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 (1)                                                                         (2) 

 

(3) 

Figure 5.7: The three hybrid exploration 3D models of the Moderate-texture 

environment. 

  

The PTPDs are shown in Figure 5.8, confirming better mapping quality in the three 

trials of the moderate-texture environment. In addition, the 20 cm error points (red 

points) are shown in fewer regions of the exploration’s point clouds. 
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                (1)                                     (2)                                         (3) 

Figure 5.8: The three  PTPDs (m) between the hybrid exploration models and the 

moderate-texture environment ground truth model. 

  

Table 5.2 introduces the RMSE of PTPDs, STD of PTPDs, number of the detected 

loop closures (LC), exploration path length (L), and exploration time (T) of the three 

exploration trials in the moderate-texture environment. The RMSE of  PTPDs in the 

trials is less than 6.96 cm. The loop closures detected in all trials reached  31 loops in 

the third trial, higher than using the FBE system.  
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Table 5.2: Moderate-texture results of hybrid exploration. PTPD RMSE (cm), PTPD 

STD (cm), number of loop closures (LC), exploration path length (L) (m), and 

exploration time (T) (s). 

Trial RMSE (cm) STD (cm) #LC L (m) T (s) 

1 6.96 5.60 27 37.33 220.3 

2 6.30 4.98 2 34.85 214.3 

3 6.86 5.36 31 42.90 243.2 

Average 6.71 5.31 20 38.36 225.9 

 

5.2.3 Rich-Texture Experiment 

The third investigated scene is the rich-texture environment, as shown in Figure 3.16. 

The rich-texture environment’s dimensions are ten m-long and six m-wide. As shown 

in Figure 3.16, this rich-texture environment has several objects distributed in most 

regions of this environment, increasing the detectable features to assist the SLAM 

system in mapping and localization. The ground truth of this low-texture environment 

(shown in Figure 3.17) was collected using a high-accuracy 3D laser scanner (Leica 

RTC360) (Geosystems). The PTPDs were calculated between each experimental 
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trial's registered output point cloud and the ground truth point cloud to assess the 

mapping quality. 

Three exploration trials were implemented to check the performance of hybrid 

exploration in a rich-texture environment. Figure 5.9 shows the robot exploration 

paths of the three trials starting with pure rotation but with different paths in the three 

trials. That difference again results from the high complexity of this rich-texture 

environment. Consequently, Each trial detected different frontiers due to the different 

starting poses of the robot and different detected features in each trial. 
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Figure 5.9: The three hybrid exploration paths of the rich-texture environment, the 

bold red clusters are the ignored inaccessible frontiers, and the green balls represent 

the centroids of the frontiers. 
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The generated 3D models are shown in Figure 5.10. The features in this environment 

are higher than in the previous two investigated environments. Therefore, the mapping 

duplication is low due to the robust alignment and the drift mitigation using the 

detected loop closures. 

   

                   (1)                                     (2)                                         (3)  

Figure 5.10: The three hybrid exploration 3D models of the rich-texture environment. 

 

The PTPDs are shown in Figure 5.11; most high error points are outside the room due 

to some existing glass and outliers. These exploration’s point clouds reflect a better 

mapping quality than the previous two environments, especially in the second trial. 
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                    (1)                                      (2)                                         (3) 

 

Figure 5.11: The three  PTPDs (m) between the hybrid exploration models and the 

rich-texture environment ground truth model. 

 

Table 5.3 introduces the RMSE of PTPDs, STD of PTPDs, number of the detected 

loop closures (LC), exploration path length (L), and exploration time (T) of the three 

exploration trials in the rich-texture environment.  The RMSE of  PTPDs in the second 

trial was only 5.30 cm. This high mapping accuracy was obtained due to rich-texture 

objects and the applied exploration strategy first exploring the rich-feature regions 

and the most evenly distributed features.     
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Table 5.3: Rich-texture results of hybrid exploration. PTPD RMSE (cm), PTPD STD 

(cm), number of loop closures (LC), exploration path length (L) (m), and 

exploration time (T) (s). 

