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Data analysis and modeling is a complex and demanding task. While a variety of soft-
ware and tools exist to cope with this problem and tame big data operations, most of
these tools are either not free, and when they are, they require large amount of config-
uration and steep learning curve. Moreover, they provide limited functionalities. In this
paper we propose Polly, an online data analysis and modeling open-source tool that is in-
tuitive to use and can be used with minimal or no configuration. Users can use Polly to
rapidly integrate, analyze their data, prototype and test their novel methodologies. Polly
can be used also as an educational tool. Users can use Polly to upload or connect to their
structured data sources, load the required data into our system and perform various data
processing tasks. Examples of such operations include data cleaning, data pre-processing,
attribute encoding, regression and classification analysis. Aside from modeling, users can
then download their results in the form of graphs in several standard visualization for-
mats. While in this paper we focus on analyzing dataset for smart farming, our tool usage
fits to a more general audience. To justify our backend design and implementation choices,
we also present a performance analysis between backend virtualization technologies (con-
tainers or serverless computing), showing both expected and surprising results.

© 2019 The Authors. Published by Elsevier B.V.
This is an open access article under the CC BY license.
(http://creativecommons.org/licenses/by/4.0/)

1. Introduction

The increasing demand for agricultural products in the context of climate change and population growth [1] is propelling
the need for smart farming solutions. Smart farming has been shown to increase the quantity and quality of agricultural
productivity. Big data and related web and IoT technologies such as machine learning are playing an essential role and
enabling many opportunities for smart farming [2].

Recent advances in UAV (Unmanned Aerial Vehicle) and imaging sensors, as well as autopilots, and GPS systems, have
enabled collection of large volumes of data with high spatial, spectral, and temporal resolution from agricultural fields, al-
lowing fast and accurate estimation of biophysical and biochemical plant traits (e.g., chlorophyll content, height, biomass,
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and photosynthesis) that are important indicators of plant stress and health, and prediction of crop yield [3]. Addition-
ally, combining UAV big data with other data sources such as environmental and meteorological variables sensed with IoT
devices, as well as related communication network, automation and supporting platforms and systems, smart farming is
able to provide significant predictive insights in farming management and sustainable agriculture, risk management and
decision-making [2], and also benefit crop productivity and food security concerns.

To answer some of these questions related to smart farming, mining and analyzing data is the key. Complex and compu-
tationally intensive tasks require multiple steps to be performed successfully, from IoT based data gathering, to data cleaning
and manipulation, for statistical analysis. Researchers often perform repetitive tasks that involves time consuming and te-
dious data cleaning operations.

The rapid growth of data sets in recent years exacerbated these problems. To quickly make decisions and obtain a basic
understanding of datasets in hand, these tasks need to be performed in a timely fashion. Examples of questions are aware-
ness of whether or not we need to collect more data from given Flying Ad-Hoc Network (FANET) sources, or the data that
our UAV have collected is sufficient to answer our hypothesis.

In our experience, often plant or climate scientists rely on proprietary cloud platforms and data analysis tools such as
RapidMiner [4], Weka [5] or SPSS [6] which either have very limited functionalities or require purchase of expensive licenses.

To cope with the lack of versatile and open-source tools, we designed and implemented Polly, an online data analysis
and modeling tool which eliminate the barrier for effective data mining. This system is designed with current technologies
that allows data integration, processing and analysis using serverless architecture [7,8], coupled with a Cassandra No-SQL
database. We built a set of API so that users can access a plethora of data analysis tools without any coding knowledge
such as linear, support vector, elastic and logistic regression. We test our Polly tool on several datasets, including on a set
of Missouri Transect EPSCoR Plant Team datasets !. Our aim is to demonstrate how to answer a few representative smart
farming data science questions. To that end, we demonstrate the use our tool Polly to run several regression models with
the aim of estimating different plant biochemical and biophysical traits e.g., chlorophyll and nitrogen concentration that are
indicative of plant growth, vigor, and yield.

2. Related Work

Various tools such as rapid miner [4], tableau [9], Weka [5], Power Bi [10]| have been created to provide users a platform
to analyze, clean, visualize, and model their data in an online or offline manner. All these tools have limitations, and they
are often tailored to specific applications.

RapidMiner is suitable for users who have data science experience. It has a powerful visualization tableau: it provides
users with various visualization options, although without the ability to download (at least the version that we have ana-
lyzed). It also allows fundamental data preprocessing; this includes joining data sets. RapidMiner is not extremely intuitive
in our opinion, so its use in education would be challenging. The use cases covered by the tool are limited to the set of
processors/modules that it contains as it runs on the host machine; as a consequence, it consumes large sets of memory,
which in turn slows down primary user’s systems. Moreover, aside from visualizing data, in most cases, analysts need to
clean or reformat data. Such data cleaning step is often performed with external tools such as Altyrex, Power BI, Python, or
even Excel.

