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Development of a computer vision system for detecting signs of fire blight caused by the
bacterium Erwinia amylovora in pear trees

NIX7PNN TIWUN 'URIN VTN NP7 wain

l"v

1120 ,N'N2A0I N'NITX NOTINT NLVYIEON 17117 N9
7 N4 Tk d]

[19% ©"In — 7am ['7' 19T N

Raphael Linker, Faculty of Civil aand Environmental Engineering, Technion. Haifa 32000 E-mail:
linkerr@tx.technion.ac.il

Mery Dafny Yalin, Northern Agriculture Research & Development, MIGAL Galilee Technology Center.
P.0.B. 831 Kiryat Shemona 11016, Israel. E-mail: merydy@migal.org.il; merydy@gmail.com

nyaion Erwinia amylovora *7*7w p1a 10 T 7w nnlain n7nn nan (Fire blight) poan
NOIPN AT D'NI9N )T 0'X¥Y7 DTIN D'PT'AN .0 TN NN9WNY7 DD"NYNN D'NNY 190N
J'NNYN NNPN2 D'YYO T IR ,NNM9] YIaDY 071751 DTN T 7V Nparnn

NWYI N7NNN 172 .0"9XIT'E D'IN'0 NI DYV 7Y 117119 2¥Na 2N 121NN N7NN NINNSNN
NN'TN NIYXIAN 'K 1100 NIF7'Y9 70191 .0NnXY D'R77NN I NNIXD NAN ‘NP9 NITYa
17NN N7 NNIXa 7907 0'R7PNN 7w N7 NN YAIDN 1T ,NpPo0on

NITTIANAN DX 7207 N1 D NN NN NTNID'TH ,DMYNITI DIN'0 7V 001ANn N7NNN 17! INRN
.0"IN'0N DNIN NIX 'VNIVIN [DIXA NNTNY NAYNINNA AR NN NN T2V (12NN P71 DY
N'0 NX (1) 'ONIVIX [DINA NNTNY NAWNINN 'R NDIWN NIN'DA TPnNn VP'NON 7D DWY
NPATAN '70N2 2IWN IR K'Y DNNIN0 NNN9N DX (2) 1 DRIvn 27wa n7nnn

7'Tan7 Nan 7Y nOWa 0MIY NV 7w 0110 NWI7Y VXA IpNNN 7Y NMvn Mwn )70na
machine - "nTi? nadn" aion 0'71M NIM'o (3) 1 NMN 7w arn (2) ,0'man Ton NX
N2 N7NNN "IN'0 NX 'UNIVIX 91X NINT? * T "learning”

TR IN NNTA (IYUXRY 7T N2 DY 1T Y2 NIN'D NDWNN YTaN 72V n7nnn "n'o 'IN'T NIXY?
10 %y 17121 DN 0'7TIMN 71" ANKT7 .YTAN DY 170NN N0 DR NN 901N 7TMI NN ynan
D'MY97 IR YTAN TR DX NINTA TN [IYXRIN 7TINNY NIXIN NIRXINN .71'2 1I9NNWN X7Y Nnimn
D'WUNTI YTAN nVwn 70% > 1 D121 NIIXA 20N WD 7TINN .YTAD DINK DAITX DA AlION

790 K77 N1 IT NN'YN D' [1IAN1 NRINNN NN 7w NIRXINN DX 197 nin 7y DNI9'Y
.0j7'ND1 NI NNANKAN NN'YUNN


mailto:merydy@migal.org.il;

0012N 107'9 NTYA "IV MITR TIT2 7V N00IAN N'A%YW IT NW'A 1INND D'VIA1 072V NINT? N 7y
n e It [ nnmn 300 n ane 2y 1T 0% TmMmn .nmi7 nann My 7"an onitn anrol yax v
Jmyn Nutkn 80% n Nt (viaa X7/via1) 121 nano nadnn 3"hoa .y Ntk 10000

2 1T7 ONIT AW YT WD DX VYN 7' NJIIWRY NIW7 0N ,NTIN0 NNMID 7Y TR Ak
217 NN My DNITRN DNIR 2101 YAX N0 7V (MY MITKR 17'2) IYWKRD 12'0 :0'WIA1 D7V 'IN'T
NIIX2 NNN'T NadAN .nnmn 250 > 3"hoa ni7725n nnmn Y NNTo My Y npTa) IT W
Jnmna o'nonn 80% > nada

