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Abstract 
 
Removing the dirt from escalator ducts requires cost-intensive personnel and 

involves dangerous working conditions. To improve this, special robots have 

been developed, but so far, only studies on the control of the robot have been 

published, which further did not treat the important part of quantitative dirt 

determination. In this study, based on machine learning we develop an 

algorithm that allows determining the amount of dirt and apply it to our 

cleaning robot. In an environment similar to that in an escalator duct, the dirt 

amount is categorized into five levels according to the dirt pile-up height, 

while the lighting and wall colors are set as variables. Image preprocessing, 

such as edge detection and huff transform, is used to remove irrelevant 

objects such as walls from the images. Out of 4 algorithm models –SVM 

(Support Vector Machine), kNN (k-Nearest Neighbors), Decision Tree, and 

k-Means–, SVM is found to be most accurate and is therefore employed for 

the dirt quantification algorithm. A prototype robot running the dirt 

quantification algorithms was established. Accurate operation at each dirt 

level could be confirmed. It was shown that dirt can be effectively quantified 

using machine learning. Accuracy could be further improved by subdividing 

the dirt level and increasing the amount of dirt image data. 
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1 Introduction 
 

Escalators are installed in public places such as subways, department 

stores, and large shopping malls, and they have a structure that is easy to 

ride. The construction of escalators, for user convenience, has been 

increasing with urban industrialization and the construction of large buildings 

[1]. When escalators are used, dirt enters the inner space between steps, as 

shown in Fig. 1, and the dirt that falls to the bottom plates of the steps 

accumulates along the slope at the bottom. Thus, dirt and pollutants are 

sometimes mixed with machine oil and adsorbed to the bottom plates. Such 

dirt mixed with machine oil has a high risk of causing large fires because it is 

easily ignited by static electricity and small sparks. Furthermore, escalators 

can cause indoor air pollution because they are typically installed inside 

buildings and bacteria and mold can easily propagate within the duct. 

Therefore, escalators are checked frequently and the interior of the duct is 

cleaned regularly by people. However, the work environment has high risk 

and the cleaning work requires high costs due to increasing minimum wages. 

To address these problems, we plan to develop a cleaning robot for dirt 

removal to reduce risks to people and save time and expense. 

Dust storage space

Drip pan

Drop in 

the dust

Step tread

Step riser

 
Fig. 1: Substructure of escalator 

Recently, the forms of industrial robot cleaners appropriate for the urban 

environment such as building interiors, exteriors, and ducts have been 

increasing, and research pertaining to these robots is being conducted 

actively. Tun et al. [2] constructed a 4-wheel independent control system and 

conducted research on autonomy, route, recognition, and control. Hess et al. 

[3] presented an approach to model and estimate the distribution of dirt as 

well as the kinetics in each environment. Lee et al. [4] studied intelligent 

scheduling and motion control using simulation-based optimization for 

household cleaning robot systems. Several studies pertaining to the route and 

control of cleaning robots as well as to dirt detection have been carried out. 

Bormann et al. [5] proposed a method of detecting dirt on the surface through 

image processing using a low-cost RGB-D sensor, while Grunaer et al. [6] 

introduced a more general way to detect dirt on a single color and regularly-

textured floor.  
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Ramalingam et al. [7] investigated visual dirt detection algorithms and 

adaptive tiling-based selective dirt area detection systems for robots. 

Although many studies on dirt detection have been conducted, no study has 

been conducted on dirt quantification algorithms, which are considered 

essential elements of cleaning robot. Therefore, this study aims at comparing 

machine learning algorithms for dirt quantification and applying them to a 

prototype cleaning robot to analyze the performance of the machine learning 

algorithm with regard to its capacity of accurate dirt quantification and 

driving. 