Also, for data visualization, it is not an ideal platform to use, and their licensing fees are steep. To give a general idea
of licensing fees associated with this or other tools, we mention Tableau, one of the most expensive options. If users have
security and sharing constraints, the only option is Tableau Server that can cost $175,000 for an 8-core option, and $35
dollars per user. Alternatively, the company offers a Tableau Online version, which is limited but also costs $35 per user
(quotes as of November 2019).

Another powerful and popular tool is Power Bl which advertises itself as "a solution that places business intelligence
creation into the hands of analysts who can extract source data, create a dataset, transform or manipulate the data, visualize
the data and publish the resulting reports and dashboards”. We found that their Dashboards and reports can only be shared
with users who have the same email domains or email domains listed within an Office 365 tenant. While a dataset can
include multiple data types, Power BI reports and dashboards can only source data from a single dataset. Another limitation
that we found is the inability to import datasets larger than 100k records, at a reasonable price. Our tool is opensource, and
does not have these hardware limitations.

3. Polly Architecture

Overview. Our architecture consists of several components. A user interface, where users can upload their data (in excel
or CSV format) to apply machine learning algorithms, select a different number of parameters to be used as training vari-
ables and specify a target prediction variable. After the attribute selection phase, a user can perform a variety of statistical
data analysis and cleaning operations. Once the pre-processing dataset phase is complete, the user is asked to select among
a set of available machine learning algorithms. Once the algorithm is selected, a user can tune each hyperparameter to sat-
isfy the application requirements. The front-end interface transfers each of these operation calls to the web-service written

1 https://data.missouriepscor.org/.
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in python using Flask [11], a lightweight web framework. Our architecture is designed with scalability in mind: each Polly
processing call runs on a separate Docker container, allowing responsiveness and flexible modeling, data cleaning and data
analysis.

3.1. Application Workflow

In this subsection, we present the details of the workflow of our tool. In particular, we describe all steps necessary to use
our tool, Polly. We divide our workflow into four steps: (1) a data feeding step, (2) a statistical analysis and data processing
step, (3) an algorithm selection and tuning step, and finally a (4) result view steps (or phases).

Data feeding. In this phase, users can either upload their data in excel format or can connect to the remote SQL database
by providing an IP, a port, a database name, and the name of the table they wish to import. After importing their dataset,
users will have the possibility to select a set of training variables and specify the target/estimation variable (if they wish to
perform a machine learning operation on the dataset).

Statistical Analysis and Data Processing. In this step, users can view basic statistics of their dataset, which is automatically
performed by our system right after data upload. These analyses include computation of Mean, Mode, Median, Standard de-
viation, all percentile values and a count of null values of each data-column. Apart from these basic stats, we have equipped
our Polly with the capability of solving the missing values problem. By merely selecting the attributes, users can fill the
missing values using methods like mean, mode, median, standard deviation, most frequent, and can even drop missing
columns and rows from the data-set.

This step also includes an attribute encoding option, that can help users convert string categorical attributes in their data
to numbers using categorical or one-hot encoding, a notation that can be very useful during a data training model of some
prediction algorithm.

Algorithm Selection and Tuning. This step allows users to select the machine learning algorithm to run two types of anal-
ysis. In Polly, we support both Regression and Classification Analysis. Within the regression analysis, we have embedded six
widely used algorithms: A Linear, Lasso, Lars, LassoLars (LLR), Elastic Net Regression (ENR) and Support Vector Regression
(SVR). For classification analysis, we have embedded six popular algorithms: Gaussian Naive Bayes (GNB), Bernoulli Naive
Bayes, Ada Booster, Decision Tree, Random Forest Tree and Support Vector Classifier. Finally, users can tune the hyperpa-
rameter space of the selected algorithms.

Results and Data View. In this step, users can evaluate the results of their selected algorithm with the help of metrics
defined by each analysis type, as well as compare the performance of each selected algorithm. Then Polly can be used to
plot a series of graphs, automatically, to give insight about what data points used for training the algorithm, as well as to
evaluate the performance of the algorithms and what are the results of those predictions, for each algorithm.

