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Abstract13

For human-centered mobile navigation systems, a computational landmark selection model14

is critical to automatically include landmarks for communicating routes with users. Although15

some empirical studies have shown that landmarks selected by familiar and unfamiliar wayfinders,16

respectively, differ significantly, existing computational models are solely focused on unfamiliar users17

and ignore selecting landmarks for familiar users, particularly in indoor environments. Meanwhile, it18

is unclear how the importance of salience metrics employed by machine learning approaches differs19

from that reported by human participants during landmark selection. In this study, we propose a20

LambdaMART-based ranking approach to computationally modelling indoor landmark selection.21

Two models, one for familiar and one for unfamiliar users, respectively, were trained from the human-22

labelled indoor landmark selection data. The importance of different salience measures in each23

model was then ranked and compared with human participants’ self-report results of a survey. The24

evaluation results demonstrate that familiarity does indeed matter in the computational modelling25

of indoor landmark selection. The ranking differences of salience measures in the trained models26

show that the salience varies with the familiarity of wayfinders. Moreover, the calculated intraclass27

correlation coefficients (0.62 for familiar, 0.65 for unfamiliar) illustrate the median consistency28

between the computational results on feature importance and the self-reported importance results29

by human participants, confirming the reliability and interpretability of the proposed approach.30
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1 Introduction38

Landmark-based navigation guidance has been widely recognised as an effective way to39

communicate route information in both outdoor and indoor environments [3, 4]. A lot of40
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studies have developed approaches to enable mobile navigation systems to identify suitable41

landmarks for route instructions automatically. Most of them are based on the formal42

salience model of landmarks proposed by [10], in which the landmark salience is composed of43

three dimensions: visual, structural, and semantic. Recently, the personal dimension that44

refers to individual characteristics (e.g., interaction frequency with landmarks) has also been45

introduced to model the salience of suitable landmarks [8].46

In a route communication context where one person (i.e., the route-giver) attempts to47

provide route guidance to another (i.e., the route-receiver), she tends to adapt her landmark48

selection to the route-receiver’s individual characteristics to maximise the suitability of the49

offered landmarks [13]. In particular, the familiarity of wayfinders is a critical individual50

characteristic to landmark selection. As prior empirical studies found [11], the landmarks51

selected for familiar and unfamiliar wayfinders are very different, and the semantic salience52

is highly important in the landmark selection of familiar wayfinders [9].53

The research on computational landmark selection mainly focuses on outdoor environ-54

ments. Computational landmark selection methods for indoor environments remain in the55

early stage [7, 2, 6]. Most of them are focused on selecting landmarks for guiding unfamiliar56

users. However, in the real-lifey route communication context, referring to landmarks for57

guiding people who are partially familiar with environments is common and also critical [14].58

It is unknown how the familiarity of users impacts the computational modelling of indoor59

landmark selection. While some machine learning approaches [5, 6] carry the potential to60

computationally model landmark selection in both outdoor and indoor environments, little is61

known about how the importance of salience metrics employed by such machine learning62

approaches agrees with that reported by human participants during landmark selection.63

To address the above-mentioned research gaps, we conducted an experiment to collect64

indoor landmark selection data for route-receivers who are familiar and unfamiliar with the65

environment, respectively, and trained LambdaMART-based [1] indoor landmark selection66

models for users of different familiarity based on the collected data. A familiar-trained-67

model and an unfamiliar-trained-model were acquired. The dominance of visual, structural,68

and semantic salience measures was compared based on the gain importance of salience69

measures in the familiar-trained and unfamiliar-trained computational models. Furthermore,70

we analysed the dominance consistency of these salience measures between computational71

results and human participants’ self-report results of a survey. It should be noted that this72

short paper is in parts overlaps with our recently accepted paper [15], to which however it73

further adds the following contributions:74

1. A LambdaMART-based ranking approach is introduced to enable the computational75

indoor landmark selection to be adaptive to the familiarity of users with environments.76

2. The computational results and the human survey results jointly confirm that the import-77

ance of salience measures varies with the familiarity of wayfinders.78

3. The importance of salience measures from computational results is aligned with human79

participants’ self-reports and quantitatively compared through the intraclass correlation80

coefficient. The results illustrate the reliability and interpretability of the introduced81

LambdaMART-based ranking approach in indoor landmark selection.82

2 Methods83

2.1 Data Collection84

A 4-floor, multi-functional university building at the University of Zurich was selected as our85

study area. 48 participants (24 staff and 24 MSc students) who had worked or studied in the86
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study area at least 18 months were recruited to select indoor landmarks for guiding routes to87

familiar and unfamiliar wayfinders, respectively. The data collection was mainly composed88

of pairwise indoor landmark comparison for imaginary familiar wayfinders and unfamiliar89

wayfinders. After 15 trails of pairwise comparison, the participants were given a multiple90

choice survey to indicate the important indoor environmental factors that influenced their91

previous indoor landmarks selections.92

2.2 Indoor landmark salience measures93

As listed in Table 1, a set of fine-grained quantitative measures are introduced to characterise94

the visual, structural, and semantic salience of each indoor landmark candidate. For more95

details about the calculation of indoor landmark salience measures, please refer to [15].96

Table 1 Measures of indoor landmark salience.

