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Abstract—through this paper, bottlenecks of conventional 

place recognition techniques are studied, and a replacement 

strategy is proposed for each item. Conventional place recognition 

algorithms are extensions of object recognition techniques applied 

to larger scale targets known as the place landmarks. The 

discussion presented in this paper aims to address the challenges 

of detection and recognition of the places, which make this topic 

distinctive from detection and recognition of the objects and 

landmarks. The challenges are listed under related categories. The 

table of challenges, reasons, and the recommendations to avoid 

these situations is presented as the guideline for selection of proper 

tools for place recognition purpose. 

Keywords—place detection; place recognition; non-feature-
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I. INTRODUCTION  

Location awareness is a critical requirement in autonomous 
mobile robotics. Path planning, navigation, mission planning, 
and many other functionalities are highly dependent on location 
awareness. To fulfill different objectives, location of the robot 
should be known with multiple levels of precision. For example, 
metrically precise coordinate position estimation is required for 
local path planning and navigation, which is mostly addressed 
through SLAM (simultaneous localization and mapping) 
techniques [1], locally and for a limited duration. However, 
mission planning requires general estimation of robot location 
in the studied environment, which is mostly addressed through 
place recognition techniques [2]. Although the focus of this 
paper is on the latter case, recognition of previously visited 
places facilitates loop-closure and map-merging phase of the 
former group of localization techniques, to help them maintain 
the acceptable precision and consistency in a longer run.  

Localization of mobile robots can be achieved either by 
external referencing [3], or through processing the on-board 
sensor data [4]. In the former approach, beacons and cameras 
can be used for precise indoor applications [5]. Moreover, sound 
signatures, signal strength and availability of WiFi access 
points, and other place-specific factors can be used for 
fingerprint-based location estimation in indoor applications [6]. 
For outdoor, GNSS readings (which is perfect under ideal 
satellite coverage) [7], and position calculation through distance 
estimation from nearby mobile phone towers (which results to a 
large location uncertainty radius) [8], are possible techniques in 
accordance with the former approach. On the other hand, the 
latter approach has been addressed by researchers who extended 

the scope of metrically accurate localization through 
incremental map generation in outdoor environment [9]. Other 
than that, the image retrieval techniques that correspond an 
observation to one place out of a group of expected places, form 
another major direction to address place recognition problem 
[10]. These image retrieval techniques for place recognition are 
mainly the extensions of object recognition techniques. While 
localization through external referencing requires minimal 
processing, indoor solutions cannot be extended to outdoor, and 
outdoor solutions lose coverage in indoor environment [11]. On 
the other hand, place recognition using onboard equipment 
confront limitations such as drift and sensitivity to 
environmental conditions [2]. This paper addresses the 
limitations of place recognition through processing the onboard 
equipment, and proposes alternative solutions to avoid facing 
such limitations. A place recognition procedure is consisted of 
several steps. Each step is a major component of the 
methodology that substantially affects the recognition results. 
This paper presents a guideline for selection of proper 
components for place recognition solutions. The focus of the 
paper is on the philosophy, including definition, sensing, and 
procedure steps, rather than the analysis of the results of numeric 
case-studies.  

Section II of this paper studies the existing approaches to 
place detection. Section III explains the shortcomings of the 
common approaches by studying the definition, sensing 
strategies, and the procedure steps (place recognition 
components). Proposed amendments are suggested in section III 
as well. In section IV the paper is summarizes through 
presentation of the guideline table, and the conclusion is made 
successively.  

II. EXISTING PLACE RECOGNITION TECHNIQUES 

In this section, two major conventional approaches for place 
recognition, which only use the onboard equipment, are studied. 

A. Techniques inspired by SLAM 

SLAM has been an ongoing research for the past few 
decades [12-14]. Perfect SLAM algorithms were proposed in the 
literature and mature implementations are available as 
commercial products [15], and as open-source solutions [16]. 
Some SLAM algorithms compare the consequent observations 
point-by-point [17], and the others only process the feature-
points [18]. While pointwise comparison is less sensitive to the 
shape of the objects that the observation point is surrounded by, 
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feature-wise comparison is less demanding in terms of 
computation and storage[19], which are the two factors that 
form valid concerns in large-scale missions and in the long run.  