4. Use Case: UAV-based Phenotyping of Soybean

To demonstrate our tool, we have tested data integration and machine learning features of Polly on a set of soybean
plant biophysical and biochemical data collected in an open agricultural field in Missouri, USA. Specifically, we demonstrated
Polly’s regression and machine learning capabilities in estimating leaf chlorophyll & nitrogen concentration, leaf area index,
above-ground fresh biomass and dry biomass of soybean.

4.1. Multi-sensor aerial images and crop biochemical & biophysical traits dataset

Plant science dataset collection. UAV imagery and plant traits mentioned above were collected from the soybean (Glycine
max) experimental field at the Bradford Research Center of the University of Missouri, Columbia, USA. Multispectral, visual,
and infrared cameras mounted on a DJI S1000 + octocopter, including Parrot Sequoia multispectral, Sony Alpha ILCE-7R RGB,
and the ICI 8640 P-series thermal cameras, were used to collect aerial images of the field. A set of plant biophysical and
biochemical traits that are important indicators of plant growth was compiled by in-situ hand measurement or laboratory
analysis of destructively collected samples. These traits include chlorophyll content (Chl a, Chl b and Chl a+b (g cm-2))
and nitrogen concentration (N), Leaf Area Index (LAI) and above ground fresh biomass (FB (g m-2)) and dry biomass (FD (g
m-2)).

Spectral indices were computed from UAV images following rigorous image pre-processing involving orthorectification,
mosaicking and radiometric calibration using the Pix4Dmapper software package (Pix4D SA, Lausanne, Switzerland). In ad-
dition, canopy structural features such as plant height (PH) was extracted using RGB imagery-based the photogrammetric
point clouds; canopy temperature was computed from UAV thermal imagery. Average pixel values for each plot were calcu-
lated zonal statistics and exported to excel format data, which was then imported in the Polly tool.

4.2. Process Overview

The Multi-sensor aerial imagery and plant traits data are analyzed by using scale-able options provided by the tool as
per our requirement. This section explains how the data is processed and the results obtained for analysis.
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Fig. 1. Uploaded data and selected attributes.
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4.2.1. Statistical Analysis

Fig. 2. Statistical description of data obtained from Polly.

First, the data in excel format is uploaded and can be viewed in the tool (Fig. 1). DB is selected as the testing variable
whereas B, G, GNDVI, Green, and Height are chosen as variables for training. For better understanding the variability and
distribution of multi-sensor aerial imagery and plant traits data, our tool shows a set of collective descriptive statistics.
These stats include mean, standard deviation, 25th to 75th percentile values and more (Fig. 2).

Apart from descriptive statistics, our tool provides a correlation matrix that can be used to identify the relationship
and strength of association among different variables in the dataset. In our data, it is clearly visible that the majority of
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Fig. 4. Data decision after applying data processing steps such as handling missing values.

the variables hold both strong positive and negative correlation which gives us confirmation that the selected variables are
significantly important to carry out this study (Fig. 3).

4.2.2. Data Processing

As missing observations have a significant impact on the training of the model, we pre-processed our data in order to
handle the missing values through methods provided by the tool that includes replacing with mean, median, mode, most
frequent or drop missing values (Fig. 4). Each method was applied and used before selection to see which yielded better
results The processed data can then be viewed, downloaded or over-written to be utilized for training of our model.
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Fig. 6. Polly allows tuning of parameters of several machine learning algorithms.

After the data has been pre-processed, we generated a few histograms to see the deviation and distribution of our vari-
able values critical for identifying trends. Moreover, scatter plots were also generated through which we were able to spot
the potential association among different variables in our data. These graphical representations serve as an efficient and
quick way to describe data (Fig. 5).

4.2.3. Algorithm Selection and Parameter Tuning

Our tool provides two modes of analysis, classification, and regression. We use regression in our use case. Our tool
supports six widely use algorithms for each analysis mode listed below. In terms of regression, it supports, linear, lasso, lars,
lasso-lars regression (LLR), Elastic net regression (ENR) and Support vector regression (SVR).
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using Polly.
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Fig. 8. Using Polly, we performed a metric comparison of plants triats (Chl-b) prediction, using based on the following parameters: R, G, B, INT, IKAW,
IPCA, Green, Red, RE, NIR, NDVI, GNDVI, NDRE and Tc.

In terms of classification, our tool supports Gaussian Nave Bayes, Bernoulli Nave Bayes, Ada Booster, Decision Trees,
Random Forest Trees, and Support Vector Classification.

