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walking and generally for supporting human physical activity. Various indicators and
metrics exist to assess walking conditions. One of them is the walking index (WAI),
representing indicators based on the environment. Walkability receives growing
interest for vulnerable group of people, namely higher age elderly. Due to erosion of
physical and financial capabilities, walking is considered as a safe and saving form of
physical exercise to maintain health status, a platform for positive direct and indirect
effects —improvement of quality of life (QoL), health status, well-being; decreasing of
traffic and related pollution; direct economic effect (quotations). Our motivation was
to improve classic cluster analysis of urban walking conditions for the elderly to obtain
more specific and robust classification, assess the potential of advanced machine-
learning based clustering methods to discover more specific classes of urban
conditions to better address improvement of urban conditions using specific urban
planning measures. And because classic K-means does not provide satisfactory results,

Keywords: we focused also on HDBScan, Soft Clustering and N2D method. Finally, the results
Cluster analysis, walkability, elderly, proved the N2D method is the efficient method of clustering and provides improved
deep learning, k-means, HDBscan, N2D results for urban walkability characteristics.

1. Introduction

Today'’s cities focus on their inhabitants and aim to improve the urban environment through a
complex set of activities. “Pedestrian first” is a key term for many city representatives. Such
improvements positively affect most seniors whether or not they themselves feel physically
handicapped. Due to the gradual decline of physical capabilities and frequent temporal
restrictions due to episodic health issues in seniors, any decrease in mobility barriers is welcome [1].
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Various indicators and walking conditions. One of them is the walking index (WAI), representing
indicators based on the environment.

Cluster analysis [2-4] is a group of frequent multivariate statistical methods, different approaches,
issues. Cluster analysis or clustering is also the task of grouping a set of objects (clusters) which are
more like each other than to those in other groups (clusters). Classic k-means [5] as one of the
possible solutions in our case does not provide satisfactory results, thus we tested several other
cluster methods.

Motivation was to improve classic cluster analysis of urban walking conditions for elderly to
obtain more specific and robust classification, assess the potential (capacity, performance) of
advanced machine-learning based clustering methods to discover more specific classes of urban
conditions to better address improvement of urban conditions using specific urban planning
measures [6-8].

2. Cluster Analysis

Clustering can be formulated as a multi-objective optimization problem [9—-12]. The appropriate
clustering algorithm and parameter settings depend on the individual data set and intended use of
the results. For our case we taken into consideration the following used methods:

K-means — k-means clustering is a method of vector quantization, originally from signal
processing, that aims to partition n observations into k clusters in which each observation belongs to
the cluster with the nearest mean (cluster centres or cluster centroid), serving as a prototype of the
cluster [5].

HDBscan —is a hierarchical version of DBSCAN which is also faster than OPTICS, from which a flat
partition consisting of the most prominent clusters can be extracted from the hierarchy [13].

Soft clustering — means that each object belongs to each cluster to a certain degree (for example,
a likelihood of belonging to the cluster) [3]. Results are accompanied with probability of the resulting
classification.

N2D method (N2D) — that effectively replaces the clustering network with a manifold learning
technique on top of the autoencoded representation [14]. Three main steps are as following:

(i) Create anautoencoder (Deep learning part) that will learn lower dimensional representation
of the data, which will hopefully capture the most important information and structures within it.

(ii) Apply a manifold learning method (such as UMAP or TSNE) to further reduce the dimensions
of the data and create finer representations that will improve the performance of the clustering
algorithm.

(iii) Cluster the data (K-means, HDBSCAN, etc.)

For evaluation of cluster analysis results various methods and metrics are applied.

HDBSCAN monitors the DBCV score (Density Based Cluster Validity) indicator. The closer the score
value is to 1, the more plausible the clusters.
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3. Walkability (Characteristics)

Current cities aim to improve living conditions for their inhabitants and visitors. One of the
important trends is to improve walking conditions which have a platform positive direct and indirect
effects — improvement of quality of life (Qol), health status, well-being; decreasing of traffic and
related pollution; direct economic effect (quotations) [15-18].

Walkability receives growing interest for vulnerable group of people, namely higher age elderly.
Due to erosion of physical and financial capabilities walking is considered as a safety and saving form
of physical exercises to maintain health status. Walking for elderly is also important to keep social
contacts. Furthermore, seniors above 85 ages are usually limited to drive and the walking accessibility
become an important factor to keep their personal self-reliance and independency (quotations) [1],
[19].

To measure walking condition different characteristics and indicators are used. Among objective-
based indicators is the Walkability Index (WAI) developed by Frank et al., [1]. WAI evaluates
connectivity, heterogeneity of land use, shopping area, and household density.

WAI aggregates four indicators: the connectivity index (CONN), which measures the density of
intersections of walkable roads, Shannon’s entropy index (ENT), which quantifies the heterogeneity
of land uses within an area, the floor area ratio (FAR) index, which evaluates the intensity of shopping
opportunities as a ratio of floor area and available commercial land use, and the household density
index (HDENS), which is related to residential land use.

(Case study) Walkability is assessed in two middle sized Czech cities:

e Hradec Kralove (population 100,000) is a typical old central European city with an old city
core, and which was developed mainly after the decline of fortification in the 19th century [20].
e Ostrava (population 290,000) consists of an agglomeration of relatively closed communities
(urban blocks) separated by crop fields, forests, and industrial parks because of short but
intensive industrial development and administrative union of originally independent
municipalities.