Trial RMSE (cm) STD (cm) #LC L (m) T (s) 

1 5.44 4.10 4 13.84 90.8 

2 5.30 4.02 15 29.69 192.5 

3 5.42 4.15 11 27.33 175.3 

Average 5.39 4.09 10 23.62 152.9 

 

5.3 Summary 

This chapter introduces the hybrid exploration system in the first section, which first 

depends on detecting the frontiers and exploring the best mapping regions at the 

beginning of exploration. These best mapping regions depend on the number of 

features, uniformity distribution level, and the distance between the robot and each 

frontier's centroid. That strategy assists the SLAM system in mapping, localization, 

and loop closure detection by offering the robot the best regions for better alignment 

and postponing the other regions to the end of exploration. Furthermore, this novel 



 

103 

 

mapping exploration strategy gives the less mapping-quality regions another chance 

to be seen from another point of view, increasing the detected features while exploring 

the better mapping-quality regions. Finally, choosing the nearest frontier decreases 

the exploration time compared to the mapping-only exploration system.              

The second section of this chapter introduces the investigation of the hybrid 

exploration system. Again, this investigation was implemented according to three 

different environments concerning the texture level; low-texture, moderate-texture, 

and rich-texture environments. The results introduced that the proposed exploration 

strategy increased the mapping quality compared to the FBE system, especially in the 

low-texture environment, while also decreasing the exploration time. On the other 

hand, mapping quality in moderate-texture and rich-texture environments was 

enhanced compared to the FBE system, but not as much as in the low-texture-

environment. 
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Chapter 6 : Conclusions and Future Works 

6.1 Conclusions  

Two innovative autonomous exploration methods were proposed to assist the feature-

based RGB-D SLAM system as a cheap, low-power consumption, lightweight, and 

ability of dense mapping system in real-time. Therefore, higher mapping quality can 

be obtained using the same SLAM system but different exploration strategies. The 

main objective is to enhance the mapping quality of the produced map using a feature-

based RGB-D SLAM implementing the proposed autonomous exploration methods 

in unknown real-world environments. Three main points conclude our research as 

follows:   

a) A GVD path planner was modified and implemented to keep the robot on a 

static road map while maximizing the clearance between the robot and all 

obstacles to enhance the likelihood of successful loop closure detection. 

b) Novel autonomous exploration strategies were proposed to improve mapping 

quality using a feature-based RGB-D SLAM system. These exploration 

strategies considered the mapping quality factors such as the number of 

features and uniformity distribution levels. 
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c) Three real-world indoor environments were investigated to evaluate the 

proposed autonomous exploration systems. These environments were chosen 

according to the level of features. The distance-only frontier-based exploration 

system Yamauchi (1998) was considered the baseline for assessing the 

proposed exploration systems.  Therefore, the baseline frontier-based strategy 

(D-strategy), the proposed RGB-D mapping quality strategy (M-strategy), and 

the hybrid exploration strategy (M+D-strategy) were evaluated. The results 

can be summarized as follows: 

1. The mapping and exploration time enhancements in the low-texture 

environment are shown in Table 6.1. The proposed novel exploration 

strategies significantly enhanced mapping quality and exploration time. 

These results show that when using feature-based SLAM, it is beneficial 

to consider the quantity and distribution of features when selecting the next 

new goal. The enhancement percentages in PTPDs RMSE are more than 

40 % for both proposed strategies (M and M+D strategies). Furthermore,  

total path length and exploration time are enhanced by more than 28 % and 

33%, respectively, for the M-strategy and more than 21 % and 23% for the 

hybrid M+D strategy.      
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Table 6.1: Enhancements of the low-texture environment. Point-to-point distances 

(PTPDs) RMSE (cm), PTPDs STD (cm), number of loop closures (LC), exploration 

path length (L) (m), and exploration time (T) (s). 

Strategy RMSE (cm) STD (cm) #LC L (m) T (s) 

D-strategy 9.08 6.80 3.7 45.37 268.8 

M-strategy 5.27 4.05 4.3 32.59 177.7 

Enhancement 41.9% 40.5% +0.6 loops 28.2% 33.9% 

M+D-strategy 5.03 3.97 10.7 35.65 204.9 

Enhancement 44.6% 41.7% +7 loops 21.4% 23.8% 

 

2. Table 6.2 shows the results of the moderate-texture environment. The 

enhancement percentage in PTPDs RMSE is more than 15 % for the 

proposed M-strategy, while for the hybrid strategy (M+D-strategy) is more 

than 13%. On the other hand, total path length and exploration time are 

increased by 29 % and 22%, respectively, for the M-strategy and are 

increased by 11 % and 6%, respectively, for the hybrid M+D strategy. The 

exploration time in this particular environment setup can be optimal only 
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without turns, as in D-strategy experiments. Therefore, the turns 

implemented by the proposed strategies (M and M+D strategies) (shown 

in Figures 4.5 and 5.5) to increase the mapping quality caused the increase 

in path length and exploration time in this particular environment (-29% 

and -22% respectively for M-strategy and -11% and -6% respectively for 

M+D-strategy). 

