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Background of the Problem Conceptual Framework Results
= Tuta Absoluta threatens tomato productivity globally. - - U-Net Loss Results
= Originated from South America then spread swiftly to the rest of the world i, * Seamaion | — vrtcatonana| | e 055 over epochs
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= Excessive use of chemicals develops pests’ resistant. L

The Dataset

Figure 4. Training and validation loss for U-Net.

= Limited agriculture extension services.

= No effective way for early detection and quantification of Tuta Absoluta’s

damage. = Study area - Arusha and Morogoro, Tanzania.

* Two (2) inhouse experiments were set up in Arusha and Morogoro regions. Mask RCNN Loss Results

m —_— o - Dataset _ 5 3 3 5 to m ato i m a ges . Ny Training and vaIidationI-o.s-s\jr;l:gmgo]:SI;Ss o) Training and vaIidationIis-s \Ezz:l?of?;s
of Tuta absoluta Tuta absoluta had bee . X ) i 200] $ 304
2017 | reportedin almost al = Material - Canon EOS Canon EOS Kiss X7 - High resolution (5184 x 3456). ! ] [
7 African countries s 150 ] I 520 |
%125 | I"ii{.' 315« ‘x
1.00 - W'qn-q\ ; | {'P'("
O | T

0 25 50 IE) 100 125 150 175 200 0 25 50 75 100 125 150 175 200
Epoch Epoch
(a) (b)

Training and validation loss Training and validation loss

—&— Taining loss 351 ‘ —&— Taining loss

. 2.25 A1
z Validation loss Validation loss
2.00 A1 301
'{ 25
. 175 1 1 1
o P04 w1501 ¢ %20{ ¢

o ) o
= " = |

Legend
¢ Current infected locations
@ Potential invaded locations

Potential exposed locations
[J Susceptible location

0
¥
led tWW’M’?‘W’U‘?

125 A1 ‘

154

100 ‘%‘%‘n’&*&’%&“&‘gm‘e'& ﬁ'lll‘m",l') 101

0.75 A

0.5 1

0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

Epoch Epoch

CLIMEX climatic suitability indices for T. absolutain Africa. Predictions S ' _ _ - o "
are based on the eco-climaticindex (El). Source; Henri et al.,(2015) Figure 2. Different tomato leaf images of different dates.

Figure 5. Loss graph for (a) Mask RCNN-ResNet50, (b) Mask RCNN-ResNet101, (c) Mask RCNN-Resnet50 with augmentations, and (d) Mask
RCNN-Resnet101 with augmentations.

The images were labelled into healthy and infested classes. Then annotated using
Labelme VIA tools, resized and augmented.

Evaluation Metrics

o Method(s) mAP (%) loU (%) F1-Score(%)
@ -;_‘jq”;aszll‘;’;f with Severe damage Damaged fruit in farm and market
| Mask RCNN-ResNet50 31.01
Figure 1. Lava the most dangerous stage of Tuta Absoluta’s life cycle. Mask RCNN-ResNet50 with augmeﬂtaﬁOﬂS 85.67
Mask RCNN-ResNet101 31.09
Therefore, an early detection and quantification solution using Computer vision. oure 3. Image Annotations. Mask RCNN-ResNet101 with augmentations 83.60
U-Net /8.60 82.86
Targeted SDGs
- ResearCh MethOdOlogy Table 1. Evaluation Metrics Results.
POVERTY ;
M’i‘,’i‘ Model Development
= U-Net for Semantic Segmentation.
Related Works = Mask RCNN for Instance Segmentation.
Role of Deep Lea ming Oon plaﬂt diseases diagﬂOSﬁCS MOdel Evaluaﬁon Figure 6. Sample segmentations carried out by the proposed Mask RCNN model.

* Deep learning methods (AlexNet, GoogleNet, CaffeNet) for early identification

U-Net - loU & Dice Coefficient/F1-Score.

and classification of plant diseases (Brahimi, 2017; Sladojevic et al., 2016). . Mask RCNN - mean Average Precision (mAP). Conclusion and Future Work
= Mkonyi et al. (2019) developed a VGGNet model for early identification of « U-Net Loss Function:

Tuta absoluta on tomato plants. 91.9% accuracy. m = Taking appropriate control measures early could reduce costs, rescue farmers
= A ResNet50 multi tasking system for identifying and estimating plant disease L= Z —(yilog(p:) + (1 — yi)log(1 — p;)) (1) from losses and improve tomato productivity.

severity (Liang et al., 2019). 1=1 = Further improve robustness of the proposed model by expanding the diversity
» A CNN multitask system for classification and severity estimation (Esgario et " Mask RCNN Loss Function: of tomato pests and diseases.

al., 2020). Ly = Z Leas(pi, gi) + Z GiLyeg(ti, ) + Z GiLpasi(mg, m?) (2) = |In the future - Develop an expert system that suggests control measures based
i i i on estimated severity. Link farmers with nearby agrovet shops.
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