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 This paper presents a new approach of mobile robot monitoring strategy for novelty 

detection. Recently, most of monitoring by a mobile robot used a fixed inspection 
interval. Inspection interval that is too small will consume a lot of time and energy but 

if the interval is too big, novelty could be missed, hence lower the true positive 

detection. Furthermore, low reliability of sensing device such as sonar sensor can lose 

some of the true positive detection due to its limitation (e.g. firing angle). Hence, this 

paper proposed a Focusing Inspection Strategy (FIS). FIS is a multi resolution 

monitoring strategy, works by changing the frequency of measurement when required, 
depending on the detection of anomaly. The purpose is to gain more evidence of a 

novelty presence by increasing the true positive detection. FIS performance is validated 

using experimentation of the inspection of novel objects with different widths. A 
mobile robot equipped with an array of sonar sensors was used as an inspection agent. 

Two FIS models were evaluated; step resolution (FS) and linear resolution (FL). The 

result shows that FIS can increase the number of true positive detection up to 80% 
when compared to a fixed resolution inspection, improve the accuracy of novelty 

positioning estimation about 8.8% and 10.9% for FS and FL, and at the same time 

maintained a low false positive rate at lower than 0.1. 
 

 
© 2014 AENSI Publisher All rights reserved. 

To Cite This Article: Mohd Nurul Al-Hafiz Sha’abani, Muhammad Fahmi Miskon, Hamzah Sakidin, Mohd Hafiz Taib, A Focusing 

Inspection Strategy for Mobile Novelty Detection. Aust. J. Basic & Appl. Sci., 8(7): 168-184, 2014 

 

INTRODUCTION 

 

 Novelty detection is a process of recognizing changes based on learned knowledge. Currently, novelty 

detection has become popular in mobile robot's field, especially for surveillance and inspection purposes 

(Fleischer and Marsland, 2002, Marsland et al., 2005, Miskon and R.Russell, 2008). In surveillance application, 

the most important thing is the ability of a system to accurately determine the presence of a novelty with a low 

or zero occurrence of false alarm. Since the system is mobile, it is an advantage if the system can estimate the 

position of novelty source; hence an immediate action can be taken. However, there are some challenges on 

realizing this task.  

 The challenges with mobile novelty detection system are the occurrence of false positive detection and low 

true positive detection. False positive can affect the system performance by producing false alarm. Nevertheless, 

since the occurrence of false positive is rare, some of it can be rejected by filtering technique. The common 

technique is by rejecting the lower amount of detection (Miskon and R.Russell, 2008). However, by doing this, 

a lower amount of true positive detection could also be rejected; hence causes the system fail to notice the 

novelty presence. This is especially true when using a high noise sensor such as sonar sensor which has issues 

on detecting object due to its limitation on firing angle. 

 In solving the problem, it is important to design a right strategy of data gathering to increase the number of 

true positive detection. The strategy depends on the equipment, types of sensors, application and types of data to 

be analyzed. In this project, an array of sonar sensor is used. By using an inexpensive and high noise sensor, the 

method design is hopefully adaptable for other types of sensors. According to Sierwart and Nourbakhsh (2004), 

it is clearly that a multiple or repetitive measurement is one of the solution to counter the error of measurement. 

Multiple measurements can overcome the problem of misdetection and perhaps the limitation of the sonar 

sensor. But, what is the right approach of multiple measurements that can be utilized by a mobile robot? 

 Recently, most of inspection using a mobile robot for novelty detection used a fixed inspection interval. A 

fixed interval monitoring was used by Marsland et al. (2000a, 2000b, 2000c, 2002a, 2002b, 2005) using a 

mobile robot attached with an array of sonar sensors. In these works, a habituation method was used to highlight 

the novel events which require a repeated measurement for its operation. The measurement was taken repeatedly 
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for approximately every 10cm along a 10 meter corridor. The activity level of a novel event depends on the 

repetition value of similar measurements. The more frequent a similar measurement occurs, the higher the 

normalcy level. A similar method of monitoring strategy was done by Crook and Hayes (2001) using a camera 

and Crook et al. (2002) using an array of sonar sensors. Other work from Marsland et al. (2001) repeated the 

same monitoring strategy but travelled 20cm for each measurement. 

