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Abstract. Agricultural yield improvement is important to handle food
insecurity mostly for developing countries. Indeed accurate knowledge
of the distribution of crops in the landscape is crucial for better man-
agement and monitoring of the agricultural sector. In recent years the
combination of artificial intelligence (AI) and remote sensing data has
been widely used for crop type mapping. Given the essential place of rice
in the Senegalese diet, increasing its production can positively impact
food security. Thus, having an estimate of its harvests can be useful to
stakeholders for better management of the rice sector in Senegal. In this
work, we aim to build an Al system with remote sensing data for rice crop
mapping in Senegal. We exploit two Al models with Sentinel-2 images
for rice mapping. The first model is based on Support Vector Machine
(SVM) and a second model based on deep learning using the Deeplab
V3+ model. Both models shows promising results even if they still very
low. The results reveals that the deep learning model provides better
performance at identifying rice crop than the SVM model which has a
lower accuracy.

Keywords: Agriculture - AI - Machine Learning - Remote sensing -
Crop type mapping

1 Introduction

The world’s population has been growing for years and, according to the United
Nations (UN), it will reach 9.7 billion in 2050 and around 11 billion in 2100%.
In addition, climate change is becoming more and more noticeable, with harm-
ful impacts on agricultural production. Seasonal irregularities, excess heat and
changes in rainfall patterns reduce yields. Thus, food security is very threatened
and becomes a subject of great importance. Therefore, crop monitoring must
be improved for better crop yield. The main component of crop monitoring is
crop mapping which is included in land cover/land use mapping. Crop mapping
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is crucial for providing accurate agricultural statistics [5], improving crop yield
estimation and water management.

Remote sensing plays an important role in agriculture monitoring and man-
agement. It has emerged as a cost-effective tool for crop type mapping over space
and time, repeatedly, and consistently at various spectral, spatial and tempo-
ral resolutions [1]. Today, satellite data is publicly and freely available. Among
them, Moderate-resolution Imaging Spectroradiometer (MODIS)?, Landsat(7,
8)3, and Sentinel(1, 2, 3, 5)* are advancing methodologies to solve environmen-
tal and societal challenges. The lunch of Sentinel-2A and 2B satellites by the
European Space Agency (ESA) provides a 5 days revised time data with high
spatial resolution(10 m for visible bands and 20 m for the remaining bands) and
has shown their potential in agricultural applications [4].

In the past decades, machine learning algorithms (MLA) have been widely
used in remote sensing as an inductive approach for pattern recognition. They
are used to extract reliable information related to crop health, distribution,
and acreage estimation. Earlier works has investigated classical MLA includ-
ing Support Vector Machine (SVM), Random Forest, Decision Trees (DT) and
Maximum Likelihood Classifier (MLC). In a first work, Saini et al. [27] used
SVM on Sentinel-2 images to classify crops. Later they studied a comparison
between Sentinel-2 and Landsat-8 by using random forest and MLC [26]. In [19],
the authors explored the identification of sugarcane plantations using Landsat-8
images and SVM. Random Forest has also been used in [32] for crop type map-
ping with Sentinel-2 data. [12] investigate DT models for land cover mapping.
These works rely on different bands from satellite images [26,27] and/or veg-
etation indices such as Normalized Difference Vegetation Indices (NDVI) [12],
Green Vegetation Index (VIgreen), Renormalized Difference VI (RDVI) [24].

In recent years, deep learning applications with satellites images for land
cover/land use (crop type mapping) mapping has emerged. Most of them are
based on transfer learning [22]. Wu et al. [33] opted for an ensemble of convolu-
tional neural networks (CNN) models including Resnet [13], Inception V4 [30],
Densenet [16], MobileNet [15] which is also used in [10] and ShuffleNet [36]. A
majority voting approach is used to classify images. In [8], Chew et al. used
VGG16 [28] as backbone and add a feed-forward network for the crop identi-
fication. Transfer learning [22] has also been explored for land cover/land use
mapping in [20] where the authors used GoogleNet [31] and VGG16 [28]. In [3],
Bah et al. has used the Segnet model [2] for mapping crops. Recurrent neural
network has also been used for crop mapping as in [23], which used an LSTM
(Long Short-term Memory) [14] and [11] which employed a recurrent CNN.