According to the map, when metrically accurate current 
coordinate location of the mobile robot is close to a previously 
explored point, the explored area around the current position is 
recognized as a revisited place. However, there is an estimation 
error in each incremental step of map generation that propagates 
through time, and results to a drifted map, which ultimately, 
results to inaccurate position estimation. SLAM has negligible 
limitations for 2D indoor applications. Recent LiDAR-based 
and camera –based indoor 3D SLAM techniques have also 
proven acceptable consistency for indoor environment [20]. 
However, maintaining a consistent 2D or 3D SLAM, as a 
general solution for large-scale outdoor environment for long-
term autonomy, is still an open challenge.  

One suggested solution to overcome this limitation is using 
the offline generated map of the environment. One such 
implementation is NDT1 matching [21], which is also used to 
localize a driverless car on the road [22]. In this implementation, 
the 3D point cloud of the studied place is stored as the known 
map of the environment. LiDAR inputs are used to match the 
current observation with the offline map, and initialization is 
handled through GNSS. 

Another general treatment is to reset the online map 
generation drifts through GNSS readings (under ideal satellite 
coverage) or environment signal-finger-printing (in presence of 
the necessary infrastructure) [23]. However, this approach is 
very much dependent on external referencing, which is beyond 
the scope of this paper,    

In SLAM-based localization, if a revisited place is observed 
frequently, to the extent that the drift falls within the scan 
matching tolerance, small drifts can be compensated, and the 
map accuracy can be constantly recovered, and so the location 
estimation precision can be maintained. However, if the 
revisited place is not observed for a long time, to the extent that 
the accumulated drift disallows matching the new observation 
with the correct piece of the map, it becomes very challenging 
to recognize a revisited place. To recover from this situation, 
recognition of revisited places should be handled through a 
technique that is independent from SLAM.  

B. Techniques inspired by image retrieval 

The most commonly applied technique for place recognition, 
which is generally independent from SLAM, is image retrieval. 
In this technique, current observation is compared against a 
database of stored images to recognize the best match. Each 
image in the database is associated to a place. Therefore, 
matching the current observation with a previously stored frame 
conveys the similarity to the place with which it is associated 
with [2].  

Observations can be 2D images (colour intensity 
information) [24], gray 3D point clouds (depth information) [25-

                                                           
1 - Normal Distributions Transform 

2 - Laplacian-of-Gaussian 

3 - difference-of-Gaussian 

27], or RGBD images (both colour intensity and depth 
information) [28, 29].  

Image retrieval techniques used for place recognition are 
extended versions of object recognition algorithms. Similar to 
object recognition methodologies, which identify each object 
through a set of specific features, in place recognition 
methodologies based on image retrieval, places are either 
recognized as a result of recognition of an outstanding landmark 
or through recognition of a set of specific type of features [10, 
30]. The procedure involves the phase of breaking the images 
into smaller patches, known as segmentation step. Followed by 
that, features are extracted from the patches. Then features are 
converted to numeric structures, known as feature descriptor 
vectors. Each image is described through a set of feature-
descriptors. The set of feature descriptors is called the image 
descriptor.  Feature descriptors are stored in a database. For each 
new observation, feature descriptors are computed and 
compared against the stored feature-descriptors in the database. 
The most similar stored image to the current observation is the 
one that embodies the highest number of similar feature-
descriptors.  

Feature selection is a critical step in image retrieval. 
Invariance of features is ideally expected against scaling, 
rotation, shifting, and deformations [31]. Enough number of 
features should be consistently identifiable to compute a 
representative image descriptor. Several techniques are 
available for feature detection. Working on camera frames, 
simplest visual features are edges [32] and corners [33]. For 
example, the Hessian feature detector computes the Hessian for 
points that exhibit high derivative values in two orthogonal 
directions [34], a point is selected as a feature when determinant 
of the Hessian becomes maximum at that point. The Harris 
detector  [33] is a geometric feature detector that finds corner-
like structures from image regions where the second moment 
matrix has large eigenvalues.  LoG 2  [35], and a close 
approximation of it, DoG3 [36], are also well-known feature 
detectors. A more resilient detector against rotation, scaling, 
illumination changes, and input noise [37] is Harris-Laplacian 
detector [38] that combines the Harris corner detection with 
LoG. If the Harris-Laplace is applied to Hessian, the result is 
called Hessian-Laplace detector [39].  

