognition system,
called the Based on Global features-system (BGF-system), which is shown in Figure 1. We
continue to use the improved version of the scan context and leverage it into our system.
Our idea is to introduce a reclassification system based on global features. This method
eliminates the influence of similar descriptors in different regions. After the global feature
is extracted, it reclassifies the descriptor. Furthermore, for practical applications, we encode
the region ID under the same feature set through dictionary-based coding [17,18]. The
result is a single compact region ID word, in contrast to the multi-word representation
of the method named BoW [19,20]. Thus, the performance improves compared to the
improved scan context method. As the retrieval dataset has been transformed into text
information, our retrieval system is lightweight and its speed is greatly enhanced under
similar conditions. The contribution of our study is as follows:

• The accuracy of Lidar place recognition has been improved according to the global
features of the descriptor. This can weaken the influence of different regions but
similar descriptors.

• The retrieval dataset has been transformed into text information by dictionary-based
coding. We simplify the final retrieval dataset, which can significantly improve the
retrieval speed.

• Four-seasons datasets (North Campus Long-Term (NCLT) datasets [21–23]) were
evaluated. The proposed method was successful for place recognition using the
four-seasons dataset.
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Figure 1. The pipeline of the place recognition method using the proposed global features (BGF)
based on the scan-context image (SCI).

2. Related Works

The important issue of visual robot self-localization based on 3D point cloud data has
been exploited by many researchers. In reference [24], the authors suggested a novel global
descriptor, M2DP. They projected a 3D point cloud to multiple 2D planes and obtained the
density features. They used these singular vectors of features as the descriptor. Yara Ali
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alnaggar et al. [25] proposed a novel multi-projection fusion system, which uses spherical
and aerial projection, and results in fusion using a soft voting mechanism to segment point
cloud semantics. It has high throughput and can achieve improved segmentation results
compared to the single projection method. In reference [26], Jacek Komorowski proposed a
new 3D structure descriptor, named minkloc3d, based on a sparse voxelized representation
and 3D Feature Pyramid Network [27]. Many experiments show that this is superior to
the existing location recognition methods based on the point cloud. These methods have
two advantages. First, the sparse convolution structure generates information-rich local
features which construct global point cloud descriptors. Second, the improved training
process can train large databases and the distinguishability and generalization ability of the
obtained descriptors are positively affected. Lun Luo et al. [28] introduced a new descriptor
called bird’s-eye view feature transform (BVFT). They leveraged the BVFT descriptor to
recognize the place and RANSAC to predict the poses of the 3D point cloud. They were
inspired by the scan context and other papers. They used the height information of the
3D point cloud as a key point to form the BV image. The SIFT feature was extracted for
pose estimation. However, the time complexity of the project was quite high. Vinicio
Rosas-Cervantes et al. [29] proposed an automatic localization system for a mobile robot
for collecting large-scale site uneven surface maps. They proposed a three-dimensional
localization algorithm for mobile robots in non-uniform and unstructured environments by
combining the point cloud and Monte Carlo algorithm. The processing of the point cloud
includes the 3D point cloud obtained by projection and a 2D feature is generated from the
3D point cloud. These features are used to rebuild the robot environment map. For real-
time place recognition, the robot system uses an occupancy grid map and two-dimensional
features as inputs, combined with the Monte Carlo algorithm. Xuyou Li et al. [30] proposed
a 3D-point cloud segmentation method, which divided the earth point cloud, then clustered
it on the ground, combining it with the 2D image of the location for Iterative Closest Point
(ICP) matching preprocessing. Rafael Barea et al. [31] proposed a localization method
combining camera images and 3D Lidar data by using the Karlsruhe Institute of Technology
and Toyota Technological Institute (KITTI) database. The 2D images were segmented
by ERFNet, which was a semantic segmentation CNN, then the 3D point clouds were
analyzed to obtain the box. Finally, the localization of the aerial view was obtained. Giseop
Kim et al. [14] proposed the scan context method, by which a 3D point cloud is converted
into a 2D image and maintains certain point cloud features. It effectively transforms the 3D
problems into 2D ones. Xuecheng Xu et al. [32] proposed the Differentiable Scan Context
with Orientation (DiSCO) system. The relative direction and position of the candidates can
be estimated simultaneously. While this considers the direction problem, the problem of
the scan-context descriptor is still not solved because some features of the 3D point cloud
are still missing when the 3D Lidar data is converted to 2D descriptors.

Although many studies have focused on 3D Lidar data visual place recognition, there
are still some valuable unknown areas which are not covered. The scan-context descriptors
largely retain the characteristics of the 3D Lidar scanning results, but when dividing the
regions, many descriptors at different regions have similar features, which can have a great
impact on the results [16]. As we showed in Part 4.3 of the evaluation results section. Our
study resolves this by bringing a reclassification using image global features.