 

2 Methods 
 

Therefore, this study aimed to develop an algorithm for quantitatively 

assessing dirt and apply it to prototype cleaning robots to control their 

driving or operating functions according to the dirt volume. First, we created 

a model duct space using a box by reducing the duct space of an actual 

escalator to approximately 25% of its initial size. We established the dirt 

volume quantification criteria of 5, 10, 15, 20, and 25 mm by subdividing the 

dirt volume into one to five levels based on the dirt height and floor area ratio 

using soil, sand, and dirt typical of daily life. In addition, illumination and 

wall color were set as variables and more than 4300 data were constructed 

according to the dirt levels. The classification accuracy was improved by 

removing unnecessary objects unrelated to dirt volume, such as the wall, by 

using image preprocessing techniques such as edge detection and the Hough 

transform.Eventually, 80% of the data constructed was classified as training 

data and applied to four algorithms: support vector machine (SVM), k-

nearest neighbors (kNN), decision tree, and K-means. The accuracy of the 

algorithms can be analyzed via measures of precision and recall. 

Additionally, the dirt quantification algorithm having the highest accuracy 

needs to be verified in a real environment. We fabricated a cleaning robot 

model composed of a body, camera, wheels, and scrubbing board structure 

using acrylic and a 3D printer. An algorithm developed using a 

microcomputer Raspberry pi3 B+ [8] and Arduino Uno R3 was applied to the 

cleaning robot. After assessing the dirt volume using the camera, the cleaning 

robot performs cleaning according to the level of dirt. The accuracy of the 

algorithm was verified by activating the cleaning robot model in the 

fabricated escalator duct environment. 

 

2.1 Building Dirt Data 
 

An environment similar to an escalator duct was created to determine the 

possibility of dirt quantification and build a database for the developed 

algorithm. An actual escalator duct has a width of 0.58–1.1 m, height of 15–

30 cm, and a maximum slope angle of 35°.  
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The vertical length of the actual duct varies with the actual floor height 

and slope at the location where the escalator is installed and is more than 

twice the width.  

The model duct was fabricated using a box with length × width × height 

of 31.5 × 45.0 × 23.0 cm, which made its aspect ratio similar to that of an 

actual escalator duct (Fig. 2). In an escalator duct additional influences come 

into play, such as lighting and shaking due to movement of the escalator. 

However, it is difficult to quantify these factors and create a duct 

environment accordingly. Therefore, in this study, the duct model was 

designed considering only the aspect ratio and the slope of the duct. 

Considering the illumination conditions when the database was created, 

illumination during escalator operation was divided into six levels. We 

applied dirt to the fabricated duct to make it resemble an actual escalator duct 

based on photographs of the actual duct. The dirt that enters an escalator duct 

consists of soil and sand from moving people and dirt particles from daily 

life such as hair, paper, and waste paper. The dirt applied to the fabricated 

duct was prepared using the same composition. The database was built 

according to the variables of dirt volume, illumination, and wall color. Dirt 

volume was classified into levels of 1 to 5 depending on the dirt height and 

floor area ratio (Fig. 3). According to the criteria shown in Table 1, 

illumination was categorized into 6 cases. Wall color was categorized into 7 

cases. Although resolution is important for photographs acquired for 

application to machine learning, high-definition photographs are inefficient 

due to the large data size and long amount of time expended. Hence, in this 

study, we used images taken with a mobile phone camera (iPhone 7). The 

camera specifications are listed in Table 2. The image acquisition was 

performed in video under the assumption that the cleaning robot would 

perform linear motions, and images were saved for every certain number of 

frames. The dirt data were built under the abovementioned conditions, with 

approximately 860 images for each dirt level and the total number of images 

exceeding 4,300. 
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Table 1: Categories by variables 

Dirt volume 

Level 
Height 

(mm) 
Ratio of area (%) 

1 ~5 ~30 

2 5~10 30~50 

3 10~15 50~70 

4 15~20 70~90 

5 20~ 90~ 

Illumination 

Case Box cover Lighting on/off 

1 Open On 

2 Open Off 

3 1/2 open On 

4 1/2 open Off 

5 Closed On 

6 Closed Off 

Wall color 

Case Side wall Front wall 

1 White White 

2 White Black 

3 Ivory Ivory 

4 Ivory Black 

5 Brown Brown 

6 Brown Black 

7 Black Black 

Table 2:  Camera specifications 

Full resolution 1334 × 750   pixels 

Video 

recording 

2160p@30fps 

1080p@60fps 

1080p@30fps 

Flash Dual-tone, 4-LED flash 

Aperture size f / 1.8 

Focal length 28 mm 
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Fig. 2: Box fabricated similar to the dirt storage space of an escalato 

Level 1 Level 2 Level 3

Level 4 Level 5  
Fig. 3: Classification of duct levels 

 

2.2 Dirt Quantification Algorithm 
 

When images of the inside of an actual duct are taken, the walls on both 

sides and the surface of the escalator can be seen. When a dirt quantification 

algorithm is developed using the data built, foreign matter attached to the 

escalator and side walls is sometimes assessed as dirt. This problem reduces 

the accuracy of the algorithm because the dirt volume is classified by height. 