When input is in form of binary point cloud data, feature 
extraction in 3D case can be achieved through processing the 
meshes [40]. For example, in [40], features points are extracted 
when second difference operator is applied to mesh edges. 
Likewise, the work [41] extracts feature lines from meshes by 
applying third order derivatives. Work  [42] extracts curvature 
extremums as feature points. The work [43] uses region growing 
method, which is a meshless feature detection methodology that 
identifies regions with sharp features from point cloud segments. 
Feature lines are found subsequently. Through a statistical 
approach, PCA 4  extracts salient features from point clouds. 
Extracted features are the direction of principle axes in the space 
along which the studied data points have the highest variance, 

4 - Principle Component Analysis 
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and the lowest variance  [44]. This method can be applied to 
multi-dimensional data for place recognition[45]. In a recent 
work [46], 3D point clouds are projected to different planes in 
the space, and similar feature detector is used to find features 
holding statistic information about the studied point cloud. 

Majority of place detection techniques use the SIFT 5 
descriptor [4]. SIFT algorithm calculates the local gradient 
magnitudes and their orientations for each key-point. 
Subsequently, it  calculates the orientation histograms for sub-
regions. The SIFT descriptor is a vector that holds values of all 
orientation histograms for each key-point. An extension of SIFT 
is called GLOH9F

6  descriptor that is designed to enhance 
robustness and distinctiveness of description [47]. SURF 7 
descriptor [48] is a well-known computationally efficient 
replacement to SIFT. [37]. “Haar wavelets” [49] are used in 
SURF. The SURF algorithm generates a structure that embeds 
intensity statistics along 2D coordinate directions. There are 
other types of descriptors that work on content distribution. For 
example, geometric histograms [50] or shape context [51] are 
used to form image descriptors. Work [52] uses 3D sparse visual 
features, which are mainly the corners, introduced in [53]. In 
[52], description procedure is initiated by detection of landmarks 
followed by computation of 3D Gestalt feature descriptor [54-
56]. Work [57], introduces surface entropy features (SURE) [58] 
for place recognition. SURE features embed the statistics of the 
distribution of local surface normal vectors. Invariant feature 
selection is an ongoing challenge in place recognition. 

Using the bag-of-words model [59] is the most referenced 
methodology for storage, retrieval and comparison of feature 
descriptors [60]. Bag-of-words model associates feature 
descriptor to words. Subsequently, word processing techniques 
are used to compare descriptor structures. Bag-of-words model 
discards the geometric and spatial relevance among image 
features. Since bag-of-words dictionary can get large in the long 
run, optimized data access techniques were suggested in the 
literature to handle this problem [61].  

As explained earlier, snapshot pairing through viewpoint 
tolerant feature matching is the common approach in place 
recognition based on image retrieval [62]. Combination of 
features and feature descriptors have been used in place 
recognition research. These descriptors were stored, retrieved, 
and compared through modified versions of the bag-of-words 
model.  

III. CHALLENGES OF EXISTING METHODOLOGIES AND THE 

PROPOSED REPLACEMENTS  

A. SLAM specific challenges 

As explained in section II.A, SLAM solves place recognition 
problem for short-term autonomy, in small-scale indoor 
environments. However, for long-term autonomy, and large-
scale outdoor environment, SLAM requires an independent 
mechanism to handle recognition of revisited places to cancel 
the drifts (which is known as the problem of “closing the loop” 
in SLAM community). Therefore, recognition of places through 
SLAM, for large-scale outdoor environment in long-term 

                                                           
5 - Scale Invariant Feature Transform 

6 - Gradient location-orientation histogram 

autonomy, is a mutually dependent problem. Consequently, for 
long-term autonomy in large-scale outdoor environment, it is 
necessary to solve SLAM and place recognition problems 
individually and independently. 