 Fleischer and Marsland (2002) then claimed that monitoring with a fixed interval can potentially to miss 

some interested points if they exist between the sampling steps. For that reason, they investigated a more 

complex monitoring strategy where the measurement was taken continuously as the robot exploring. This means 

that the only interval of measurement taken is the operating capabilities of the sensor. In this work, they used 

sonar sensors to gather data. Gathered data was then processed to select landmarks along the robot route. 

 Nehmzow and Neto (2004) investigated the feasibility of Marsland’s works by acquiring image at one 

frame per second. The robot moves at a very slow speed, at 0.15m/s and a maximum rotation speed of 35deg/sec 

without stopping the robot. The acquired images were then encoded into a colour histogram to represent the 

image features. To localize the novel features, a Saliency Map (Itti et al., 1998) approach was used as in their 

previous work (Nehmzow and Neto, 2004) .Other works from Neto and Nehmzow (2005a, 2005b, 2007a, 

2007b, 2008, 2012) were also conducted using the same monitoring strategy. 

 The only work that focused on inspection strategy in detecting novelty using a mobile robot was done by 

Miskon and R. Russel (2008).They introduced a Repetitive Observation Strategy (ROS). The strategy was also 

used in their other work (Miskon and Russell, 2009). ROS is a method that gathers and groups observation data 

from different sensors and robot poses. In this work, a Pioneer 3 mobile robot equipped with a laser range finder 

was used for measurements. The inspection strategy was based on the fixed inspection interval where each 

measurement was taken for every 100mm of robot step. To confirm the presence and position of a novelty, the 

anomaly points found was then clustered using nearest neighbour clustering, followed by a filtering process 

called Singleton Cluster Filter.  

 A biomimetic robot (SCRATCHbot) equipped with a whisker sensory system was used by Lepora et al. 

(2010a, 2010b) to examine novelty detection. In the work, measurement was taken continuously as the whisker 

sensor touching floor surfaces. Initially, the robot was allowed to sense an empty floor in learning phase and 

then tested with a textured strip in its path. Voltage measurements were sampled and recorded as a discrete time 

series at a rate of 2 kHz. Measurements that never experienced by the robot was highlighted as a novel event.  

 Sofman and Beuman examined novelty detection in video streaming (Neuman et al., 2011) and with a 

combination of ladar and camera sensors (Sofman et al., 2010). Image data was collected in an outdoor 

environment by using an unmanned ground vehicle (UGV). Since the data collected was in video streaming, the 

data are segmented into a several scenes. These scenes were then analyzed for detecting changes.  

 Maier et al. (2010, 2011) acquired a multiple image sequences with a mobile robot platform. In the work, a 

robot equipped with three cameras, acquiring 8 images in a sequence with a quarter circle path around the object 

detection. Each sequence consisted of 100 images. The coordinate frame and transformation between sequences 

was determined based on Spherical Coordinate Transform (SCT). SCT is a pre-processing step for colour 

learning of a mobile platform.  

 Lin et al. (2010) and Khalastchi et al. (2011) acquired multiple types of data on an unmanned vehicle such 

air data, navigation inertial data, engine data, servo information, mass, air temperature and other information. 

Each data was measured between 1Hz to 10Hz frequencies. However, the whole data were downloaded into the 

system at a frequency of 10Hz.  

 A laser 3D range finder (Nunez et al., 2009, Drews et al., 2010, Nunez et al., 2010, Vieira et al., 2012) was 

also applied for novelty detection. The measurement was taken repeatedly to form a point cloud. Each point 

cloud contains 76 000 points. The point cloud data were then simplified and trained to form a 3D shape of the 

environment. Using the same approach, the novelty detection is performed by scanning again the environment, 

where at this time a novel object was placed.  

 In conclusion, data is gathered either by a fixed interval or continuous measurement. In fixed interval 

inspection, the interval can be categorized by distance, time or frame segmentation, depending on sensor type 

being used. Interval that is too small will consume a lot of time and energy but if the interval is too big, novelty 

could be missed, hence lower the true positive detection. In continuous measurement, the interval depends on 

the speed of sensor response. A high resolution sensor may cause excessive measurement and thus increase the 

inspection time. This is similar if the interval in fixed inspection interval is set too small.  