This study constitute a first step towards our goal of building an AI system
for rice crop management in Senegal which will include rice crop identification,
rice yield estimation and disease detection on rice leaves. Here, we made a focus
on crop type mapping in Senegal. We propose an ongoing work on identifying
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rice crops in Senegal using Sentinel-2 images and AI. We explore classical MLA
such as SVM and deep learning model based on Deeplab V3+ [7] and Resnet
[13]. The rest of this paper is structured as follow. We first will discuss about
the study area in Senegal and explain why we are focusing on the rice culture.
Then the data we used in this work will be explained. We will also talk about
the models that we used in this work and finally we will discuss the results we
obtained from these models.

2 Related Works

Land Use/Land Cover (LULC) based on remote sensing and machine learning
(ML) has been an active topic of research for the last decades. First works
have exploited classical ML algorithms including Random Forest (RF), Support
Vector Machine (SVM), and Decision Trees(DT). Saini et al. [26] exploit the
capabilities of RF and Maximum Likelihood Classifier (MLC) to classify different
crop typ using Sentnel-2 and Landsat 8. They also investigated SVM on Sentinel-
2 images. Their studies shows that RF performs better compared to SVM and
MLC. Tran et al. [32] achieved higher accuracy with random forest and Sentinel-2
in South Dakota (94.24% against 90.05 in Roorkee city) and smaller accuracy in
California (83.20%). More recent works such as [18] in 2020 has also explored the
power of SVM and RF for LULC classification (with a focus on rice mapping).
They made different combination of different features extracted from different
satellite imagery (Sentinel-1, Sentinel-2, Landsat-8). SVM has provided higher
accuracy on 2015 (90.16 against 88.6) dataset and RF gives better results in
2016 (95.0 and 92.7). DT algorithms have also been studied by Friedl et al.
[12]. They presented a univariate DT, a multivariate DT and an hybrid DT.
The latest gave higher accuracy on the different dataset they used. Zhang et al.
[35] made a comparative study of several machine learning models included RF,
XGBoost and SVM for rice mapping. Their experiment was carried out in two
districts, and the XGBoost and SVM models performed best (0.7742 and 0.7538
F1 score). In 2022, [25] also used RF and XGBoost to identify rice type (Tarom-
Hashemi and Shirodi) by combining Sentinel-1 and Sentinel-2 images, resulting
in an overall accuracy of 84.0% and 80.8% respectively with XGBoost and RF. A
study combining Sentinel-1 and Landsat images was also carried out by [21] for
rice mapping in China using SVM and RF. In addition to these algorithms, [6]
has also experimented with Naive Bayes (NB) and K Nearest Network (KNN)
to map rice from Sentinel-1 images.

These works have achieved good results but requires tremendous work to
manually extract multiple features that are then fit into the model for training.
Therefore recent studies are mostly focused on using deep learning models that
allow to extract deep and complex features from data and provides better results.
Paris et al. [23] have used a Long Short Term Memory (LSTM) model for multiple
crop classification and the highest accuracy they achieved was 85.87%. Attention
with Recurrent Convolutional Neural Network (RCNN) was used by Feng et
al. [11] for multi crops classification and achieved an OA (overall accuracy) of



302 M. Drame et al.

92.8%. Attention with CNN has also been used in [25] for rice classification. The
authors got an OA of 97.1% by combining Sentinel-1 and Sentinel6-2 datasets.
CNN architecture is used in [10] for crop classification and achieved an F1 score
of 88.1%. [20] has adopted two existing model (GoogleNet and VGG16) for
crop mapping in Malawi and Mozambique and achieved an OA of 83% and 90%
respectively in Malawi and in Mozambique. Likewise Chew et al. [8] used VGG16
for with a F1 score of 86%. Xu et al. [34] made a study where they compare
different deep learning models (DeeplabV3, Unet and Swin Transformer [17]) for
rice crop mapping using Sentinel-2 images. The highest accuracy is obtained from
Swin Transforme with 95.47% followed by DeeplabV3 with 90.80% and Unet
with 89.34%. However Unet and DeeplabV3 has lower number of parameters
and inference time.

3 Study Area and Dataset
3.1 Study Area

Senegal is one of the most affected countries by the lack of food self-sufficiency
and the rice constitutes the staple food. Indeed, to overcome the food insecurity
problem, we are focusing on the monitoring and management of the rice crop in
Senegal.