3. Approach

In this chapter, we introduce a Robot Place Recognition system. This system primarily
uses the extracted global features and re-classification of image descriptors to improve
the results because it realizes the place recognition of the robot based on a 2D image
descriptor. Therefore, we first introduce the conversion part of the image descriptor. Next,
we introduce the re-classification based on the global features of image descriptors. The
localization results are obtained by analyzing the data of the four seasons for the NCLT
dataset. All the processes are shown in Figure 1.



Appl. Sci. 2023, 13, 9040 4 of 11

3.1. Generation of Descriptors

To ensure that the images input into the neural network can be used to obtain good
training and prediction results, we have been inspired by the recent development of the
scan-context descriptor in article [14], which can ensure that some features of the 3D point
cloud can be retained. Compared to the old version of the scan context [13], this descriptor
is improved and is more suited for CNN input. The scan context converts the 3D point
cloud data from a Cartesian coordinate system into a polar coordinate system. The highest
value of z-coordinate of each angle is kept and plotted into the descriptors. This method
divides a 3D point cloud into azimuthal and radial bins. Ns is the number of sectors and
Nr is the number of rings. We set the maximum sensing range of the Lidar sensor as Lmax.
In this study, Ns = 120, Nr = 40 and Lmax = 80. Thus, we obtained the max z value at
each bin. The bin encoding formula is Bij = max

p∈Bij
z(p), where z is the z coordinate value of a

point p. Finally, a scan-context descriptor I is shown as Equation (1).

I =
(
aij

)
∈ RNr×Ns , aij = Bij (1)

To facilitate the evaluation of the accuracy of robot place recognition, we divide the
robot’s operation range into small areas of 10 m × 10 m and 3D point clouds are allocated
to different area sets according to the GPS information. Comparing the training dataset
and testing dataset, we may find some area sets that do not appear in the training dataset.
These are defined as invisible places while the others are visible places. The image size is
40 × 120 and is saved as a jet image. This method is convenient for the subsequent steps,
which are feature extraction and result evaluation.

3.2. Global Feature Extraction by CNN and Reclassification

To generate global features from the image descriptors, we convert image data into a
digital feature matrix through a neural network. The VGG19 [33–35] is a Convolutional
Neural Network (CNN) which is a scientific research tool developed by the Oxford Univer-
sity in 2015. The VGG19 is famous because it has strong feature extraction ability. In our
system, the neural network used for feature extraction is VGG19.

As shown in Figure 2, there are a total of 19 layers in VGG19, including 16 layers in the
convolution layer and the last three layers in the full connection layer. The convolutional
layers in the middle part are connected to a max-pool layer. Finally, the last layer is the
soft-max layer. Then, the global features of the image descriptors are extracted at the second
full connection layer of the VGG19. Therefore, the feature is a vector of size 1 × 4096. In
this experiment, we do not need to train the model. We use the VGG19 model directly and
the VGG19 uses the pre-trained weights on the dataset ImageNet [36,37]. The input image
size is 224 × 224. Therefore, to get a better performance, we set the input image size to
224 × 224. At this point, we do not need to input the label information for the training
model. Therefore, we only use the scan-context descriptor as VGG19 input, and the feature
is output.
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The next step is re-classification based on the extracted global features. If we directly
apply the extracted features to the next step, it will cause unnecessary calculations for time
and space. Therefore, we used the following method to reduce feature space dimension.
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In our project, we chose random projection to reduce the feature matrix. The dimension
reduction matrix is randomly generated to reduce the size of the feature vector from
1 × 4096 to 1 × 256. From there, we use the k-means algorithm [38–40] to classify these
scan-context descriptors through the dimension-reduced feature vectors. We set category
K to 2000, which is the number of clusters obtained by K-means. If K is set very low, this
method’s advantage will not be obvious. The data of the training dataset is re-distributed
to 2000 clusters. Next, we use this result as the input to a neural network for training.

3.3. Deep-Learning Network

Here, the K-classification training dataset is trained to obtain the CNN model, which
is then used to obtain label information prediction based on the test datasets (the four-
seasons dataset). According to the flow chart in Figure 1, the initial modeling of the training
database is calculated to be established by the CNN. Then, the VGG-16 [41–43] network
based on transfer learning is used to train the model. Then, we selected the four-seasons
dataset as a test dataset to predict and obtain each test descriptor’s K-classification value.
Compared to the scan-context paper, the input to the CNN is changed. The CNN input
image size was not set to be 40 × 120, but 128 × 128, because of the characteristics of the
VGG-16 network. The model is trained with a batch size of 8 and the SGD optimizer is used
with certain parameters (learning rate = 0.0001, momentum = 0.9). The detailed structural
information is shown in Table 1.