 Based on the review above, there are no works that perform a multi resolution approach in novelty detection 

using a mobile robot. For that reason, a multi resolution monitoring strategy is proposed. The strategy changes 

the frequency of measurement taken in a unit of distance travelled. Since the activation of frequency changes is 

based on anomaly point found, it is believe to increase the number of true detection, hence overcome the 

problem of low true positive detection from being rejected. Furthermore, it is to ensure that the detected 

anomaly is truly a novelty. 
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Focusing Inspection Strategy: 

 In animal kingdom, preys focus their anti-predator behaviour to avoid from being encountered by its 

predator. To avoid effectively from a predator, a prey should have the ability to recognize a cues of predator 

using their sensory capability such as visual, chemical, auditory and tactile senses (Rosier and Langkilde, 2011). 

One of the behaviour of recognizing a predator is by increasing their attention to the presence of a predator, as 

well as to a non dangerous stimulus (Sih et al., 2010). This means that, they change the resolution of their 

sensory capability by focusing it in a specific region or sight when needed. The purpose is to increase the 

evidence of the presence of a predator. Motivate by this behaviour, the proposed method called Focusing 

Inspection Strategy (FIS) will focus the robot intention to a specific interest region when monitoring. 

 Focusing Inspection Strategy (FIS) is a multi-resolution monitoring strategy that changing the frequency of 

measurement taken per unit travelled distance. In this project, the frequency of measurement refers to the 

number of measurements taken by a robot for every unit of distance travelled. In order to control how much the 

frequency of measurement is changed, a focusing rate, αf is introduced. The focusing rate can be expressed by 

any equations with a linear or exponential function. In this work, a linear equation is used to model the focusing 

rate. As a part of design requirements, a percentage change, p of frequency measurement in a unit distance per 

anomaly detected need to be set. Equation (1) defines the focusing rate that using a linear functions that be used 

in this paper. 

 

αf = (1 - pn)    (1) 

 

where αf is the focusing rate, while p is the percentage change of measurement frequency per anomaly point 

detected and n is the number of anomaly detected with n ≥ 0. 

 As the frequency of measurement is related to the distance travelled by the robot between two consecutive 

measurements, the corresponding distance interval between these two measurements can be expressed as 

 

r = r0 αf (2) 

 

where r is the corresponding distance interval between two consecutive measurements with r > 0 and r0 is its 

initial value. By referring to the model derived, to increase the frequency of measurement, the value of r should 

be reduced. 

 The sensitivity of FIS can be varied by setting the minimum and maximum allowable number of anomaly 

detected. FIS is not necessarily activated with a detected anomaly point, it also can be activated when a 

minimum number of anomaly point, nmin required is satisfied. To avoid excessive measurement in a small 

distance of the interval, a maximum amount number of anomaly point, nmax should be appropriately determined 

with respect to the percentage change, p chosen. To demonstrated FIS, two models were evaluated; step 

resolution (FS) and linear resolution (FL) model. 

 

FIS with Step Resolution Model (FS): 

 FIS with step resolution (FS) model changes the frequency of measurement from minimum to maximum 

required by a single step. In this model, the frequency of measurement is changed to either high and low state. 

The corresponding distance interval between two consecutive measurements, r is defined as  

 







0 min

0 min min

if  < 
=

(1 - ) if   

r n n
r

r pn n n
    (3) 

 

where nmin  is the minimum amount of anomaly point detected to activate FIS with r > 0. 
Algorithm 1: FIS with step resolution model. 

1: WHILE robot move 

2:               
0

= (1 - )r r pn  

3:               FIND anomaly 

4:               IF anomaly == 1 

5:                    n = nmax 

6:               END IF 

7:  

8:               IF anomaly == 0 

9:                    n = nmin 

10:               END IF 

11: END WHILE 
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 According to this model, if the number of anomaly point detected is less than the minimum required, the 

frequency of measurement is not changed from its initial value. When the number of anomaly points detected 

reaches the minimum required, the corresponding distance interval, r is reduced and the frequency of 

measurement is increased to the maximum required. The frequency of measurement is decreased back to 

minimum if no anomaly point detected. The following algorithm summarizes the process of measurement 

frequency changes using FIS with a step resolution model. 