These algorithms require to be tuned over different parameters as the performance of the algorithms highly depends on
the chosen parameters for model creation. Using the tool we were able to modify a number of parameter values for the
selected algorithm (Fig. 6). The tool uses default values if in case no parameter is tuned.
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R, G, and B represent red, green, and blue bands of RGB sensor, respectively. INT is color intensity index, IKAW is
Kawashima index, IPCA is principal component analysis index, PH is plant height, VF is vegetation fraction; Green, Red,
RE, and NIR represent green, red, red-edge and near-infrared bands of the multispectral sensor, respectively. NDVI is
normalized difference vegetation index, GNDVI is green normalized difference vegetation index, NDRE is normalized
difference red-edge index; Tc stats for plant canopy temperature.

Image Index Acronym Equation
RGB Red R R
Green G G
Blue B B
Color intensity INT (R+G+B)/3
Kawashima index IKAW (R B)/(R+B)
Principal component analysis index IPCA 0.994||RB|| + 0.961||GB|| + 0.914||GR||
MSI Green Band Green Green
Red Band Red Red
Red-edge Band RE RE
Near-infrared Band NIR NIR
Normalized difference vegetation index NDVI (NIR R)/(NIR +R)
Green Normalized difference vegetation index GNDVI (NIR G)/(NIR+G)
Normalized difference red edge NDRE (NIR RE)/(NIR +RE)
TR Canopy Temperature Tc Tc

Table 2

List of features extracted from UAV-based RGB, multispectral, and thermal images.

Sensor/Info.

Features

Formulation

References

MSI (Sp Features)

RGB
MSI (St features)

TR(Th features)

MSI+RGB +TIR (Te
features)

Green (G), Red (R), Red-edge (RE),
Near-infrared (NIR)

Ratio vegetation index

Green chlorophyll index

Red-edge chlorophyll index

Normalized difference vegetation
index

Green normalized difference
vegetation index

Green-red vegetation index

Normalized difference red-edge

Normalized difference red-edge index

Simplified canopy chlorophyll content
index

The enhanced vegetation index

Two-band enhanced vegetation index

The enhanced vegetation index

Optimized soil adjusted vegetation
index

Modified chlorophyll absorption in
reflectance index

Transformed chlorophyll absorption in
reflectance index

MCARI/OSAVI

TCARI/OSAVI

Wide dynamic range vegetation index

Plant Height (m) Band
Vegetation fraction (%)

Normalized relative canopy
temperature index

Gray-level co-occurrence matrix
(GLCM)

The raw value of each band

RVI = NIR / R

GCl = (NIR /G) - 1

RECI = (NIR /RE) - 1

NDVI = (NIR - R) / (NIR+R)

GNDVI = (NIR - G) | (NIR+G)

GRVI = (G - R) | (G+R)

NDRE = (NIR RE) / (NIR + RE)
NDREI = (RE - G) | (RE+G)
SCCCI = NDRE | NDVI

EVI=2.5*(NIR-R)/(1+NIR-2.4*R)
EVI2=2.5*(NIR-R)/(NIR+2.4*R+1)
EVI=2.5*(NIR-R)/(1+NIR-2.4*R)
OSAVI=(NIR-R)/(NIR-R+L) (L=0.16)

MCARI=[(RE-R)-0.2*(RE-G)] *(RE/R)

TCARI=3 % [(RE —R) — 0.2 % (RE — G) *
(RE/R)]

MCARI/OSAVI

TCARI/OSAVI

WDRVI=(a * NIR — R)/(a * NIR+R)(a =
0.12)

PH = DSM - DEM

VF=(Number of Crops e the plot /
Total number of plot pixels) * 100

NRCT =T; = Tnin/Ti — Tmax

/

(Tucker, 1979)

(Gitelson et al. 2005)
(Gitelson et al. 2005)
(Rouse Jr et al. 1974)

(Gitelson et al. 2003)

(Tucker 1979)

(Gitelson and Merzlyak 1997)
(Hassan et al. 2018)

(Raper and Varco 2015)

(Huete et al. 2002)
(Jiang et al. 2008)
(Huete et al. 2002)
(Rondeaux et al. 1996)

(Daughtry et al. 2000)
(Haboudane et al. 2002)

(Daughtry et al. 2000)
(Haboudane et al. 2002)
(Gitelson 2004)

/
(Torres-Sanchez et al. 2014)

(Elsayed et al. 2015)

(Haralick and Shanmugam 1973)
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Fig. 9. Metric Comparison of plants triats (Chl-a+b) prediction based on the following parameters: R, G, B, INT, IKAW, IPCA, Green, Red, RE, NIR, NDVI,
GNDVI, NDRE and Tc.