Table 1. CNN network.

In (batch_size, 128, 128, 3)

Conv VGG-16 network

Conv1 Flatten (input_shape = vgg16.output_shape)

Fc1 ReLU (FC (256, Conv1))

Fc2 Softmax (FC (N, Dropout (Fc1)))

Out (batch_size, N)

3.4. Place Recognition

In the NCLT database, the path that the robot visits at different times may not be
the same. There may be some newly visited locations, so our place recognition effect will
inevitably be affected. Therefore, dealing with new unknown locations makes a difference.
According to Kim et al. [14], we define these new locations as invisible places and identify
those places existing in the dataset as visible places. The main difference is that they use
the information entropy algorithm to improve place recognition results. In our study, we
try to reduce this step to simplify the complexity of the algorithm and ensure the accuracy
of the results.

This method of place recognition has to integrate the division of visible places into
the algorithm. The place recognition results are obtained after the joint analysis of the two
items. First, the original label information of the image descriptors and the labels obtained
by re-classification by K-means are combined to build a document retrieval database. The
retrieval speed is accelerated by constructing a dictionary structure. We take the K-means
classification category as the key and the original label of the images as the values for
retrieval. Second, the retrieval database is searched based on these results. We compare the
place labels with the same prediction as that of the CNN, and sort them by the repetition
rate of the search results. Top_1 and top_5 can be selected for comparison and analysis. If
the results show the correct place number, the place recognition is successful.
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4. Experiments
4.1. Benchmark Datasets

In this article, we adopted the NCLT database, which is a Long-Term Vision, and the
Lidar dataset collected at the University of Michigan North Campus. Even though the
same place is visited again and again, the path of the robot car is different in each session
and the driving time of each session is also different from morning to dusk.

We normalized the 3D point cloud into the image with a size of 40 × 120 in polar
coordinates. We retained the partial features of the current 3D point cloud via different
pixel values at different heights in the scan-context image descriptor.

We divided the map of the robot activities into a small grid of 10 m × 10 m. We
extracted the point cloud data at every meter. Then, we pre-processed it and directly
converted it into a scan-context image. We chose a database with a relatively large volume
for training. Finally, the dataset of the other four seasons was compared and predicted. In
Table 2, we summarize the number of visible and invisible places.

Table 2. Description of datasets.

Datasets Training Testing
15 January 2012 8 January 2012 17 March 2012 4 August 2012 28 September 2012

NCLT 579 places visible 6171 5449 5464 4626
invisible 292 428 490 919

4.2. Baseline Method
4.2.1. Scan Context

Each scan context [14] is compared with our system and the results are obtained. In the
same method, the retrieval database is constructed by the single-day dataset with simple
information data. The other four-seasons databases are selected for comparison to prove
the advantages and practicality of our system.

The scan-context image [14] has been partially improved from the original version of
the scan-context method [13]. From the method without a basic learning function to the
one with a learning function, the concept of information entropy is integrated to optimize
the evaluation indicators and obtain significant results.

4.2.2. Pole Extraction

The pole extraction method [44] has been suggested. This method is that robot
localization is via a Pole point extracted from 3D point cloud. It can run online without a
GPU. The authors validated the method on the NCLT dataset.

4.3. Experimental Results

In this chapter, the effectiveness and stability of our proposed method are proven
by in-depth analysis. We display the specific information of the training dataset and test
dataset in Table 3. The data of the 3D point clouds were collected at every meter and are
divided into visible and invisible parts. After re-classification, we can divide the images
into new classifications based on their global features.

Table 3. Result of Accuracy.

NCLT Dataset 8 January 2012 17 March 2012 4 August 2012 28 September 2012

Accuracy

BGF-system (Top_5) 0.9033 0.7962 0.6817 0.7187

Scan-context (Top_1) 0.6924 0.6206 0.5644 0.5443

Scan-context (Top_25) 0.8004 0.7507 0.7313 0.7122

Pole_extraction 0.3725 0.3462 0.2888 0.2477
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4.3.1. Comparison of Accuracy

The experimental results are evaluated for accuracy and are used to test and evaluate
the four-seasons database selected from the NCLT database. The correct matches are known
as true positives and the invisible place number is known as the true negative. The accuracy
is the ratio of the number of correctly predicted samples to all the samples [45,46], that is
Equation (2). In a perfect system, the accuracy would be closer to one.

accuracy =
TP + TN

all
(2)

As seen in Table 2, there are invisible parts in our dataset, so we obtained an accurate
estimate of this result. The specific method is shown in Table 3. When the visible part and
the test data are consistent with the actual place recognition, it is called place recognition
success. Unlike the scan-context method, which can extract Top_25, we only used the
rank Top_1 of the CNN output. We also used only the CNN result for the search of the
retrieval dataset. We can already get a good recognition accuracy when we take Top_5.
After comparison, our experimental results show some improvement in place recognition
accuracy under the four seasons of the dataset.

