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Abstract 
 

This research is on human machine interaction in visual 

pattern recognition. Different color spaces utilized in the 

visual pattern recognition process were investigated. The 

goal is to find a method in human machine interaction that 

performs better than existing methods and time to 

accomplish is reasonable.  The research was performed 

quantitatively where data collection used a mobile 

application and model building used SPSS Modeler.   
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Introduction 
 

A typical pattern classification system is comprised of the 

following [1]: Preprocessing, feature extraction and 

classification. Preprocessing involves isolation of the 

object observed from other possible objects, or capturing 

the object itself. Feature extraction will reduce the object 

by measuring certain features. The last process of 

classification is where we divide the feature space into 

decision regions. 

 

This system can be done by machines, humans or a 

combination of the two. The key is to find the highest 

accuracy within reasonable time.  Previous research has 

shown that human-machine interaction can provide higher 

accuracy than machine alone or human 

alone.  Investigation was done utilizing a flower 

recognition tool, called Interactive Visual System [2] 

[3].  Further investigation using the same tool showed that 

human interaction in color feature extraction provides the 

most significant improvement, where the rest doesn’t [4]. 

Here we want to investigate more into this phenomenon. 

We will compare accuracy results utilizing different color 

features: RGB, HSI, XYZ and CIELab. HSI Color Space is 

considered close to human perception, but device 

dependent. Whereas CIELab is typically considered the 

most complete color space and device independent [5]. We 

are using XYZ Color lab, because this color space is an 

intermediary color space for conversion to CIELab.  Our 

current hypothesis is that CIELab will produce better 

results than the other three. 

  

Within these activities we are also examining and 

providing feedback on the user interface of the data 

collection tool that we are using.   

 

Phase One: Data Collection 
 

The data collection involves taking flower pictures and 

performing feature extractions to include: choosing 

primary petal color, choosing secondary petal color, 

choosing stamen color and counting number of petals.     

 

Data collection was performed with an Android application 

built using Appinventor (appinventor.mit. edu). This was 

built as a potential improvement of the original IVS tool.  

This mobile app is called Interactive Visual System 2 Data 

Collector. Each participant took five pictures (four angles 

and top view) of five different flower species.   

  

After a picture is taken, it will fill the main screen. The user 

is then expected to perform various feature extraction 

activities.  The user is expected to press the Action button 

which will have five different tasks to complete. The first 

task is to select primary color of the petal.  User is expected 

to select a pixel which represents the most dominant color 

of the petal. Pixel selection is displayed in a color palette 

above the screen (just like the original IVS application). 

Once user is satisfied, he/she can click OK and the screen 

will go back to the main screen, as displayed in Figure 1. 

The same process is expected for two other color feature 
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extraction activities: selecting the secondary petal color 

and selecting stamen color. If user selects the petal count 

action/activity, then the user is expected to click on the plus 

or minus sign on the screen until the chosen petal count 

number is displayed, then click OK. The last activity that 

can be done is to save the name of the flower species. The 

user can just type in the name of the species and click on 

the OK button. 

 

 
 

Figure 1. IVS2 Data Collector Android App 

 

After all feature extraction activities are completed, the 

user can click on the LIST button. This will launch another 

screen that displays all data collected thus far.  All colors 

selected are displayed with the corresponding RGB values. 

Petal count and species name are also displayed. If the user 

is not satisfied, there is a CLEAR button that will clear all 

existing data. OK button will bring the user back to the 

main screen. 

 

The next step is for the user to upload the data to Google 

Cloud. This is a three step process. The first step is to 

authenticate to Google Cloud. A login screen is presented. 

User can login with his/her Google account and get 

authenticated. Login session is saved using a token. If the 

session is interrupted or stopped, the user will need to login 

again.  Location and table to save data could be put in an 

open location accessible by anybody, thus eliminating the 

need to authenticate. Another option is to have an 

application authentication method, instead of a user 

authentication method. With this method, login credentials 

is embedded within the mobile application. The details of 

this OAUTH 2.0 authentication mechanism (a Google API) 

are available on https://developers.google.com/identity/ 

protocols/OAuth2. 

 

Once the connection is established, the user is asked to 

click on SavePict button to upload the picture to a folder in 

Google Cloud that is utilized for this research. Then the last 

step is to click on DataSave button which will upload all 

data recorded to a Fusion Table, also located in Google 

Cloud.  