Source of inconsistency in SLAM algorithms is the 
accumulation of error, caused by incremental map generation 
and location estimation through the comparison of consecutive 
observations. Therefore, the source of problem is the 
incremental computation approach, which embeds an intrinsic 
integrator. 

SLAM is prone to facing storage and computational 
limitations in the long run, when pointwise scan matching is 
involved. Therefore, for large-scale long-term applications, 
pointwise methods should be avoided. On the other hand, 
feature-based methods are successful whenever enough number 
of expected type of features are guaranteed to exist consistently 
in all observations. Invariant feature selection and feature 
association are major challenges in feature-based SLAM.  

Therefore, for large-scale long-term autonomy in outdoor 
missions, or even for combined indoor and outdoor missions, 
SLAM-based place recognition should be complemented with 
external referencing. However, if the presence of external 
referencing is assumed, place recognition can be handled solely 
through the external referencing equipment, and without any 
reliance on SLAM.     

B. Challenges of place recognition through common image 

retrieval techniques 

As explained in section II.B, place recognition based on 
image retrieval is commonly handled through landmark 
recognition and feature matching techniques.  

Although recognition of outstanding landmarks is a concrete 
proof for recognition of a place, not all places contain an 
outstanding landmark. Therefore, this approach is limited only 
to recognition of places that include outstanding landmarks. In 
another words, mapping a place to a landmark is not generally a 
valid assumption for recognition of all places.  

Even if features are directly extracted from observations 
without prior landmark recognition, existence of enough number 
of specific type of features in every observation is a limiting 
assumption. This problem enroots in invariant and consistent  
features selection challenge. This limitation advocates 
incorporation of non-feature-based description methods such as 
[63, 64]. 

Under the assumption of existence of enough number of 
feature points, the philosophy of a place being represented only 
through limited number of feature-points is a matter of dispute. 
The assumption of a place being represented through limited 
key-points is resulted by extending object recognition 
philosophy to place recognition. The assumption of an object 
being fully represented through limited features is logical. 
However, every single piece of the surrounding of a place 
participate in characterization of that place. This necessitates 

7 - Speeded-Up Robust Features Descriptor 
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incorporation of holistic description techniques such as [65] 
rather than local ones that operate only on few image patches. 

Bag-of-words database is reported to have included over 100 
million code-word to feature records in 20km traversal [66]. In 
this situation entry and retrieval of feature vectors should be 
handled through optimized data access methods such as the one 
proposed in  [61]. 

C. General concerns 

Viewpoint invariance is one of the major concerns in place 
recognition. This is partially the result of “looking at a place 
from an external viewer’s stand point through a limited field of 
view”. When this approach is combined with landmark 
recognition, the combination remains satisfactory for most 
object recognition techniques. However expecting this setting to 

work for place recognition introduces a logical dispute. Assume 
a robot is exactly located in front of a landmark and a camera 
with limited field-of-view, which is used as the sensor, is 
directed towards the landmark. Recognition of the landmark in 
this situation is easy, and is taken equivalent to recognition of 
the place. Now, if the camera faces oppositely, the mentioned 
landmark falls out of the field of view, and as a consequence, 
landmark is not recognized, and so is not the place. In both 
scenarios, the observation is made exactly in the same place, but 
the recognition results are very different. This is another reason 
why landmark recognition cannot necessarily be taken 
equivalent to place recognition. One suggestion to overcome this 
situation is to “look from inside of the place out, through the 
entire field of view”. This is achievable by using the panoramic 
view camera (2D) or 360 degree LiDAR (3D). 

Table 1- Summary of challenges, sources, and the suggested replacement strategies 

Challenge Scope Source Suggested Replacement 

Drift 
SLAM-based place 

recognition 

Propagation of incremental mapping 

error through time  

Limit this approach to indoor, and 

short term applications. 

Excessive storage and 

computation demands 

point-wise SLAM-

based place recognition 

Comparison of all points of the current 

observation with the entire history 

Limit this approach to indoor, and 

short term applications. 