 

FIS with Linear Resolution Model (FL): 

 FIS with linear model (FL) of resolution changes frequency of measurement from minimum to maximum 

required with a linear proportion. In this model, the frequency of measurement is increased and decreased 

gradually within the maximum and minimum number of anomaly points. The corresponding distance interval 

between two consecutive measurements, r is defined as  

 

 







0 min

0 min max

0 max max

if  < 

= (1 - )             if   
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r n n

r r pn n n n

r pn n n

    (4) 

 

 where nmin  is the minimum anomaly points detected to activate FIS and nmax is the maximum anomaly points 

detected to limit the frequency of measurement with r > 0. 

 According to this model, if the number of anomaly point detected is less than the minimum required, the 

frequency of measurement is not changed from its initial value. When the number of anomaly point detected 

reaches the minimum as required, the corresponding distance interval, r is decreased linearly as long as anomaly 

point is detected. The decreases stops and maintains if the frequency of measurement reaches the maximum 

limit. The frequency is decreased back linearly until it reaches the minimum if no more anomaly point detected. 

The changes of measurement frequency is summarizes in the following algorithm. 
Algorithm 2: FIS with linear resolution model. 

1: WHILE robot move 

2:               
0

= (1 - )r r pn  

3:               FIND anomaly 

4:               IF anomaly == 1 

5:                    n = n + 1 

6:                    IF n > nmax 

7:                         n = nmax 

8:                    END IF 

9:               END IF 

10:              IF anomaly == 0 

11:                   n = n – 1 

12:                   IF n < nmin 

13:                        n = nmin 

14:                   END IF 

15:              END IF 

16: END WHILE 
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(b) FL 

Fig. 1: Expected inspection by mobile robot when using (a) FS and (b) FL. 

 

 Fig. 1 depicts both expected inspection by a robot when using FS and FL. Inspection by FS will make the 

robot to inspect the interested region directly using the maximum frequency, while for FL, the robot increase its 

measurements taken linearly. Table 1 summarizes the value of FIS parameters used for both models. The 

maximum frequency of measurement changes is limited to 50% from the initial distance travel, r0 for both FS 

and FL models. The limit is equally set so that a comparison between FS and FL can be observed fairly. 

 
Table 1: Parameters setup for FIS with step and linear resolution models. 

Parameters FS FL 

r0 100mm 100mm 

P 50% 10% 

nmin 1 1 

nmax 1 5 

pmax 50% 50% 

 

Methodology: 

System Overview: 

 The strategy is tested in a system that consists of mobile robot navigation system and novelty detection 

system. An Amigobot equipped with an array of eight sonar sensors were used; six from it were used for novelty 

detection. To imitate the behaviour of human patrolling tasks, the mobile robot uses a wall following behaviour 

for navigation purposes. Particle filter localization is used to estimate the robot pose in the environment. Data 

processing composed of clustering and filtering based on work in (Miskon and R.Russell, 2008). The overall 

system is shown in Fig. 2. As can be seen, FIS is a part of monitoring phase. 

 
 

Fig. 2: System overview. 
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Test environment: 

 FIS performance was investigated by using experimentation in two difference environments. The first 

environment is in laboratory. It is designed in L-shape with several objects being placed to create a unique 

perception at every location as shown in Fig. 3. The height of the wall constructed is sufficient (> 15cm) to be 

detected by the sonar sensor. An object A is placed in the environment as the novel object, positioned at x = 

2000 and y = 2000 of it center.  

 

  
                       (a) Normal condition                      b) Novel condition 

  

 
                                                            (c) Laboratory setup environment 

 

Fig. 3: Laboratory environment. 

 

 The second environment is in a corridor environment on the 3rd floor of block C in Faculty of Electrical 

Engineering building, Universiti Teknikal Malaysia Melaka (UTeM). The corridor has 2.5m average wide with 

a smooth surface of block wall. There are four doors, two column wall and notice board stand along the 

navigation corridor. The doors are closed at all time for both training and inspection phase. To evaluate FIS, 

only a part of the corridor was used, where the novel object can be reached by the sonar sensor. The novel object 

is a box with a dimension of 540mm length and 260mm width as shown in Fig. 4. 