Therefore, such unrelated objects need to be removed when the dirt volume 

is determined. Wang et al. [9] transformed the color space to identify weeds 

and removed the background using noise elimination and mask creation. 

Because these preprocessing methods are effective for object extraction from 

images containing various parameters, the present study used edge detection 

and the Hough transform to distinguish only dirt in the images. 

 

2.2.1 Image Preprocessing 
 

The wall inside the duct has the shape of a straight line between two 

points and is a boundary that separates dirt and wall. The built image data 

consist of pixels that have unique values. Hence, the Hough transform is 

most suitable for separating the boundary. The Hough transform is a method 

for finding major feature elements on images, such as straight lines, circles, 

and ellipses, and it enables restoration of specific shapes or omitted areas. 

However, when the Hough transform is used, the speed decreases 

considerably due to the increasing amount of calculations.  
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Therefore, it is used together with edge detection methods, among which 

Canny edge detection is the most widely used because of its lower error rate 

and higher accuracy than those of other algorithms [10]. The Canny 

algorithm removes noise from images by applying a 5 × 5 Gaussian filter to 

the images. In addition, the Sobel kernel is used to detect the amount of 

change by comparing the values of both sides of image pixels. When the 

horizontal gradient is Gx, the vertical gradient is Gy, and the edge gradient 

(G) at pixel (x, y) is determined by the following equation: 
2 2

x yG G G 
                                         (1) 

The image to which Gx and Gy were applied is shown in Fig. 4 (a). If Eq. 

(1) is applied to the original image in Fig. 4 (b), it becomes the image shown 

in Fig. 4 (c). The pixels excluding the maximum values of the gradient 

direction are removed by checking the entire images from which the gradient 

value was detected to represent the boundary of the wall alone. Then, the 

Hough transform algorithm is applied. When a straight line is detected, the 

equation of the straight line is used. It can be obtained using the two 

parameters, 𝜃 and r. The minimum distance from the origin to the straight 

line r and the angle between the x axis and r can be expressed as follows: 

1tan , cos sin
y

y

G
r x y

G
  

 
   

 
                                       (2) 

Fig. 4 (d) shows the result of applying edge detection and the Hough 

transform to the original image. Note that the boundary between walls is also 

detected. The boundary area of the floor and wall was specified to address 

this problem. Because a straight line unrelated to the boundary in the 

specified area is detected, we added an angle constraint. The angle range was 

limited to 15–90° considering the internal structure of the duct. Based on the 

detected boundary, the wall and floor were separated and the wall pixel’s 

RGB was changed to (0, 0, 255). The result is shown in Fig. 4 (e). For image 

preprocessing, OpenCV 4.1.0, a computer vision library based on Python 

3.7.3, was used, and all image data were transformed to 960 × 540 pixels. 

 

 

Original image Gx Gy

(a)

(c)

(d) (e)

(b)

 
Fig. 4: Application of edge detection and Hough transform to dirt image 
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2.2.2 Machine Learning-Based Algorithm 
 