Salience
dimensions Measures Symbols Descriptions

Visual Colour vis_col Hue contrast of indoor landmarks.
Intensity vis_its Brightness of indoor landmarks.
Shape size vis_siz Facade area of indoor landmarks.

Structural Choice str_cho Betweenness centrality in an indoor network.
Integration str_itg Closenss centrality in an indoor network.
Visibility str_vbl Visible area within the horizons.
Proximity to corridor
intersection str_ci The distance to the nearest corridor intersection.

Proximity to floor exits str_fe The distance to the nearest floor exits.
Proximity to building
entrance str_be The distance to the nearest building entrance.

Semantic Functional uniqueness sem_fun The reciprocal of landmark numbers with the
same function.

Name prominence sem_nam The number of items retrieved with the key
word of their name in a search engine.

Semantic relevance sem_rel
The relevance of of wayfinders’ social roles
(e.g., student, staff) with functional categories
in a search engine.

2.3 LambdaMART-based Indoor Landmark Selection Model97

As the nature of landmarks lies in comparison with their surroundings with regard to visual,98

structural, and semantic characteristics [12, 5], we introduced a machine-learned ranking99

model to computationally model the indoor landmark selection process. Specifically, the state-100

of-the-art ranking approach, LambdaMART, was used to train indoor landmark selection101

models for familiar and unfamiliar users, respectively, resulting in one familiar model and102

one unfamiliar model. The model is formulated as follows:103

f̂(x) = f̂M (x) =
M∑

m=1
fm(x) (1)104

where x refers to a set of visual, structural, and semantic salience measures of indoor105

landmarks. f̂(x) is our landmark suitability score of the trained model f̂M (x) that is106
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composed of M regression trees, and each regression tree is represented as fm(x). The107

model uses a Lambda gradient function as shown in Equation 2 to optimize parameters108

that minimize the loss of the model in training [1]. Specifically, i is an indoor landmark109

candidate, and the tuple (i, j) is a partial order representing that i is ranked higher than110

another landmark candidate j, while (j, i) is in reverse order.111

λi =
∑

(i,j)∈P

λij −
∑

(j,i)∈P

λij (2)112

3 Results and Discussion113

3.1 Evaluation of models114

We collected 199 pairs of indoor landmark comparisons for familiar and unfamiliar route-115

receivers, respectively. We adopted the leave-one-place-out strategy to validate the LambdaMA-116

RT-based indoor landmark selection models. Consequently, a familiar model and an unfamiliar117

model were trained, and then both of them were evaluated with the familiar test set and the118

unfamiliar test set. The hit rate (HR), which refers to the proportion of correctly predicted119

top-1 items to the total number of predictions [5], was employed to evaluate the performance120

of trained models. As shown in Table 2, the familiar-trained-model performs better in the121

familiar test set (HR: 0.74) than in the unfamiliar test set (HR: 0.63). On the contrary, the122

HR of the unfamiliar-trained-model is higher in the unfamiliar test set (HR: 0.79) than that123

in the familiar test set (HR: 0.66). Such difference indicates that the familiarity of wayfinders124

does indeed impact the computational modelling of indoor landmark selection.125

Table 2 Hit rates of the familiar-trained-model and the unfamiliar-trained model tested with the
familiar and unfamiliar datasets.

Test set Familiar-trained model Unfamiliar-trained model

Familiar 0.74 0.66
Unfamiliar 0.63 0.79

3.2 Dominant salience measures from the computational models126

In the familiar-trained-model and the unfamiliar-trained-model, the gain of the introduced127

12 salience measures was calculated. Figure 1 presents the importance ranking of salience128

measures in the familiar-trained-model and the unfamiliar-trained-model in descending order.129

As shown in Figure 1a, the semantic relevance sem_rel, which indicates the relatedness of130

an indoor landmark to users’ roles (e.g., staff, students) in buildings, outperforms the other131

salience measures. It is followed immediately by the other two important salience measures:132

visibility (str_vbl), and intensity (vis_its). By contrast, vis_its contributes the highest gain133

to the unfamiliar-trained-model, becoming the most dominant salience measure in selecting134

indoor landmark for unfamiliar users. The second and third important salience measures135

are str_vbl and colour of indoor landmark (vis_col). The difference of dominant salience136

measures with users’ familiarity indicates that mobile indoor navigation systems should give137

the priority to the semantic relevance of landmarks when selecting landmarks for familiar138

users, while the visual intensity of landmarks are preferred for unfamiliar users.139
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Figure 1 Average gain of salience measures in the familiar-trained-model and the unfamiliar-
trained-model for indoor landmark selection.