 

The Experiments: 

 FIS performance is determined based on true positive detection (TP). A high TP detection indicates the 

better performance. False positive (FP) detection is also considered since it gives a downside to the system 

performance. In addition, the performance is also determined by the accuracy of positioning estimation of 

novelty based on FIS detection results. The performances are compared with a fixed resolution monitoring 

strategy (i.e. ROS).  

 First experiment is to investigate the significance of implementing FIS in detecting novelty for mobile 

robot. The objective of the experiment is to determine the performance of FIS on improving the number of TP 

start end start end 
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detection and the accuracy of position estimation obtained from the detection result. The FP rate was also 

observed to determine the overall performance of inspection result. In this experiment, the initial distance 

interval, r0 of each measurement was set to 100mm. In laboratory experiment, object A act as the novel object as 

shown in Fig. 3 (b). The initial width of object A is 200mm and changed to 400mm, 600mm and 800mm 

respectively for each inspection. 

 Second experiment is to investigate the significance of FIS in various situation of first detection. The 

objective of the experiment is to investigate the effect of ROS first TP detection situation to the feasibility of 

FIS in supporting the discovery of novelty presence. The experiment was setup by varying the initial distance 

interval, r0. In this experiment, the initial distance interval, r0 was varied from 100mm to 200mm and 300mm. 

The same environment and various sizes of object A was used as in the first experiment. 

 FIS was then used to inspect an actual environment. The environment setup was shown in Fig. 4. In this 

experiment, a box with 260mm x 540 mm was placed in the area of robot inspection. The r0 was set initially to 

100mm. The process was repeated by changing the r0 to 200mm and 300mm without changing the novel object 

size. The results were then compared with a fix resolution inspection method (i.e. ROS).   

 

  

 
 

(a) normal (b) novel 

 

Fig. 4: Field test environment. 

  

Results: 

Experiment 1: 

 Fig. 5 shows the increment of TP detection when using FIS method compared to ROS on different object 

widths. In general, FIS has acquired better result in TP detection than ROS. The increment of TP detection 

varies, depending on the way the frequency of measurement changes is modelled. The increment also depends 

on the object detection availability. This is shown in Fig. 5 where the patterns of the increment for FS and FL 

are same. 
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End 
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Fig. 5: TP percentage increment when compared with ROS versus width object. 

 
 In FS, depending on the detection availability, the increment was about 80 - 120 % when compared to ROS, 

whereas FL can give up to 80% of increment, but lower than FS. If the first detection occurred at the beginning 

of the object, the increment could be larger. This was shown at the object width of 400mm where the highest 

increment was obtained.  

 For object width of 200mm, there was no difference in TP detection between ROS and FL even FL was 

activated. This happened because the frequency of measurement change for FL was not sufficient to allow the 

robot to detect the novel object. The situation is depicted Fig. 6. However, for FS. Fig. 6(b)), it is an advantage 

because the changes of measurement frequency is instantaneous, thus more evidence of novelty can be found in 

a short distance. 
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(c) FL 

 

Fig. 6: Detection results for object width = 200mm for (a) ROS, (b) FS and (c) FL at range between 1600mm to 

2200m in x-position. 

  

Fig. 7 shows the error results of positioning estimation of the novel object against the width object. The 

error of position is measured using Euclidean distance between estimated position to the center of the object 

surface (i.e. in x-y position is (2000, 2000)). In this result, FIS showed the better result in estimating the position 

of novel object than ROS. The error of positioning estimation was decreased about 8.8% by using FS and 10.9% 

by using FL in average. The novel object position is estimated based on the clustered anomaly point distribution. 

A high number of TP detection is not the only factor to guarantee the accuracy of positioning estimation, but it 

also depends on the accuracy of detection of each individual anomaly point. This happened at width object of 

400mm where FS and FL had slightly similar error even the number of TP detection for FS is higher. 

 
 

Fig. 7: Distance error versus width object.  