1YTNN NITN NP'TAY7 D'¥'7nin 0D"yn

0770 DN — 2110w T T
770 (1D — "MINR 0P T
2am — N oy T

wiN e

2222 XX XXX X222 2 2 2 X X X X X 2 2 2 2 R R R 2 R R 2 2 2 R X R R R X R 2 R 2 2 R X R XXX R R R XXX XXX XXX X 2 2

$IYNIN 9PIND NINYD
L0202 MNYIN DN NT N7IT2 DINSIND
(hnma nx gnn ) X7 :0X%n% nix'mn otinn otionn

(0"nw :INd) YT'A YOIN INIYXNNAY 9120 7V 0'VIS X'¥na? Wgzinn 72y ,121 TN *

J
7 7

__2019x1'28__ NN b J/ 71NN NN'N

7NNAN 1V11Y 0'NIoNY NnN'wn
I8 .1




Content

Background and agricultural challenge

Research objectives

Progress and main findings
Task 2.1 — Detection of disease symptoms in winter
Task 2.2 — Detection of disease symptoms in canopy

Task 2.3 — Detection of autumn blooming using images acquired by

unmanned aerial vehicle (drone)
Task 2.4 - Visualization of detection results in GIS

Departures from planned workplan and workplan for Year 3

10

11



Background and agricultural challenge

Fire blight is a disease caused by the bacterium Erwinia amylovora that affects plants
belonging to the pome fruit tree, Rosaceae family, and in particular pear trees. The E.
amylovora bacterium enters the trees through flowers or wounds, and spreads
throughout the tree via its vascular system. The rate of infection and the extend of the
damage can vary greatly from year to year depending on climatic conditions. Fire blight
causes a range of visible symptoms, each at a specific phonological stage, which are
quite easy to identify for a trained grower/adviser. However, such visual monitoring is
time-consuming and an automated system would enable much more frequent and

thorough monitoring.
Research objectives
Develop a vision system for automatic detection of

1. Disease symptoms at various developmental stages

2. Autumn blooming
Progress and main findings

We continued the development of convolutional neural networks (CNNSs) for identifying
flowers and disease symptoms. Due to the rapid technological developments in the field
of CNNs we decided to switch the analysis from Matlab to Python (Pythorch) that
enables much more efficient use of graphics processing units and reduces the
computing time considerably. All the results reported below were obtained by applying
transfer learning to the CNN VGG-16. Other models were tested and no significant

performance differences were observed.

Task 2.1 — Detection of disease symptoms in winter

We did not acquire new images this year but focused on the re-analysis of images
collected during year 1 in order to develop a procedure that would be more efficient
computation-wise. We tagged 181 images according to “trunk area” and “diseased area”
using rectangular bounding boxes. Statistical analysis showed that the width of the

boxes containing a trunk varied from 200 to 1200 pixels due to irregular tree shape, with



most trunk being contained in a 600-pixel wide box. After extracting “empty” (no trunk)

regions of similar sizes we trained a first CNN to identify image regions containing a

trunk. Altogether 725 images were used (80% for training) and the CNN classification

performance was 85%. We further checked the performance on 10 full images not used

during the training stages and observed that the trunk region was correctly detected in

all the images (no “missed detections”) but some “false positive” detections occurred.

The regions tagged as “disease” were resampled with non-overlapping boxes with size

200*600 pixels (200 pixels being the size of the smallest disease symptoms tagged),
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Figure 1: Detection of trunk (dashed rectangles) and fire blight symptoms on
trunk (solid rectangles)

leading to close to 1000
samples. A similar number
of samples of the same size
were extracted at random
locations of trunks regions
not affected by the disease.
The dataset size was
increased to over 4000
samples via standard
augmentation techniques
(image flipping and
translation) and a CNN was
trained using 75% of the
samples. The training
accuracy was 72%, the test
accuracy was 65% and the
overall accuracy was 70%.
Figure 1 shows a typical
result. The dashed
rectangles indicate the
three regions that the first
CNN identified as “trunk”.
The red solid rectangles



indicate the regions that the second CNN identified as affected by fire blight. It can be
observed that most areas affected by the disease were indeed detected but there was a

number of “false positive” detections.