Feature selection and 

feature matching 

feature based SLAM 

for place recognition 

Enough number of expected type of 

features are not guaranteed to exist 

consistently in all observations. 

Supplement with external 

referencing. 

Landmark recognition 
place recognition 

through image retrieval 

Not all places contain outstanding 

landmarks. 

Do not take landmark recognition 

equivalent to place recognition. 

Feature selection and 

feature matching 

place recognition 

through image retrieval 

Enough number of expected type of 

features are not guaranteed to exist 

consistently in all observations. 

Use a non-feature-based 

descriptor. 

Few features do not 

fully represent places 

place recognition 

through image retrieval 

Unlike the case of object recognition, 

a set of features cannot fully represent 

a place. 

Use a holistic place descriptor. 

Bag-of-words 

dictionary grows 

excessively 

place recognition 

through image retrieval 

Feature vectors stored in the bag-of-

words model can reach millions very 

quickly. 

Use advanced data access models 

to store and retrieve data. 

Use non-feature-based techniques 

Viewpoint invariance general 

Looking at a place from an external 

viewer’s stand point through a limited 

field of view 

Look from inside of the place out, 

through the entire field of view. 

Environmental 

changes 
general 

Color is affected by illumination along 

the day, and appearance changes in 

different seasons along the year. 

Use depth information. 

Depth accuracy, range, 

and resolution 
general 

Stereo vision, infrared reflection, and 

ultrasonic time of return 

measurements are not producing 

satisfactory performance for this 

application. 

Use LiDAR to capture depth 

information 

False recognition general 
Frame to frame comparison is prone to 

false recognition. 

Use group comparison, and study 

places inside sequences. 

General Definition for 

the term “place” 
general 

Existing place definitions do not 

include all types of places. 

A place is the subset of the three 

dimensional environment in 

which, any partial observation 

made across the entire field-of-

view, holds consistent descriptor 

that is distinctively different 

compared to the descriptors 

computed from its surrounding. 
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The other concern for place recognition is the depth value. 

Depth value is a valuable information from the place because the 
color information can be affected by illumination changes 
throughout the day, and the appearance of the place varies in 
different seasons along the year. Therefore, depth is the invariant 
information, which maintains its consistency throughout the 
time. Depth information can be captured through different 
techniques such as stereo vision, infrared reflection, ultrasonic 
time of flight measurement, and through LiDAR. While LiDAR 
can produce precise measurements in long ranges, none of the 
other techniques can perform the same. Therefore, it is highly 
recommended to use LiDAR to capture depth information for 
place recognition applications.   

The last but not the least is the false detection issue. This 
problem is mainly rooted in the frame to frame comparison 
approach. If two places are supposed to be compared, several 
observations made from one place should be compared to 
several observations made from the other place. Group 
comparison reduces the chance of false detection. One other 
suggestion would be to study places in sequences similar to the 
approaches suggested by [67] and [68]. 

Defining the term “place” through landmarks, features, or 
precise coordinate location, have limitations to include all 
places. Taking into account all the mentioned limitations, the 
proposed definition of the term “place” that grounds the basis 
for proposition of a place recognition methodology that 
addresses all the mentioned concerns, should be at descriptor 
level by taking into account the analysis over all the observation 
made at different spots of the place. Therefore, the suggested 
definition is as follows. 

“A place is the subset of the three dimensional environment 
in which, any partial observation made across the entire field-
of-view, holds consistent descriptor that is distinctively different 
compared to the descriptors computed from its surrounding”.   

IV. SUMMARY AND CONSLUSION 

This paper studied the major challenges faced by 
conventional place recognition methodologies that do not rely 
on external referencing. For each concern, the causing factor 
was introduced, and the replacement treatment was suggested. 
This analysis is summarized in Table 1. To address these 
concerns, a novel methodology is suggested, which will appear 
in the author’s future publications. 

V. FUTURE WORK 

This paper addressed the shortcomings of the existing place 
recognition methodologies, and suggested different approaches 
to avoid facing them. Next step is to propose the step-by-step 
solution which takes into account all the mentioned concerns. 
This will be covered in our subsequent publications. 
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