3.3 Comparison with self-report survey results140

We mapped the indoor environmental factors that were reported by human participants141

to have influenced their pairwise comparisons in the survey to the quantitative salience142

measures (see Table 1) employed in the computational models. Figure 2 shows how the143

important salience measures employed by the computational models and those self-reported144

by human participants in the survey differ. Specifically, the survey results were based on the145

frequency of indoor landmark salience measures voted by participants. The computational146

results were based on the gain of salience measures in Section 3.2. The data of each group147

were normalised by min-max feature scaling for fair comparison. Moreover, we calculated the148

intraclass correlation coefficients (ICC) between them to quantify the consistency between149

the computational results on feature importance and the self-reported importance results150

by human participants. As a result, the ICC in the familiar scenario is 0.62 (p < 0.05),151

and that in the unfamiliar scenario is 0.65 (p < 0.01). These results demonstrate that the152

introduced LambadMART-based computational models have a significant median consistency153

with humans’ reported thoughts in indoor landmark selection.154
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Figure 2 Comparison of salience measures between the survey and computational results.
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4 Conclusion155

In this article, we proposed a LambdaMART-based ranking approach to computationally156

modelling the indoor landmark selection for familiar and unfamiliar wayfinders. Through157

the computational results based on human labelled data, the dominant salience measures158

in indoor landmark selection for wayfinders of different familiarity with the environment159

were quantified, showing that the semantic relevance predominates over visual and structural160

dimensions in indoor landmark selection for familiar route-receivers, while the visual intensity161

is most important for unfamiliar route-receivers. Furthermore, the results show that the162

feature importance employed by the computational results and the self-reported importance163

results by human participants are consistent, which confirms the reliability and interpretability164

of the proposed LambdaMART-based indoor landmark selection models.165

References166

1 Christopher JC Burges. From ranknet to lambdarank to lambdamart: An overview. Learning,167

11(23-581):81, 2010.168

2 Rohit K Dubey, Samuel S Sohn, Tyler Thrash, Christoph Hoelscher, and Mubbasir Kapadia.169

Identifying indoor navigation landmarks using a hierarchical multi-criteria decision framework.170

In Motion, Interaction and Games, pages 1–11. 2019.171

3 Matt Duckham, Stephan Winter, and Michelle Robinson. Including landmarks in routing172

instructions. Journal of Location Based Services, 4(1):28–52, 2010.173

4 Irene Fellner, Haosheng Huang, and Georg Gartner. “Turn Left after the WC, and Use the174

Lift to Go to the 2nd Floor”—Generation of landmark-based route instructions for indoor175

navigation. ISPRS International Journal of Geo-Information, 6(6):183, 2017.176

5 Jana Götze and Johan Boye. Learning landmark salience models from users’ route instructions.177

Journal of Location Based Services, 10(1):47–63, 2016.178

6 Xuke Hu, Lei Ding, Jianga Shang, Hongchao Fan, Tessio Novack, Alexey Noskov, and Alexander179

Zipf. Data-driven approach to learning salience models of indoor landmarks by using genetic180

programming. International Journal of Digital Earth, 13(11):1230–1257, 2020.181

7 Hao Lyu, Zhonghai Yu, and Liqiu Meng. A computational method for indoor landmark182

extraction. In Progress in Location-Based Services 2014, pages 45–59. Springer, 2015.183

8 Eva Nuhn and Sabine Timpf. A multidimensional model for selecting personalised landmarks.184

Journal of Location Based Services, 11(3-4):153–180, 2017.185

9 Teriitutea Quesnot and Stéphane Roche. Quantifying the significance of semantic landmarks186

in familiar and unfamiliar environments. In International Conference on Spatial Information187

Theory, pages 468–489. Springer, 2015.188

10 Martin Raubal and Stephan Winter. Enriching wayfinding instructions with local landmarks.189

In International Conference on Geographic Information Science, pages 243–259. Springer,190

2002.191

11 Morgane Roger, Nathalie Bonnardel, and Ludovic Le Bigot. Landmarks’ use in speech map192

navigation tasks. Journal of Environmental Psychology, 31(2):192–199, 2011.193

12 Molly E Sorrows and Stephen C Hirtle. The nature of landmarks for real and electronic spaces.194

In International Conference on Spatial Information Theory, pages 37–50. Springer, 1999.195

13 Stephan Winter, Martin Raubal, and Clemens Nothegger. Focalizing measures of salience for196

wayfinding. In Map-based Mobile Services, pages 125–139. Springer, 2005.197

14 Stephan Winter, Martin Tomko, Maria Vasardani, Kai-Florian Richter, Kourosh Khoshelham,198

and Mohsen Kalantari. Infrastructure-independent indoor localization and navigation. ACM199

Computing Surveys (CSUR), 52(3):61, 2019.200

15 Zhiyong Zhou, Robert Weibel, and Haosheng Huang. Familiarity-dependent computational201

modelling of indoor landmark selection for route communication: a ranking approach. Inter-202

national Journal of Geographical Information Science, Accepted.203

6            Varying salience in indoor landmark selection for familiar and unfamiliar wayfinders


	Introduction
	Methods
	Data Collection
	Indoor landmark salience measures
	LambdaMART-based Indoor Landmark Selection Model

	Results and Discussion
	Evaluation of models
	Dominant salience measures from the computational models
	Comparison with self-report survey results

	Conclusion