Task 2.2 — Detection of disease symptoms in canopy

Pictures of trees affected to various degrees by fireblight were acquired on 6 days (See
Table 1 below). Each scene was photographed 7 times with varying aperture
corrections (from -1 stop to +1 stop at 1/3 stop increments) in order to enable future
investigation of the image exposure on the results. Half of the scenes were acquired
with a relatively wide angle (24 mm) and the other half were acquired with a narrower
angle (50 mm) to determine how the relative size of the affected area affected detection.
In each case the camera was placed in a tripod and not moved between the
acquisitions of the same scene so that the 7 images would superpose and manual
tagging was required only in one image for each scene. Each tagged area has been
characterized via two parameters: infection status (1: early infection (only blossom
infected), 2: advanced infection (branches blight just started) 3: advanced blight; 4: old
infection from previous year) and position (A: image forefront, B: deeper within the
image). These parameters were defined in order to enable future in-depth investigation
of the relationship between the size and position of the affected area and the probability
of detection. However, it must be noted that this information was not used at this point

and the results reported below are based on all tagged areas combined.

The tagged areas were extracted and various features were computed in order to
identify feature(s) that would enable fast extraction of “suspicious regions”, i.e. regions
that have some probability of being infected. The purpose of this step is too greatly
reduce the number of regions that have to be analyzed by the much more computation-
intensive CNN implemented in the second step. Therefore, this first step was designed
such that the number of missed detections was very small, at the expense of high
number of “false positive” detections. Simple thresholding of the Hue value (after
transforming the RGB in HSV space) was found to provide suitable results. The main
drawback of this simple thresholding operation (beside producing many false positives)
was that in some cases it produced unrealistically large blobs (mostly due to false



detections on branches or soil). Therefore, blobs over some predefined size were
eroded iteratively until fragments of suitable sizes were obtained. The blobs that did not
overlap with user-tagged areas were extracted to form the “non-infected” training/testing
samples. The number of “non-infected” samples was in most cases much larger than
the number of “infected” samples and, in order to avoid class imbalance, only some of
the “non-infected” samples (selected randomly) were included in the training (75%) and
testing (25%) datasets (See Table 1 below). At the testing stage, the original RGB
image was transformed to HSV space, H-thresholding was applied, blobs beyond the
specified size were iteratively eroded and the resulting “sub-images of interest” were fed
to the CNN.

The performances of various models are reported in Table 1. Initially, a separate model
was trained with the images of a specific day, mostly as a way to check the consistency
of the data. The overall performance was over 85% in most cases although in some
cases overfitting occurred due to the small size of the dataset. Next, the images of
various days were pooled in order to obtain more robust model. The overall accuracy of
this model was over 80% and more detailed results are presented in Table 2. The CNN
correctly identified 88% of the infected samples but classified 23% of the non-infected

samples as infected.

Table 1: CNN models for detecting fire blight symptoms in canopy

Model | Dataset | Number of samples (infected/not Overall accuracy (%)

infected)

Training Test Total Training | Test | Total
6 15/5 829/771 289/272 1118/1043 | 92.3 90.8 924
5 2215 559/583 187/198 1006/521 | 95.4 94.0|94.2
9 2715 180/181 57/52 236/233 94.3 78.1|92.9
3 31/5 1167/1237 | 423/366 2124/1069 | 85.8 85.3 | 85.0
10 5/6 1285/1292 | 460/457 1745/1749 | 83.7 78.0 | 82.1
14 6/6 126/136 40/42 167/178 98.0 85.9 | 95.0
17 All dates | 4748/3597 | 1646/1196 | 6394/4793 | 83.0 81.6 | 82.5

combined




Table 2: Performance of CNN trained on all datasets combined

Status predicted by CNN Correct status

Infected Not infected
Infected 4949 1308
Not infected 651 4260

Typical examples of the final detection performance are shown in Figure 2. Red solid
boxes correspond to correct detections, blue dashed boxes correspond to “false
positive” detections, and white dotted boxes indicate “missed detections” (regions that
were selected by the HSV filter but incorrectly rejected by the CNN). The yellow “+”
symbols correspond to the center of correct “false negatives” regions (regions that were
selected by the HSV filter but correctly rejected by the CNN). These figures show that
the high rate of “false positive” detection is partly due to detection of dead leaves on the
ground. Future work shall be devoted to avoiding/rejecting the detection of such leaves

which are not within the canopy.