 

 
 

Fig. 8: FP rate versus width object. 
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Fig. 8 shows the result of FP rate in overall inspection against width object. All methods have FP rate as 

low as 0.1. Since FIS activation is based on anomaly point found, FP detection is one of the factor. However, 

since the occurrence of FP detection is very rare, FIS can be deactivated in next measurement, hence leaving the 

previous FP detection grouped in a single cluster. Thus, the detection can still be eliminated by the Singleton 

Cluster Filter. This causes the FP rate is maintains at a low rate. 

 Since FIS is implemented on a fixed resolution monitoring, the first detection of a novelty (i.e. TP 

detection) by ROS is important for FIS activation. Next experiment investigates the situation of first detection of 

ROS to the performance of FIS. The results of the experiment are as follow. 

 

Experiment 2: 

Fig. 9 presents the total of TP detection that was discovered by ROS and FIS methods for different object 

widths with different initial distance travel, r0. From this figure, it can be concluded that the feasibility of FIS 

implementation can be categorized into two situations. The situations are as follows: 

i. FIS is activated and novelty presence is detected. Divided into two conditions: 

a. Number of TP detection has increased. 

b. Number TP detection does not change. 

ii. FIS is activated but no novelty presence is detected. 

 

 
(a) r0 = 100mm 

 
(b) r0 = 200mm 

 
(c) r0 = 300mm 

 

Fig. 9: Graph number of TP detection versus width object for all initial distance interval cases. 
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 The first situation is where FIS was activated and the novelty presence was detected. In this situation, TP 

detection can be increase when compared to ROS. TP detection can be increase when using FIS (i.e. both FS 

and FL) if the novelty was detected at the beginning of the novel object and the object width was large enough. 

Thus, more evidence of novelty presence was obtained. This situation can be seen at object width of 400mm, 

600mm and 800mm when r0 = 100mm and 800mm when r0 = 200mm.  

 Fig. 10 shows the inspection result for width object = 800mm when using FS and FL. In this figure, the 

increase of TP detection for FS was larger since the frequency of measurement change is instantaneous. 

 

  
(a) FS (r0 = 100mm) (b) FL (r0 = 100mm) 

  
(c) FS (r0 = 200mm) (d) FL (r0 = 200mm) 

 

Fig. 10: Result of FS and FL inspection for width object = 800mm which illustrate the first situation of FIS 

activation. The first detection of the novel object was occurred at the left most anomaly point found. 

 

 

  
(a) ROS (r0 = 100mm, width = 200mm) (b) FL (r0 = 100mm, width = 200mm) 
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(c) ROS (r0 = 300mm, width = 400mm) (d) FL (r0 = 300mm, width = 400mm) 

 

Fig. 11: Example results of inspection between ROS and FL that give an equal number of TP detection. 

 

  
(a) FS (r0 = 200mm, width = 200mm) (b) FL (r0 = 200mm, width = 200mm) 

  
(c) FS (r0 = 300mm, width = 400mm) (d) FL (r0 = 300mm, width = 400mm) 

 

Fig. 12: Example result of inspection between FS and FL that produced the same result of TP detection. 

 

 However, in some cases, although the presence of novelty was detected, there was no different on TP 

detection between ROS and FIS.  

 Fig. 11 shows the result of inspection that describes this situation where ROS and FL gave the same result 

of TP detection. This happened because the changes of measurement frequency of FL was activated only for a 

while. Thus, there are no significant difference of measurement frequency between ROS and FL. This situation 

can also occurred between FS and FL if the novel object width is approximately equal than r0 as depicted in Fig. 

12. Referring back to Fig. 9, at r0 = 300mm, it can be seen that ROS, FS and FL gave the same result of TP 

detection on inspecting novel object with 400mm width. The situation is shown in Fig. 11(c), Fig. 12(c) and Fig. 

12(d). 

 Fig. 13 shows the result of inspection for r0 = 300mm with novel object 200mm width between ROS and 

FS. In this situation, the anomaly point detected by ROS was rejected by the Singleton Cluster Filter. However, 

by implementing FIS, this problem can be overcome. The situation shows the significance of implementing FIS 

where FIS can revive the chance to detect the novel objects. 
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(a) ROS  (b) FS  

 

Fig. 13: Result of inspection at r0 = 300 with width object is 200mm. 

