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Understanding Urban Informality in Street Built Environment

Combining Manual Evaluation with Machine Learning in Processing the Beijing Old City's

Street-view Images

RE BETHSEREE BIBAIITD SHSS
St G, XEXERIHTIEEAMX—IEMRIE
BERAHETNZERDABSTNITEER, Fit
REWHENSDIED T, TS LML MR
BERFRABRMIHWIEERY, BFATIT2HE
BIRBIER AR F SN ERENAER ., WHIEEMR
PEFEAE I ATIE P A9 % () RAL ) R BRI E RS
FEIEM MRtV BARER B E ESE T AR E SR
=B AL, EIERER SKERB RN,
=MRBNEHERREMTIEERMEE . — 2N
E£UZETENE, WRAARBEENKHAAA
FEREE ; —ERE EEREREENBK, NEF
BREXREBA ; —BIBERAWBHAR, Hhx
AHREE, WRAERBREHE LERNKRE
8, X—£5R e RS T IR IE M M R T 22 B 5%
X R YRR,

1HRER

A0foT B R T 3F 1E AR 1 FE 3 B AR P A9 =5 (8]
SW? T HURERS AR, WERAT
VHMEREBEEATE, EHRERFIREAHTH
XHI T AMAEA T IE E R ARE ", W
A ERBARERAE TR EREFN SN EESE
A, AMTERENESFUSRETEFSE, XL
INERA . B3k STNIRE N SR AR O,
METE PRSI ARE (AR L. RAER
V. RERTE)®, EMES R/, Bk THE
&, EWmEE LRE, Ak A RET
EREFIREEHNTH, NIHERKEZIRHK
TEHEMNBRAIAENGE TNEELEY, 5—5
H, HERSNER, MRBEEHE LNERET
BECHBEEEFEFRNETERE, THIZRACHE
B EHE B MINE,

KEE  WWHAREMN ; AEE; KR REE
35 dem

ABSTRACT By combining the models of manual
evaluation and machine learning, in the case of
Beijing old city’s street-view images,this paper tries
to formulate a methodology that identifies and
analyzes urban informality. The paper has two main
findings. The first is that manual evaluation is more
accurate than machine learning in terms of physical
features that manifest urban informality in street built
environment. The second is that spatial representation
of urban informality in Beijing old city indicates
the microscopic spatial distribution of informally
employed groups and local residents’ daily activities.
By comparing street-view images and corresponding

locations, it is identified that three types of street
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built environments have no sign of urban informality:
former historical districts that have become new
urban blocks through regeneration process; areas
once inhabited by the privileged class in the past
and left with large amount of historic heritages; run-
down laneways with no activity of street vendors and
recreational space for local residents. The conclusion
of the study lays the foundation for future research of
the relationship between urban informality and urban
poverty.
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1. The spatial distribution of evaluated samples among Hutong in
Beijing old city

2. The methodology to identify and analyze urban informality
instreet built environment based on street view pictures

3. Constructing the indicator system about the spatial representation

of urban informality through field observation
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evaluation
5. Sample street view pictures about the inconsistency of results

between Manual Evaluation and Machine Learning
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Synopsis

How to understand urban informality in street built
environment? In the process of rapid urbanization, a
large number of informal workers enter mega cities.
Therefore, urban streets have become a vital space
for those lower entry-level industries undertaken by
these groups. On the one hand, informal workers
agglomerate on streets, and lllegally occupy streets
with unregulated roadside business activities,changing
daily life of the streets consciously or unconsciously.
On the other hand, residents who live along the streets
continuously change street built environment based
on their own daily needs.