In this first part of our work, the study area is centered in the north of
Senegal specifically at Dagana located between 16° 30’ 38.027” North and 15°
30" 12.524"” West. Rice cultivation is more developed in this area because of the
Senegal River valley which allows cultivation throughout the year.

3.2 Dataset

Field Data: The ground truth data used in this study was provided by CER-
AAS (Centre d’Etude Régional pour I’Amélioration de I’Adaptation a la Sécher-
esse), a Senegalese organisation. They provided us 3 with shapefiles containing
rice fields coordinates for February, March and April 2018. Figurel shows an
examples from the ground truth data. The attribute Dates de_ s indicates the
date on which the field was sown. The harvest date is scheduled two months
after sowing. In overall 3133 field coordinates were collected (490 for February,
2074 for March and 569 for April).

{'type': 'Feature’,
'id': ‘o',
'properties': OrderedDict([('Dates_de_s', '2018-02-25')]),
'geometry': {'type': 'Polygon',

'coordinates': [[(378964.5507067973, 1820096.2766705956),
(378927.8651713524, 1820079.3011205588),
(378889.9047981091, 1820150.408893695),
(378919.33975281473, 1820162.3151675034),
(378964.5507067973, 1820096.2766705956)11}}

Fig. 1. Example of field coordinates from the ground truth data.
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Short Wave Infrared (SWIR)
Short Wave Infrared (SWIR)

Fig. 2. (a) Sentinel-2 Bands specifications. (credit GisGeography). (b) Satellite images.
(Color figure online)

Satellite Data: Sentinel-2 satellite images were used in this study. It provides
medium resolution images for a revisit time of 5-days. Its specifications are given
in Fig. 2a

We collected Sentinel-2 images using Earth Explorer® from April to June 2018
which correspond to the date on which the ground truth data were collected.
Four images were collected in overall on the following dates: 03"¢ April, 28"
April, 18" May and 22"¢ June. The original Sentinel-2 images were of size
5490 x 5490 x 3 where 3 is the number of bands we considered (Red, Green
and Blue). Figure 2b shows an examples of a Sentinel-2 satellite image that was
collected

In order to be able to process these images through a neural network, we
had to split them into smaller sizes. Each image was split into several images of
size 256 x 256 x 3. Given the original images extend were larger than the area
of interest, we only kept images within this area after splitting. We ended up
with a dataset of 203 images of size 256 x 256 x 3. Crop type mapping can be
seen as an image segmentation problem. Indeed, a segmented label is needed
for each input image. Following the DeepGlobe dataset [9], we used the ground
truth coordinates of rice field to map them into an RGB mask image with two
classes: Rice and Not Rice. Figures 3a and 3b shows an illustration of an image
and its corresponding mask label.

4 Modeling

Several classical machine learning (including SVM, Random Forest and decision
trees) and deep learning (Unet, Deeplab V3 and Deeplab V3+) models were
trained. The best results was obtained with SVM for classical ML models and
DeepLab V3+ for deep learning models. In the following parts, we will present
those models and the results we obtained.

5 https:/ /earthexplorer.usgs.gov/.
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Model Accuracy
Random Forest| 49.73%
Decision Trees | 47.51%

SVM 50.64%

Model 10U
Unet 66.03
DeeplabV3 +|67.87

(a)

Fig. 3. (a) Original Satellite images. (b) Mask: rice with yellow color and not rice
purple (Color figure online)

4.1 SVM

To be able to train SVM on our data, we converted our image segmentation
problem into a pixel wise classification problem. For each pixel in the satellite
images, we associate a label (Rice =1, Not Rice =0) based on its color on the
masks image. Figure 4 gives an illustration of the final dataset we used to train
the SVM model.

R G B class

62 70 73 0
69 75 87 0
87 109 88 1
59 66 74 0
61 69 72 0

Fig. 4. Tabular pixel data

The original dataset was too large (over 1 million data points) and unbalanced
with more than not rice than rice pixels. To overcome this, we randomly sampled
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50 000 pixels. The final dataset contains 25561 of not rice pixels and 24439
rice. 80% of the data was used for training and 20% for testing. We used SVM
from Sklearn and trained multiple models with different kernels (Linear and
polynomial) and C values (from 1.0 to 200). The best results was obtained with
a linear kernel with 100.0 as C value.