Machine learning methods include SVM, kNN, decision tree, logistic 

regression, K-means, and random forest. Among these, we used the SVM, 

kNN, and decision tree methods, which are classification algorithms of 

supervised learning, and the k-means method, which is a clustering algorithm 

of unsupervised learning. SVM, which is actively used in the pattern 

recognition and data analysis fields, can be used for simultaneous 

classification and prediction [11]. Even though the modeling is long and the 

explanatory power of the result is low, it has the advantages of low 

probability of overfitting, high prediction accuracy, and ease of use [12]. If 

the classification boundary that must be found in SVM is w
T
x + b = 0, as 

illustrated in Fig. 5, vector w is a normal vector that is perpendicular to the 

classification boundary. Based on this, the margin surrounding the 

hyperplane of the decision area is maximized. kNN is used mainly for 

classification and regression [13]. The algorithm is simple and easy to 

implement, and it shows good performance in numerical data classification 

tasks. However, the classification speed becomes slower as the amount of 

training data becomes larger, and the amount of calculations increases as the 

dimension becomes higher. The decision tree method is an analysis method 

that classifies groups of interest into a few small groups or performs 

predictions by converting decision rules into a chart [14]. The model is easy 

to understand because it is expressed in a tree structure and it is easy to 

interpret the interaction effects. However, prediction errors are large near the 

classification boundary because continuous variables are treated as 

discontinuous values. Furthermore, it is unstable in predicting new data 

because it is dependent only on training data. K-means is a clustering 

algorithm that clusters a dataset into k groups [15]. It is applicable to various 

types of data, and it is not necessary to define the roles of specific variables 

in advance as in modeling analysis because it rarely requires prior 

information about the training data. However, it is greatly dependent on the 

definitions of weights and distances, and it is difficult to interpret the result 

because there is no prior stated purpose. 

 

 

Support

vector

Support

vector

x1

x2

x+

x-

wTx + b = 0

wTx + b = 1

wTx + b = -1

 
Fig. 5: Concept of support vector machine 
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2.2.3 Construction of Dirt Quantification Algorithm 
 

To quantify dirt, the supervised and unsupervised machine learning 

algorithms require data for training the algorithm. The data are typically 

divided into training and verification data in the ratio of 8:2 of the total data. 

There must be no duplication between these data. Dirt images were used as 

the input values for the developed dirt quantification algorithm, and the dirt 

quantification level was specified as the output value. To distinguish training 

and verification data in the database, these were selected randomly using the 

random command with no duplication. As shown in the flowchart in Fig. 6, a 

database of dirt data is built and classified according to the dirt level. Due to 

the nature of the machine learning algorithm, a more accurate distinction is 

possible when more data are collected. In this study, we used approximately 

860 data per dirt level and approximately 4,300 data in total. For the training 

data of dirt volume, we used 3400 data, 80% of all data. We used the 

remaining 20% of all data as verification data. To label and train each image, 

parameters are set for each algorithm and a model is created and trained. 

Accuracy is compared by applying the trained model to the verification data, 

and the algorithm model having the highest accuracy is stored. 

Start

Import dust data

Create classification

model

Learn model

(Fit data and target)

Preprocess data
Data: image, 

Target: dust level

End

Evaluate by test data

Save model

Validation

dirt

dirt

 
Fig. 6: Flowchart of dirt quantification algorithm 

 

2.2.4 Fabrication of Cleaning Robot Model 
 

We created a model to verify the cleaning robot to which the 

quantification algorithm was applied. Raspberry pi3 B
+
 and Arduino Uno R3 

were used to drive and control the cleaning robot, and acrylic was used as the 

material for model production. The cleaning robot consists of a body for 

mounting the driving and control module, a camera, a scrubbing board, and 

wheels (Fig. 7). The cleaning robot performs cleaning by scrubbing the floor 

surface and pushing dirt with the scrubbing board. First, the cleaning motion 

and pressure are determined according to the dirt qualification value. For 

simple motor driving, the cleaning robot was controlled for only levels 1, 3, 

and 5 of the five dirt levels classified in this study. Straight forwarding was 

applied to level 1, right turning to level 3, and left turning to level 5. 
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wheel

Scrubbing 

board

body

Camera

 
Fig. 7: Prototype of cleaning robot 

 