After completing data collection process, an evaluation of 

the User Interface of this application was performed.  

Comments on the app were as follows: 

 

The application has too many options for the user. The 

application should be more streamlined during the 

process of using it.   It was the consensus that a 

seamless movement from one activity to another is the 

best method to implement. The user should not be 

asked to save the data, rather saving of data should be 

done automatically. In its current version, the user 

needs to click on an icon to connect to Google Drive 

and save the picture taken. Then another button to save 

all feature extraction data that is then saved into a 

Fusion Table, also in location in Google Drive. 

 

The error handling is flawed. A JSON (java script 

object notation) error report is presented with a vague 

error code.  This error message is displayed when an 

authentication failure occurs. If a user tries to upload a 

picture or save data before logging in, then this vague 

error message is displayed. The user must click on 

connect button to get a session token to Google Drive. 

This error should be masked with a more user-friendly 

and descriptive message.  

 

The application allows a user to load the data before 

loading the picture. A restriction should be put where 

a user cannot save the feature extraction data without 

having a picture on the screen.  

 

After uploading the information, none of the 

information is cleared and no history of previous posts 

is recorded causing possible redundant data. Currently 

it is only using species name and time-stamp in the 

Fusion table. Another method of tracking should be 

utilized. 

 

There needs to be a way to track which pictures on 

your phone have already been uploaded. Currently the 

only method to track pictures is by looking into the 

data in Fusion table. Another method of tracking could 

be utilized preferably a method where the user can 

track uploaded pictures directly.  

 

All data needs to be cleared automatically when 

loading a new image. This was an intentional 

condition, where same information could be re-

utilized for next data load (the next flower picture). 
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There are also two buttons available to clear the data, 

one on the List Screen and another in the Main Screen. 

The buttons are labeled Clear Data.  

 

The data should be able to be saved locally. This was 

considered to defeat the purpose of having data saved 

in the cloud. This could be an option for a future 

version, but will take up too much space in the mobile-

phone since each picture is about 3MB-4MB as they 

are high resolution picture. 

  

Each of the comments above were discussed and 

improvement recommendations were presented. Future 

versions of the application, whether it is a mobile 

application or a web application should incorporate the 

suggested improvements. 

 

Human involvement in the feature extraction process is 

necessary to achieve the most accurate results in a timely 

fashion, therefore having an application that streamlines 

the process will be most beneficial.  

 

With the input above, it was decided to start building a web 

application. The web application was developed using 

Python with Flask framework, see Figure 2. The main key 

is to have seamless activities in performing feature 

extraction. Thus after uploading a picture, a guided feature 

extraction can be performed: selecting primary petal color, 

selecting secondary petal color, selecting stamen color and 

deciding number of petals. The feature extraction data is 

saved automatically in an excel spreadsheet, not requiring 

user to authenticate and clicking a save button.   

 

 

Figure 2. IVS2 Web Application 

This web application was completed on a team member’s 

laptop, thus we had to figure out how to have it available 

to all team members.  It was decided to post the application 

on Amazon Cloud, using a virtual machine running Ubuntu 

operating system. All necessary python libraries to run this 

application had to be installed, including: pip, virtualenv, 

flask, jinja, flask-api, colormath, dateutil, markupsave, 

nose, atlas, pyparsing, six, setuptools, werkzeug, gfortran, 

and wheel. 

 

The application implements an unsupervised kNN 

algorithm, which attempts to find the best algorithm 

utilizing one of the following three methods, 

ball_tree, kd_tree, and brute.  The web application also 

calculates the kNN of the LAB color pixel and the petal 

count. 

 

Nearest Neighbors implements unsupervised nearest 

neighbors learning. It acts as a uniform interface to three 

different nearest neighbors algorithms: BallTree, KDTree, 

and a brute-force algorithm based on routines 

insklearn.metrics.pairwise. The choice of neighbors search 

algorithm is controlled through the keyword 'algorithm', 

which must be one of ['auto', 'ball_tree', 'kd_tree', 

or 'brute']. When the default value 'auto' is passed, the 

algorithm attempts to determine the best approach from the 

training data. 

 

Native Python webserver only runs in a local port: 

127.0.0.1, thus external users cannot go to the web page 

directly. We installed gunicorn library, which allows 

redirection of a local webapp to be shared globally. 