SVM Results: The overall accuracy of the SVM model is 50.64% on the test
set. Figureba and 5b give details of the evaluation results. They show that
the precision and recall for the class 0 (not rice) are higher than those for the
class 1 (rice) which has a very low recall. This can be explained by the fact
that the model is better at identifying not rice pixels (4168 over 5051 correct
prediction) than rice pixels (only 896 over 4949 pixels). Figures6a, 6b and 6¢
show a predicted image from our SVM model.

4000

3500
883

- 3000

precision  recall fl-score suj pport - 2500
o 0.51 0.83 0.63 5051

1 0.50 0.18 0.27 4949 [-2000

896
accuracy 0.51 10000
macro avg 0.51 0.50 0.45 10000
weighted avg 0.51 0.51 0.45 10000

Actual Positive:1  Actual Negative:0

-1000

Predict Negative:0 Predict Positive:1

(a) (b)

Fig. 5. (a) Classification report. (b) Confusion matrix

Fig. 6. (a) Original image, (b) Original mask and (c) Predicted image

4.2 DeepLab V3

DeepLab V3+ [7] is a convolutional neural network made of an encoder and a
decoder for image segmentation. Given the size of our dataset (203 images) and
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the computation power that we have, we were not able to retrain the model from
scratch. We did a transfer learning by considering Resnet [13] as backbone in the
encoder part and retrain the decoder. Adam optimizer is used for training with a
learning rate of 0.00008. Learning rate scheduler is also applied using the cosine
annealing with a minimum learning rate of 5¢~°. The model was trained for 10
epochs. DiceLoss [29] and Intersection over Union (IOU) were used to evaluate
the model. The IoU is calculated by dividing the overlap between the predicted
and ground truth annotation by the union of these.

_JAnB| TP

[ou(4,B) = |JAUB| TP+ FP+FN

(1)

— TP: True Positive
— FP: False Positive
— FN: False Negative

Given the size of our dataset only 20 images were kept for model evaluation
and the IOU was 67.87%. Figures 7c and 7f shows an example of predicted image
using our deeplab V3+ model along with their corresponding images and ground
truth masks.

Fig. 7.
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5 Discussion

The study reveals interesting results with both models (SVM and Deeplab V3+).
They were able to identify some rice pixels even if there is a large room for
improvement. The experiences we made show that Deeplab V3+ is more accurate
and provide better results than the SVM model for which IOU is around 15 %
on the test set. In both cases the performance still low. This can be due to two
facts:

The Image Resolution. Sentinel-2 provides one of the free highest resolu-
tion for satellite images. However, this resolution still low for high performance
images segmentation. To be convinced of this, we trained the same Deeplab V3+
model with the same hyperparameters on the DeepGlobe land cover classification
dataset [9] which is 50 cm resolution. We sampled the same number of examples
(203 images) and the IOU was about 80%.

Pixel Color Overlapping. Considering a binary classification(rice and not
rice) can create more confusion for the model and make the pixels identification
very hard. In fact, there is a lot of green pixels with very close values. Therefore,
using multi-class instead of binary-class classification by differentiating other
types of crop and vegetation to the rice crop may improve model performance
on rice field mapping.

6 Conclusion

The development of Al and the availability of free satellite images have been
widely used in the service of agriculture for a better yield management. In this
study, we explored them for rice crop in Senegal. The first part of this work which
is presented here shows that we can use Al and Sentinel-2 images to map rice
field in the North of Senegal (Dagana). Two experiences have been conducted
with an SVM model and a CNN model using Deeplab V3+. The outputs from
these experiences show that the later model gives better results with 67.87% of
IOU score. However, this still very low and leaves room for improvement. The
main cause that might lead to this low performance are the resolution of the
satellite images we considered here (Sentinel-2) and the pixel color overlapping.
Indeed, for future work we first plane to handle the later problem by considering
a multi-class problem instead of binary. We plan to collect data about other
types of crops and vegetation in order to help the model to better map rice
field. Then we will also build our own models that will fit better the data. If
the outputs of this setting still low, we will consider collecting higher resolution
satellite images which may requires some cost.
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