There are also input data defined as following:

e CROSS, ENT, FAR, HDENS, - see above

e DAMENITY — density of amenities. Amenity - weighted average of 4 main categories of
amenities important for elderly: (a*RETAIL+ b*DHMARKET+ c*DCULTURE +
d*DDOCTOR + e*DPARK) with weights: a = 4/sum, b=2/sum, c=1/sum, d=1/sum, e=1/sum
according to WalkScore weighing system (WalkScore methodology)

e CONPATH — density of pathways + service roads

e BLOCK —average distance between crossings

e SLOPEMEAN —average slope on pathways

Next step in processing we made was Z-score standardization [1]. Spatial distribution can be seen
in the figure (Figure 1).
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Fig. 1. Spatial distribution of input environmental walking characteristics (z-score) in Hradec
Kralove and Ostrava

4. Discussion and Results

The outputs are stored in separate folders according to the type of algorithm. The final data (shp
and excel) areavailablein the Data_results folder, where the relevant identifiers of individual clusters
according to the type of algorithm are listed for each grid cell. The HDBSCAN algorithm also generates
a cluster membership probability (cluster_prob) [13].

There are always 3 outputs:

e Full analysis using autoencoder + manifold learning + clustering algorithm -> best results

¢ Using only manifold learning + clustering algorithm without using deep learning -> decent
results

¢ Using only the clustering algorithm without pre- processing by reducing the dimensionality
of the data -> bad results
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HDBscan results are visible at Figure 2-7.

Clusters via Clustering the raw input data using HDBSCAN

Estimated no. of clusters: 3; Estimated no. of noise points: 1341
Best Parameters {"'min_samples": 45, 'min_cluster_size" 27, 'metric": 'manhattan’, 'cluster_selection_method" ‘eom'}
DBCV score : 0.10

Fig. 2. Clustering HDBscan with original data

Clusters' probabilities via Clustering the raw input data using HDBSCAN
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Estimated no. of clusters: 3; Estimated no. of noise points: 1341
Best Parameters {'min_samples": 45, 'min_cluster_size": 27, 'metric': 'manhattan’, 'cluster_selection_method": ‘eom'}

DBCV score :0.10

Fig. 3. Clustering HDBscan with original data — probabilities
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Clusters via Clustering the Local Manifold of raw input data using HDBSCAN
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Estimated no. of clusters: 11; Estimated no. of noise points: 31
Best Parameters {'min_samples'; 45, 'min_cluster_size": 27, 'metric’. 'manhattan’, 'cluster_selection_method". 'eom'}
DBCV score: 0.23

Fig. 4. Clustering HDBscan on manifold learning

Clusters' probabilities via Clustering the Local Manifold of raw input data using HDBSCAN
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Estimated no. of clusters: 11; Estimated no. of noise points: 31

Best Parameters {'min_samples’: 45, 'min_cluster_size" 27, 'metric": 'manhattan’, 'cluster_selection_method" ‘eom'}
DBCV score: 0.23

Fig. 5. Clustering HDBscan on manifold learning - probabilities
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Clusters via Clustering the Local Manifold of an Autoencoded Embedding using HDBSCAN
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Estimated no. of clusters: 7; Estimated no. of noise points: 0
Best Parameters {'min_samples": 45, 'min_cluster_size": 27, 'metric": 'manhattan’, 'cluster_selection_method': 'eom'}
DBCYV score: 0.31

Fig. 6. Clustering HDBscan on manifold learning + deep learning (full N2D method)

Clusters' probabilities via Clustering the Local Manifold of an Autoencoded Embedding using HDBSCAN
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Estimated no. of clusters: 7; Estimated no. of noise points: 0

Best Parameters {'min_samples': 45, 'min_cluster_size": 27, 'metric": 'manhattan’, ‘cluster_selection_method": 'eom'}
DBCYV score: 0.31

Fig. 7. Clustering HDBscan on manifold learning + deep learning (full N2D method)-
probabilities
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Fig. 8. Condensed hierarchical clustering tree for N2D output

The similar overview can be seen for K-means at the figures below (Figure 9-11).

Clusters via Clustering the raw input data using K-means
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Estimated no. of clusters: 6 . —
Inertia : 4.13e+09

Sillhouette score : 0.57

Calinski-harabasz score : 8149

Davies-bouldin score : 0.51

Fig. 9. Cluster via Clustering input data using K-means
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Clusters via Clustering the Local Manifold of raw input data using K-means
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Estimated no. of clusters: 6
Inertia : 12155

Sillhouette score : 0.61
Calinski-harabasz score : 4347
Davies-bouldin score : 0.48

Fig. 10. Cluster via Clustering the Local Manifold of raw input data using K-means

Clusters via Clustering the Local Manifold of an Autoencoded Embedding using K-means
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Estimated no. of clusters: 6
Inertia : 13446

Sillhouette score : 0.58
Calinski-harabasz score : 4032
Davies-bouldin score : 0.50

Fig. 11. Cluster via Clustering the Local Manifold of an Autoencoded Embedding using K-means
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5. Conclusions

Basic motivation for this paper was toimprove classic cluster analysis of urban walking conditions
for elderly to obtain more specific and robust classification. Because the classic K-means don’t
provide satisfactory results, we focussed also on HDBScan, Soft Clustering and N2D method. Finally,
it was proved the N2D method is the efficient method of clustering and provides improved results
for urban walkability characteristics.
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