 

Phase Two: Data Modeling 
 

After all the data was collected, which was stored in 

Google Drive, it was then manually calculated to the values 

for the various color spaces. Color selection during feature 

extraction process are recorded in RGB values. Next was 

to research the mathematical conversion process between 

RGB to HSI, XYZ and CIELab as listed in Figure 3. 

 

 
 

Figure 3. Color Models Taxonomy 

 

The color spaces to be utilized are RGB, HSI, XYZ and 

CIELab (also formatted as CIE L*a*b*). The existence of 
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more than one standard color space is a result of working 

with color in different fields. Even then, there may be 

discernible differences between applications of the same 

color space. For instance, a computer typically uses the 

RGB (red, green, blue) color space, see Figure 3, to display 

colors on a screen. By assigning a value from 0 to 255 each 

for red, green, and blue light, the RGB color space can 

represent up to 16,777,216 colors. It is also used by 

scanners to record the scanned image. Despite using the 

RGB color space, they are based on different spectral 

attributes, and so they are not interchangeable [6].  

 

 
 

Figure 4. RGB Color Space Model 
 

The HSI (hue, saturation, intensity) color space, see Figure 

5, rearranged the colors found in RGB in an effort to make 

color selection more intuitive. HSI is also a result of 

balancing the advantages and disadvantages found in two 

similar color spaces, known as HSL (hue, saturation, 

lightness) and HSV (hue, saturation, value). The hue points 

to which color it can be best associated with (red, orange, 

yellow, green, blue, or violet). The saturation describes 

how strong the color is. The intensity is the average of the 

three RGB values. CIELab is a color space defined by the 

International Commission on Illumination (also known as 

CIE). The L axis accounts for brightness, the a axis covers 

green (-a) to red (+a), and the b axis covers from blue (-b) 

to yellow (+b). This color space is considerably more 

sophisticated than RGB and HSI, as CIELab is also 

dependent on the temperature of the lighting. 

 

As the colors were sampled from each photograph that 

were taken, the information was saved as RGB values. 

Colors were not recorded in other color spaces, but 

converting to another color space such as HSI were 

possible. For the HSI color space, the intensity is simply 

the average of the values for red, green, and blue. This must 

be calculated before saturation, for which there are two 

scenarios that may be encountered [7]. If the intensity is 

greater than 0, then the saturation can be calculated with: 

 

S =
1 − (red, green, or blue, whichever is smallest)

I
 

 

If the intensity equals 0, then the saturation is equal to 0. 

(Intensity cannot be less than 0, as it is an average of three 

nonnegative integers.) To calculate hue, you must account 

for three different situations: if red, green, and blue are all 

equal, the color is a shade of white/black,    so   the value 

is 0.  If the green value was   greater    than or   equal to   

the value for   blue, the formula used    to   calculate hue   

was [8]: 

H =  arc cos
R −  ½(G + B)

√R² +  G² +  B² −  RG −  RB −  GB
 

 

If the green value is less than the value for blue, then the 

value for hue is calculated with [9]: 

 

H = 360 − arc cos
R −  ½(G + B)

√R² +  G² +  B² −  RG −  RB −  GB
 

 

 

 
 

Figure 5. HSI Color Space Model 

 

Converting the color values to the CIELab color space, see 

Figure 7, is considerably more complex. There is no direct 

method of converting the color values we had to CIELab; 

consequently, it was necessary to perform an intermediary 

conversion to XYZ, see Figure 6, a color space developed 

in the 1920s, after measuring human responses to various 

spectral curves [10]. 
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Figure 6. XYZ Color Model 

 

One option of converting to the XYZ color space, required 

the multiplication of matrices, but there was no available 

procedure to automate this process. An alternate 

conversion method was found, which required more 

intermediary conversions. To get an intermediary variable 

(referred to from hereon as intred), we divided each value 

by 255. If the quotient was greater than 0.04045, the 

intermediary variable was: 

 

intred =
quotient + 0.055

1.055

2.4

 

 

Otherwise, the intermediary variable was  
quotient

12.92
.  

This process was repeated to get intermediary variables for 

green and blue (referred to as intgreen  and intblue 

respectively). Each variable was then multiplied by 100. 