Table 6.2: Enhancements of the Moderate-texture environment. Point-to-point 

distances (PTPDs) RMSE (cm), PTPDs STD (cm), number of loop closures (LC), 

exploration path length (L) (m), and exploration time (T) (s). 

Strategy RMSE (cm) STD (cm) #LC L (m) T (s) 

D 7.75 5.90 0.7 34.37 212.0 

M 6.55 5.20 36 44.36 260.0 

Enhancement 15.6% 12% +35 loops −29% −22% 

M+D 6.71 5.31 20 38.36 225.9 

Enhancement 13.5% 10.0% + 19 loops −11% −6% 
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3. Table 6.3 shows the results of the texture-rich environment. The 

enhancement percentage in PTPDs RMSE is more than 2 % for the 

proposed M-strategy, while for the hybrid strategy (M+D-strategy) is more 

than 9%. In addition, total path length and exploration time are decreased 

by more than 26% for the M-strategy and more than 34 % for the hybrid 

M+D strategy. In this rich-texture environment, the RGB-D SLAM 

mapping quality is always high due to the sufficient features in all regions 

used for alignment, regardless of the exploration method. Therefore, the 

mapping enhancements in this environment were insignificant compared 

to the low-texture environment.     
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Table 6.3: Enhancements of the rich-texture environment. Point-to-point distances 

(PTPDs) RMSE (cm), PTPDs STD (cm), number of loop closures (LC), exploration 

path length (L) (m), and exploration time (T) (s). 

Strategy_trial RMSE (cm) STD (cm) #LC L (m) T (s) 

D 5.97 4.42 8 35.78 232.6 

M 5.84 4.36 13.3 26.21 172.2 

Enhancement 2.1% 1.3% +5 loops 26.7% 26.0% 

M+D 5.39 4.09 10 23.62 152.9 

Enhancement 9.7% 7.4% +2 loops 34.0% 34.3% 

The results show that our proposed exploration methods significantly improved the 

mapping quality while reducing the total exploration time and path length in the 

challenging low-texture environment. Conversely, our proposed exploration method 

enhanced the mapping quality in the moderate-texture environment by slightly 

increasing the total path length and exploration time. Finally, the RGB-D SLAM 

mapping quality in the rich-texture environment is always high due to the sufficient 

features in all regions used for alignment, regardless of the exploration method. 

Therefore, the mapping enhancements in this environment were insignificant 
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compared to the low-texture environment, but the decrease in total path length and 

exploration time is significant.  

Therefore, from the mapping quality point of view, utilizing the M-strategy 

exploration is the optimum solution in low-texture environments, while in moderate-

texture environments, using both M-strategy and M+D-strategy will increase the 

mapping quality. On the other hand, in rich-texture environments, any exploration 

strategy will build an accurate map as there are sufficient features everywhere.  

6.2 Future Works 

Other SLAM systems ( such as stereo SLAM and monocular SLAM) should be 

considered in future works by designing novel exploration strategies to increase their 

efficiency in the autonomous exploration of unknown environments.  

In addition, an online estimation for mapping accuracy can be proposed to guarantee 

the mapping accuracy level in real time so that the robot will finish the exploration 

only by satisfying the required mapping accuracy.  

Furthermore, Cooperation between a team of ground robots can be proposed to 

decrease the total exploration time of large environments. Finally, For some scenarios 

(such as rescuing scenarios), Unmanned Air Vehicles (UAVs) may be helpful by 

cooperating with the ground robots to increase the accessibility of the robots’ team. 
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Additionally, hybrid indoor and outdoor autonomous mobile robots should be 

considered for future works; these AMRs should be mounted by GNSS receivers for 

accurate positioning outdoors combined with visual SLAM sensors for indoor 

localization and mapping.  

Finally, the indoor positioning system can be fused to increase the reliability of the 

exploration system in such large indoor environments so that the robot can obtain its 

location from various localization systems in case of failing any of them.    
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