From Table 3 and Figure 3, we observe that the accuracy, under Top_5, of our method,
is better than that of the scan-context Top_25. Only on 4 August 2012 did the accuracy
not surpass that of the original method. Compared with the scan-context Top_1, all the
accuracies are better. It can be observed that the dataset for the same season has a higher
accuracy. In addition, compared with the pole extraction method, the data results for the
four-seasons pole extraction method are lower than ours. In addition, compared with the
pole extraction method, our results are significant higher under the four-seasons datasets.
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4.3.2. Global Feature Analysis

In this chapter, we compare the global features which are extracted from image
descriptors. Theoretically, the global features in the same place are similar. After re-
classification by K-means, in each class, there should be images from the same label. From
this point, we can estimate that our idea is right. At the same original label, the scan-context
images vary a little. From Figure 4, it is observed that the global features are similar in the
same new class after re-classification but are from different labels.
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After reclassification according to the global features, the images with similar global
features are aggregated, which centralizes the features in each category to facilitate CNN
training and prevents the deviation in training caused by the difference in the number of
images in each category.

From Figures 4 and 5, it is observed that in some classes, there may be some images
whose original labels are not adjacent. Although, these image data had similar global
features, they were not collected from nearby places. Hence, the place recognition accuracy
is affected, which needs to be analyzed and studied in future research.

Appl. Sci. 2023, 13, x FOR PEER REVIEW  8  of  11 
 

 

Figure 4. Two images from different labels in the same new class after re-classification. 

After reclassification according to the global features, the images with similar global 

features are aggregated, which centralizes the features in each category to facilitate CNN 

training and prevents the deviation in training caused by the difference in the number of 

images in each category. 

From Figures 4 and 5, it is observed that in some classes, there may be some images 

whose original labels are not adjacent. Although, these image data had similar global fea-

tures, they were not collected from nearby places. Hence, the place recognition accuracy 

is affected, which needs to be analyzed and studied in future research. 

 

Figure 5. The same classification images from more than two different labels. 

4.3.3. Runtime Evaluation 

The advantage of our method is that it can be viewed as an extension of the highly 

efficient BoW framework that enables simplification of the retrieval database and greatly 

reduces its retrieval time. The generated scan-context part of our programs is written in 

MATLAB, and the other part is written in Python. In the CNN part, our Python code runs 

under NVIDIA GTX 960, and the batch size is set to eight. 

Table 4 and Figure 6 show the timing performance. As shown, our system is generally 

faster than the scan context as a whole. 

Table 4. Time Performance. 

Method  Descriptor Generation (s)  Retrieving (s)  All (s) 

BGF-system  0.0434  0.000016  0.04341 

Scan-context  0.0434  0.0047  0.0481 

Pole_extraction  0.09  0.1  0.19 

Figure 5. The same classification images from more than two different labels.

4.3.3. Runtime Evaluation

The advantage of our method is that it can be viewed as an extension of the highly
efficient BoW framework that enables simplification of the retrieval database and greatly
reduces its retrieval time. The generated scan-context part of our programs is written in
MATLAB, and the other part is written in Python. In the CNN part, our Python code runs
under NVIDIA GTX 960, and the batch size is set to eight.

Table 4 and Figure 6 show the timing performance. As shown, our system is generally
faster than the scan context as a whole.

Table 4. Time Performance.

Method Descriptor Generation (s) Retrieving (s) All (s)

BGF-system 0.0434 0.000016 0.04341

Scan-context 0.0434 0.0047 0.0481

Pole_extraction 0.09 0.1 0.19
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5. Conclusions

We proposed a method to build a digital retrieval database based on global features re-
classification and other technologies derived from the field of document retrieval. Through
this method, the visual robot can quickly recognize the robot’s place. This system packs all
the label information into an inverted index. In the experiment, this method was verified in
the NCLT database and has achieved remarkable accuracy and quick place recognition. The
system is robust and can be used for long-term place recognition in four seasons. Compared
to the improved scan-context method, our method can recognize places more accurately
using the NCLT dataset. In future, we again plan to optimize the data processing on the
original basis, add new technical and theoretical methods, and realize more functions
through the newly studied system.
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