Once we had this information, the following equations 

provided the final values of X, Y, and Z (assuming 

observer 2º and illuminant D65, which roughly 

corresponds to daylight) [11]: 

 

X = intred × 0.4124 + intgreen × 0.3576 + intblue

× 0.1805 

Y = intred × 0.2126 + intgreen × 0.7152 + intblue

× 0.0722 

Z = intred × 0.0193 + intgreen × 0.1192 + intblue

× 0.9505 
 

 

To convert these XYZ values into CIELab, they needed to 

be divided by the following numbers (again, assuming 

observer 2º and illuminant D65): 

intX =
X

95.047
; intY =

Y

100
; intZ =

Z

108.883
 

 

After dividing the three values, there are two scenarios to 

take into account. If the quotient for X is greater than 

0.008856, then the cubic root of the intermediary variable 

must be calculated. Otherwise, the new intermediary 

variable is equal to intX = ( 7.787 × intX) +
16

116
. This 

procedure must be repeated for Y and Z as well. The 

equation to acquire the CIELab, values is considerably 

more straightforward. To calculate the value for L, the 

equation used is L = 116 × intY − 16. The equation for 

calculating the value for A is A = 500 × (intX − intY) , 

and the equation for calculating the value of B is A =
200 × (intY − intZ). 

 

 

 

 

 
 

Figure 7. CIElab Color Space Model 

 

Data extracted from Phase 1 is then added with automatic 

conversion using the formulas described above using an 

Excel Spreadsheet. Predictive analytics software helps to 

find non-obvious, hidden patterns in large data sets. Once 

we have all necessary data, we continued to build our data 

models. Data modeling was done using SPSS Modeler, an 

IBM product [12]. We created four separate data models, 

for each color spaces described above.  

 

Within Data Preparation Node in SPSS, shown in Figure 8, 

we decided the objective of the modeling. It was chosen to 

optimize for accuracy. This will transform the data with an 

emphasis on building models with the greatest predictive 

power. Other possible options are: balance speed and 

accuracy, optimize for speed and custom analysis. For very 

large size of data, the other options could be considered. 
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Figure 8. K-NN XYZ on SPSS Modeler 
 

The next thing to be done was to create data types using 

Type Nodes. For us, all data collected is considered 

continuous values, except for species name which is 

nominal. Then we created a partition between training set 

and test set. The data was partitioned 75%-25%, by 

enabling SQL to select unique values from data set for 

testing data set. This allows the software to select one 

record from the existing five records of a particular species. 

Selecting Random Seed will enable the option to generate 

a random number which determines the randomness of 

partitioned data such as the selection of training data versus 

testing data, if this option is not selected the testing and 

training data set will always be the same.  

 

Next a kNN-model partition node was created.  In this 

model, the analysis type was defined to perform: predict a 

target field (species) versus only identify the nearest 

neighbor, see Figure 9. On Settings: weight feature by 

importance when computing distances is selected.  On the 

objective selection, accuracy was chosen (automatically 

select the best number of neighbors within a larger range 

and uses predictor importance when calculating distances).   

 

For RGB, SPSS modeler predicts the overall percentage 

correct is 64.6%. Then when running a test on the testing 

set (system selected 76 records), the result came back at 

51.32% accuracy. The next test was to run the same model 

by using all training data, and the percentage rose to 72.3%.  

 

HSI model result will all training data is 67.5%. XYZ result 

with all training data is: 61.6 %. CIELab resulted in 80.8% 

accuracy level. This is the highest accuracy level that was 

found from all of the data models. There was also a manual 

test ran within our CIELab modeler by using 15 data items 

at random. The results came back with: 82% accuracy. 

 

 
Figure 9. Predictor Space on SPSS Modeler 

 

KNN Algorithm 
 

The algorithm chosen to match with training data is k-NN 

(K-Nearest Neighbors), this is a classification algorithm. 

Its first official mention was by E. Fix and J.L. Hodges 

Jr.[13], who introduced the method, which was later named 

the k-nearest neighbor rule, with a big improvement 

introduced by T. Cover and P. Hart in 1967 [14]. After that, 

minor improvements and alternative approaches were 

introduced, but the core of the algorithm remained the 

same.  