The existing studies about urban informality
in street built environment mainly use qualitative
research method, combining interview and
participatory observation with environment-behavior
study method, and on-going field studies of particular
streets. However, such method has its limitation
when identifying and analyzing spatial distribution of
urban informality in large-scale space. The emergence
of big data derived from street-view images has
provided a vital source of data for street studies.
Manual evaluation and Machine Learning based on
data derived from street-view images as a survey tool
has proved to be an effective way of cognizing built
environment. However, through cognizing street-view
images, most of these studies focus on physical spaces
or environmental aspects of built environment, very
few of them tend to establish the relationship between
social conditions and built environment. Besides,
manual evaluation and machine learning have their
drawbacks to identifying and analyzing street-view
images. Therefore, this paper aims for two main study
objectives. The first is to explore new methodology
that can combine manual evaluation with machine
learning as a way to resolve the drawbacks to the two
individual methods. The second is to cognize urban
informality by means of street-view images, in which
social aspects of street built environment in large-scale
space are revealed. Originally such information was not
able to be surveyed.lt is expected to improve the clarity
in describing aspects of spatial distribution of urban
informality. The result is useful for categorical street
renovation in the future.

The empirical research extracted data set from
Tencent’s street-view images of 841 streets in the area
of 62.5 km2 —in Beijing old city. We obtained 1886
street-view locations with 4 images of each direction,
7544 street-view images in total. After filtering

outsome pictures manually, we arrived at a data set of

6142 Hutong images that are relevant to the research
topic.

Summarized from previous literatures, street
informality embodies three aspects: changes brought
about by informal workers; reconstructions based on
individual demands without government’s guidance;
changes resulted from daily-living behaviors, including
peddling, mendicity, graffiti, street vendors, and facade
reconstruction led by community.

However, these three representations of street
informality are not practical for evaluation. This is
because researchers cannot determine whether the
street has been changed by informal employers and
behaviors or not, and the difference between guided
reconstruction and unauthorized reconstruction
cannot be identified as well. Therefore, after careful
field observation of streets in historic conservation
areas in Beijing old city, we further developed
the concept of street informality into operational
guidelines to establish our evaluation system. In our
research, street informality is graded in terms of five
factors: billboards inconsistent with traditional style
or material, facade reconstruction inconsistent with
traditional style, vendors selling outdoor or randomly
along the street, unauthorized construction additional
to the houses along the street, and household objects
placed outdoor by residents. Each image is graded
by the number of factors identified, with a maximum
score of 5 points and a minimum of 0 point.

Manual evaluation was conducted by two
researchers, who first graded the 400 images randomly
selected from the field observation,and then compared
the results and discussed the ones with distinctively
different scores, to unify the grading criteria followed
by another round of grading. 6142 images were
graded by these two researchers, in which 3572 were
randomly selected to become the training set to train
the machine learning model, while the rest of 2570
were used to compare the respective performances of
manual evaluation and machine learning.

Through comparing the evaluation results
conducted by the researchers and the model, pros
and cons are identified in both evaluation methods.
Firstly, the manual evaluation is better at accurately
identifying informal factors, while machine learning
model makes evaluation mostly based on physical
features, like colors, shapes, etc, making it less
effective in understanding overall environment.
Especially when evaluating urban social space,
which tends to be an issue, machine learning models

cannot identify intangible factors. Secondly, although

empirical-based manual evaluation is relatively
accurate in most of the cases, human subjectivity is
still inevitable especially when the grading system is
cross-referenced with multiple factors. Errors caused
by cognitive differences between scorers can further
increase the error of machine learning model. Thirdly,
it's hard to conduct manual grading on a large amount
of images, while machine learning model has great
advantage under such circumstance.

The results of manual evaluation of street-
view images were correlated with 841 streets in
Arcmap, reflecting the spatial distribution of urban
informality in street built environment in Beijing old
city. Comparing the street-view images in relevant
areas, the paper finds that the streets characterized
with urban informality tends to have following
features: firstly,there is more vendors on the street-
level;secondly, street-level businesses are mostly petty
trades;thirdly,there are more extensional buildings
along the streets. By contrast, there are three types
of street built environments which bear no sign of
urban informality: firstly, former historical districts that
have become new urban blocks through regeneration
process; secondly, areas once inhabited by the
privileged class in the past and left with large amount
of historic heritages; thirdly, run-down laneways with
no activity of street vendors and recreational space for

local residents.
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