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The successful application of the crop classification method developed by CSEM in 2018 was followed by further verification to establish the robustness
of the approach. Additional crop types were analyzed, and their results demonstrated high precision in classification. The maturity of the algorithm
motivated the implementation of an online inference service integrated in the DataBio hub.

There are multiple aspects of a machine learning algorithm that
need to be investigated and developed before it reaches a
maturity that is attractive for the industry. For this purpose, the
proposed approach [1] was evaluated further with additional crops
and a service-oriented architecture was implemented.
The initial study of 2018 focused on developing a crop classifier
on wheat parcels using a temporal sequence of satellite images.
The two-step approach for building a classifier is further
evaluated with two additional crops, maize and legumes.
According to agricultural taxonomy, each crop has different subvarieties. The classifier trained using parcels of wheat subvariety W1 was also used to classify other sub-varieties of wheat.
A similar approach is used to create and test classifiers for maize
and legumes. The results are shown in Figure 1. The details of
training and testing can be found in [2].

Figure 2: Screenshot of the online DataBio platform.

In Figure 3, a parcel, highlighted in green, has been selected.
The declared crop (maize) is shown in top-left corner. Each
classifier verifies and analyzes the corresponding satellite data
and displays results as a heat map. The results below show that
98% of the pixels in the selected parcel are maize. In addition,
the aggregated results are shown as a tick or a cross for each
classifier.

Figure 1: Classification accuracy for different crops and sub-varieties.

The classifiers trained using only one sub-variety, W1 and M1,
were able to classify other unseen sub-varieties of wheat and
maize with accuracy greater than 81%. This establishes that the
classifiers learn generic features for the crop and do not suffer
from overfitting issues. Contrary to wheat and maize, the
performance for unseen sub-varieties of legumes is much lower.
This is most likely due to the natural variation of the legumes,
which contains a plethora of plants such as lentils, beans, peas,
etc.
All three binary classifiers are deployed as on online service
based on RESTful APIs. The CSEM server receives the parcel
information and infers classification results at a pixel level. The
average time for a single request takes less than 1 second to
compute the probabilities for each pixel in a parcel. The CSEM
server is capable of handling multiple requests from multiple
clients. The service is integrated in the DataBio platform [3] with
the GeoRocket [ 4] data store. GeoRocket displays the crop type
for each parcel as declared by farmers as seen in Figure 2. When
a parcel is selected, it generates a request to the CSEM server
for classification.
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Figure 3: Screenshot of results obtained for selected parcel.

The proposed solution offers an efficient way for those looking to
utilize Big Data in the agricultural domain for crop analysis. The
two-step approach offers a structured and cost-efficient way of
adding new types of crops. It is a cloud ready solution offering
privacy through the use of JWT tokens, security, scalability, low
latency and portability through Docker containerization.
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