 

The way k-NN works could be best described via a graph 

such as Figure 10. If all the data is presented on a graph via 

vectors, the k would be our search radius and our data 

would be the test sample. The algorithm would then find 

all the neighbors of the said test sample within the k range 

and then use the majority rule in order to determine the 

nearest neighbor. High accuracy (80%+) and ease of 

implementation made this a very attractive option for this 

research. With the use of the web application, the goal is 

that k-NN would identify the nearest matching pictures of 

flowers to the data the user has provided. The test sample 

will be the set of data that the user has input into the 

application. Afterwards, that data set will be compared to 

the data sets inside our database, and the nearest three 

neighbors to the said data set will be presented to the user 

to choose from. 
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Figure 10. Sample kNN Graph 

 

Applying k-NN this way is a work around its biggest 

weakness – the majority rule. If we were to present only 

the nearest neighbor, the results could be heavily biased 

depending on what kind of data is dominating the search 

range. While presenting multiple choices doesn’t 

completely remove the possibility of this happening, it 

severely reduces it. 

 

 

Phase Three: Testing Phase 
 

To start the testing phase, more data was needed. There 

were 56 more feature extraction of flowers collected which 

were randomly selected pictures from the original training 

set. The original IVS2 Data Collector mobile application 

was used to perform the feature extraction. After data was 

collected, the testing phase was started. 

 

There are various tools available that can be used for kNN 

testing. A java based application for kNN testing, 

downloaded from 

http://www.fit.vutbr.cz/~bartik/Arcbc/kNN.htm was 

selected. With this tool, a user can just upload training data, 

testing data and the tool will show testing results. Level of 

neighbor (k) can be selected in the options menu. As SPSS 

Modeler can also be utilized for testing data, it was decided 

to use this system as well.    

 

The first test was conducted against our training data only. 

This is done by selecting unique records from the training 

data. Performing a test against the training data set shows 

a decent level of accuracy. This is done with selecting three 

nearest neighbor (k=3). 

 

Color Space Training Data Test Result 

Accuracy Level (percentage) 

CIELab 89.29 

XYZ 78.31 

RGB 85.29 

HSI 81.99 
 

Table 1. Test Results using Training Data only 

 

The next test performed was against all the collected data. 

Data collection during training phase was completely used 

for training data. The additional data collected in the 

beginning of phase 3 was marked for test data. The result 

is below. 

 

Color Space Training Data Test Result Accuracy 

Level (percentage) 

CIELab 90.81 

XYZ 82.14 

RGB 87.50 

HSI 78.57 

 
Table 2. Test Results using Test Data 

 

Using the entire original dataset for training and additional 

data for testing has improved both training and testing 

accuracy results. Now instead of the model matching 

against 4 of 5 data point for each species (using sql, 

selecting only unique records for testing), we're matching 

against 5 of 5 data points for each flower species. Where 

we used 75% of the dataset for training in the previous test, 

100% was used with to match testing data. The results 

below confirm that the more training data we use the higher 

the level of accuracy in both training and testing results.   

 

 
 

Figure 11. CIELab Overall Results 
 

The overall performance of model is calculated by 

factoring in the prediction 3 nearest neighbors. If we want 

to set the objective of the model for accuracy we must 

allow the model to predict the species and in addition to the 
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nearest neighbors. The classification tables display the 

accuracy of the prediction of the species as was as its 3 

neighbors. The Testing and Training accuracy percentage 

does not include nearest neighbors on the predicted 

species. As far as overall results, below is what we found.  

 

Color Space Overall Accuracy Level 

(percentage) 

CIELab 78.20 

XYZ 60.19 

RGB 72.00 

HSI 67.500 
 

Table 3. Overall Accuracy Results 
 

 

Conclusion 
 

During phase one we discussed the various ways to 

improve the user interface of a mobile application.  We 

considered that a more streamlined guided process should 

be implemented in the feature extraction process.  We then 

built a web application that incorporates this concept. An 

upgrade to the mobile application with these user interface 

improvements will also be built, in case of any need for 

future research.  

 

Our testing indicated that CIELab is the best color space to 

use for human-machine visual pattern recognition. The 

accuracy level achieved is significantly higher than 

performing feature extraction on other color spaces.  

Various future experiments can be done to better improve 

human machine interaction in visual pattern recognition. 

As noted there was an increase of accuracy results when 

we added more data, another research with a large data set 

could be conducted. In this research, only kNN, as a 

matching algorithm, was utilized. There are various other 

algorithms that could be utilized for matching purposes. 

Comparative analysis for accuracy will be another 

interesting future research.  
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