3 Result 
 

First, dirt quantification was trained using the machine learning 

algorithms, SVM, kNN, decision tree, and K-means, and the accuracy was 

verified. Accuracy means the capability of an algorithm to correctly classify 

a proportion of samples. It represents the overall recognition, but it cannot 

show the situation of each class of test data. If the data is unbalanced, the 

accuracy is high, but in some classes, the recognition rate can be low and 

unreliable [16]. The data of this study consists of about 160 images for each 

class and does not show biased results in one class. Therefore, firstly the 

accuracy of each machine learning algorithm was evaluated before the 

performance evaluation index of the most accurate algorithm was determined 

[17]. The accuracies of the algorithms were 91% for SVM, 82% for kNN, 

71% for decision tree, and 14% for K-means. Thus, the SVM algorithm had 

the highest accuracy. To evaluate the SVM algorithm, the classification 

performance evaluation measures often used to explain the performance of 

classification models in a verification dataset with actual values known were 

implemented. These measures can be used to verify how accurately data 

were predicted. The accuracy of SVM was evaluated using precision (P), 

recall (R), and F1-score (F1), from among the classification performance 

evaluation measures, and the results are outlined in Table 4.  

P is the ratio of the values that are equal to the actual dirt level in the 

verification data prediction results of the algorithm, and R is the ratio of each 

dirt level predicted by the algorithm for the dirt level of the input data. F1 is 

the harmonic mean value using P and R. 

1, ,
TP TP P R

P R F
TP FP TP FN P R


  

                                      (3) 

TP (True Positive), TN (True Negative), FP (False Positive), and FN 

(False Negative) are shown in Fig. 8. When class k is Ck, TP means the 

actual value is equal to the predicted value; TN means the predicted value is 

Ck, but the actual value is not; FP means the actual value and predicted value 

are not Ck; and FN means the actual value is Ck or the predicted value is a 

different value. The same applies to the other levels. 
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From the database built for dirt quantification, approximately 160 data 

were used as verification data for each dirt level, and the results are outlined 

in Table 4. For each dirt level, P is 83-100%, R is 85-100%, F1 is 88-95%, 

and the total accuracy is approximately 91%. The result that the P and R 

values of the applied SVM are similar shows that this algorithm has a high 

dirt level recognition rate. All classes are correctly determined, without any 

bias toward a certain class. This shows that the algorithm can be efficiently 

utilized in the determination of dirt quantification. 

Figure 9 shows the values determined by the cleaning robot model for 

levels 1, 3, and 5 and the corresponding robot operation. It was verified that 

the robot model was operated as straight forward, right turn, and left turn 

according to the determined value. 

 

Predictions (output)

Actual

Class

(input)

TN FP TN

FN TP FN

TN FP TN

TP

TN

FP

FN

True Positive

True Negative

False Positive

False Negative

C0 … Ck-1 Ck Ck+1 … Cn C
0

…
 C

k-1
C

k
C

k+
1

…
 C

n

 
Fig. 8: Definitions of TP, TN, FP, FN 

 

Table 3: Accuracy of algorithms 

Algorithm Accuracy (%) 

SVM 91.0 

k-nearest neighbor 82.9 

Decision tree 71.6 

k-means 14.1 

 
Table 4: Precision, recall and f1-score values for the five levels 

Level P R F1 Support 

1 0.91 1.00 0.95 165 

2 0.83 0.95 0.88 168 

3 0.94 0.85 0.89 161 

4 0.90 0.90 0.90 166 

5 1.00 0.85 0.92 163 

 



                                                                                                                  
 

 

 

 

 

 
3943 Sarang Yi et.al 

 

Level 1 - straight Level 3 - right Level 5 - left

 
Fig. 9: Operation of the cleaning robot model 

 

4 Conclusions 
 

This study developed a dirt quantification algorithm for an escalator duct 

using machine learning, and the following conclusions were obtained. 

(1) Dirt can be quantitatively determined using machine learning. Among 

the machine learning algorithms (SVM, kNN, decision tree, and k-means) 

used for training, the SVM algorithm shows the highest accuracy (91%). The 

accuracy could be improved by acquiring more data and subdividing the 

quantification levels. 

(2) The SVM algorithm was installed on the prototype cleaning robot for 

verification. Results showed the robot can be successfully controlled through 

the algorithm. 

(3) The method developed in this study is applicable to robot cleaners for 

spaces where it is difficult for people to clean (e.g., air ducts, pipes, stairs). 

Subdividing the dirt level and increasing the amount of data is expected to 

lead to an improved dirt-level determination. Controlling the scrubbing plate 

pressure and the robot speed according to the dirt level will lead to an 

enhanced robot drive control. 
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