4.3. Multi-sensor aerial images and crop grain yield dataset

Even in this data collection phase, we acquired multi-sensor aerial images from the same soybean (Glycine max) experi-
mental field at the University of Missouri Bradford Research Center near Columbia, Missouri, USA. In this case, however, we
used A DJI S1000 + octocopter UAV integrated with Parrot Sequoia multispectral, Mapir Survey-2 RGB, and FLIR Vue Pro R
640 thermal cameras were employed to collect multispectral (MSI), RGB, and thermal images (TR) over this field. Soybean
grain yield data was obtained by a small-plot combine harvester (ALMACO SPC40, ALMACO, Nevada, IA) in October 2017
from this field. The Pix4Dmapper software (Pix4D SA, Lausanne, Switzerland) was employed to orthorectify, mosaic and
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radiometrically correct the UAV RGB, MSI and TR images. UAV imagery-based canopy spectral features (Sp) mainly repre-
sented by VIs were calculated from MSI; Additionally, canopy structural features (St) such as PH and VF were extracted from
RGB and MSI images, and the commonly used grey level co-occurrence matrix (GLCM) texture features (Te) were computed;
Moreover, the normalized relative canopy temperature feature (Th) was derived as well. For each of these raster feature
layers, average pixel values were calculated for each corresponding grain yield harvest plot by zonal statistics and exported
to excel format data.

5. Serverless Computing to Speedup Web-based Plant Scientist Operations

Serverless computing is a modern network virtualization technology that is promising to speed up time-to-response for
web services by only virtualizing what is needed at the application level. Several cloud providers such as Amazon (with
Amazon Lambda) IBM, (with Openwhisk), or Google (with Google Functions) today offer this service. Since its commercial
inception, when Amazon launched its Lambda platform, serverless became a mainstream service, attracting big customers
such as Netflix, Codepen, Nord Storm, and many more.

Our analysis shows that, while commercial solutions are ready to accept contracts, the opensource serverless scene is
not always the fastest alternative to virtual machines. In this experimental section, we assessed when is serverless the best
Cloud solution to analyze large datasets. The outcome of our experimental evaluation was then taken into account to build
our system, currently available at [12].

Using the back-end of our system architecture, we conducted a performance comparison to test when, or until when,
serverless is faster than standard container solutions such as Docker. For our tests, we used the opensource platform Open-
Whisk [13] and tested its performance with python3.6 as a runtime.

Experiment Design. Starting from datasets collected with Flying Ad hoc Network (FANETs), we process an integrated
dataset for smart agriculture using multiple iterations of multiple machine learning algorithms, namely, Linear regression,
Support Vector Regression, Elastic Net regression, Lars regression, and Lasso regression. We then compared the dataset exe-
cution time on both Docker and a serverless platform. We conducted 20 iterations for each experiment, and we report the
running time.

Main Findings. We note that whenever a machine learning algorithm is trained against a large number of attributes or
a large dataset, the execution time of serverless is much better than that of Docker, but surprisingly, when a small dataset
or a low number of attributes is provided to train, Docker containers outperforms serverless. The results of the experiments
conducted are shown in the graphs below (Fig. 13).
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Fig. 12. Validation statistics of different models for grain yield prediction: *Sp represents spectral features, St represents structure features, Th represents
thermal features, Te represents texture features, SpStTh represents spectral, structure and thermal features, SpStThTe represents spectral, structure, thermal,
texture features. ENR represents Elastic net regression, LR represents lasso regression, LLR represents LassolLars regression and Lin. Reg represents Linear
regression.
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Fig. 13. Data Processing Performance on Serverless vs Container depends on datasets size: Serverless is not always faster: The experiments was performed
on 5 attributes and 120 data points (a), 25 attributes 550 data points (c) and it is seen that Docker outperformed serverless; in the second experiment was
performed on 17 attributes and 120 datapoints (b), 36 attributes 550 data points (d) which makes serverless perform faster than Docker.

6. Conclusion

In this paper, we presented Polly, an online opensource tool for rapid data analysis and integration. Our study focused on
integrating and predicting parameters of an agricultural dataset obtained using UAV and hyperspectral cameras on a soybean
field in MO. We demonstrated our tool using regression on such datasets. We also analyzed the performance of our backend
tool comparing the response time using serverless computing as well as Docker containers finding the perhaps surprising
result that the overhead of Serverless computing is not justified (and so Docker containers outperforms serverless comput-
ing) when the number of attributes to process is fairly small. Hence, from our small performance analysis, a take-home
message is that data size and number of attributes (e.g. in a regression) play a significant role in altering the performance
of the chosen backend technology. This should be taken into account even when researchers do not use our platform. Our
tool is freely available at [12].
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