 

 In second situation, FIS was activated but no novelty detected. In this situation, the first detection of novelty 

was too late, or occurred at the end of the novel object, or the novel object is too small. Even FIS was activated, 

the robot had passed the novel object. The situation can be seen at r0 = 300mm when the robot was inspecting 

objects with width 200mm using FL as shown in Fig. 14.  

  

 
 

Fig. 14: The unfiltered result of FL in inspecting object with 200mm width at r0 = 300mm. The single anomaly 

point was then rejected as the robot was passed the novel object even FS was activated, thus no novelty 

was detected. 

 
 

Fig. 15: TP percentage increment when compared with ROS for FS and FL in different initial distance travel, r0. 

 

 Since FIS was implemented based on fixed resolution monitoring, it could potentially miss an interested 

point if the novelty exist between ROS sampling steps. This makes FIS not activate and unable to perform 

inspection. Thus, it can be concluded that FIS only works as a complimentary detection to support the evidence 
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of a novelty presence. If the robot fails to notice the novelty at the first place, FIS implementation will not give 

any improvement on TP detection. 

 

Field Test: 

Fig. 15 shows the percentage increment of TP detection using FS and FL when compared to ROS. The 

result shows that FIS doubled the total number of TP detection. The high percentage of increment is because the 

novel object was detected earlier by ROS so that FIS was activated in time to increase the frequency of 

measurement.  

Fig. 16 shows the error result of positioning estimation by all inspection methods in different initial 

distance travel, r0. It shows that FIS achieved to reduce the error of positioning estimation. As discussed 

previous experiment, the accuracy of positioning estimation depends on the accuracy of each anomaly points 

detected. For inspection using ROS, no novelty was detected when r0 was set to 300mm. In fact, once ROS 

detect the novel object, the detection was rejected by Singleton Cluster Filter because no more measurement 

detected after that, hence no novelty found. The situation occurred was related to the second situation of FIS 

activation as discussed on the previous experiment. 

 
 

Fig. 16: Result of position error for all methods in different initial distance travel, r0. 

 

 Implementing FIS did not show significant changes on FP rate. Both FS and FL methods maintain FP rate 

as lower as 0.1. Fig. 17 shows the result of FP rate in all three methods. The result is almost the same as in 

laboratory environment.  

 
Fig. 17: FP rate for all method in different initial distance travel, r0. 
 
 Fig. 18 shows the overall inspection result for ROS, FS and FL. The robot was allowed to inspect a novel 

object using ROS and FIS for different initial distance travel, r0. As can be seen, within this object size (260mm 

width x 540mm length), there are no problems for all methods to detect the object at r0 = 100mm and 200mm. 
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However, when r0 = 300mm, detection with ROS was rejected as only single detection. By implementing FIS, 

the novel object can be detected. 

 
  

 

    (a) ROS (r0 = 100)           (b) FS (r0 = 100)        (c) FL (r0 = 100) 

   
    

       (d) ROS (r0 = 200) 

        

         (e) FS (r0 = 200) 

      

           (f) FL (r0 = 200) 

 

   
    (g) ROS (r0 = 300)        (h) FS (r0 = 300)         (i) FL (r0 =300) 

 

 

Fig. 18: Overall result of inspection for all methods at corridor in 3
rd

 floor of block C of Faculty Electrical 

Engineering building. 

 
Conclusion: 

 FIS can be activated either by FP or TP detection. In case if FIS is activated by FP detection, the activation 

might not be longer because the occurrence of FP is occasional, or even deactivated on the next measurement, 
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hence maintaining low FP rate. For activation by TP detection, there are two situations involved. The first 

situation is when FIS is activated and novelty is detected. In this situation, FIS is activated earlier and the chance 

of the object being detected by the robot is high. However, for second situation, if the first detection of the 

novelty occurs at the end of the object, FIS activation does not give any advantage to the inspection. Thus, it can 

be concluded that FIS only works as a complimentary detection to support the evidence of novelty presence. If 

the robot fails to notice the novelty earlier, FIS will not give any advantages to the inspection. However, the 

results shows that by changing the frequency of measurement using FIS, the number of true positive detection 

increases up to 80% when compared to a fixed resolution inspection. FIS also reduced the error of position 

estimation by about 8.8% and 10.9% each for FS and FL and maintained the false positive rate lower than 0.1. 
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