Figure 2: Typical results of detections of fire blight symptoms in canopy. The red solid rectangles correspond to correct
detections, the blue dashed rectangles correspond to false positive detections, the white dotted rectangle corresponds to missed
detection and the + symbols indicate correct negative results, i.e. regions selected by the HSV filter but correctly rejected by the
CNN.



Task 2.3 — Detection of autumn blooming using images acquired by unmanned aerial

vehicle (drone)

The work started in Year 1 continued using the two datasets acquired in Year 1 and
1667 images captured at an orchard near Rosh Pina on November 11, 2019. In order to
apply a unified analysis framework, some of the images of Year 1 were re-tagged
according to three levels: (1: fully open large flower, 2: partly visible flower or flower
missing a few petals, 3: flower missing most (or all) petals or flower hardly visible (due
to distance or orientation). As in Task 2.2, the purpose is to enable future in-depth
analysis of the detection capabilities but at this stage all tagged flowers were included in
the analysis. The training and analysis pipelines were similar to those described in Task
2.2 but the H-thresholding operation was replaced by thresholding in the Value space to

account for the white color of the flowers.

For the images recorded in Metula in 2018, the CCN performance was: training: 83%,
testing: 79%, overall: 81%. Figure 3 shows a typical result and it can be observed that
some of the “missed detections” were in fact not actually missed but resulted from the
way the images were tagged: Each flower was tagged individually and in case the
flowers formed a cluster the whole clustered was tagged as well. Figure 3 shows that in
some cases although the individual flowers were detected correctly, the CNN failed to
recognize the whole cluster, or the opposite, the whole clustered was correctly identified
but some of the single flowers were not detected. Therefore, the straightforward
computation of the “missed detection rate” which has been used so far to quantify the
results (based on a simple one-to-one correspondence between the regions detected by
the H-thresholding filter and the CCN results) overestimates the false detection rate.
Future work shall be devoted to devising a more appropriate way to quantify the CNN

detection performance at the tree level.

The results of the CNN trained with the images recorded in Neot Golan in 2018 were
slightly worse: Training accuracy: 81%, test accuracy: 72%, overall accuracy: 81%.
These poorer results appear to be due to a combination of three factors: (1) Autumn
blooming occurred only very sparingly, so that the number of flower samples for training
the CNN is very limited, (2) The images were acquired around noon-time under clear-



sky conditions so that the images tend to be very bright, which causes the H-
thresholding filter to have a “false positive” detection rate much higher than in the
Metula dataset (ratio of tagged flowers to false positive 1/35 compared to 1/3 in Metula
dataset) and (3) the apparent size of the flowers is significantly smaller in this datatset.

Figure 3: Typical results of detections of autumn blooming. The red solid rectangles correspond to correct detections, the blue
dashed rectangles correspond to false positive detections, the white dotted rectangles correspond to missed detection and the +
symbols indicate correct negative results, i.e. regions selected by the RBG filter but correctly rejected by the CNN.

Task 2.4 — Visualization of detection results in GIS

All the images collected in the project are geo-tagged so that it is straightforward to
present the results in map format. As an example, Figure 4 shows the number of flower
detected in every fifth image recorded by the UAV while flying over a specific row. The
actual number of flowers in these images is also shown for comparison. The X and Y
axes correspond to longitude and latitude, respectively, so that the points can be readily
superimposed to an existing map of the orchard (if available).

10
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Figure 4: Map of autumn blooming according to automatic detection by CNN (left) and according to manual tagging of the
images (right).

Departures from planned workplan and workplan for Year 3

As in Year 1, the occurrence of oozing was very limited (both in terms of locations and
time) and we were not able to acquire enough images to create a database suitable for

machine learning. The attempt to detect oozing will not be continued in Year 3.

With the exception of oozing, we have successfully trained CNNs to identify all the fire
blight symptoms on which this project focuses: autumn blooming, symptoms on main
trunk in winter and leaves/flowers affected in spring. However, there is still need for
improvements, especially with regard to detection of symptoms on trunks which is the
most challenging task. Also, as mentioned above, there is a need to define a
performance index that reflects more appropriately the detection performance.
Accordingly, the third will be devoted not only to validating the existing models but also
analyze (and improve) them. In particular, we will investigate the impact of various
factors on the detection performance such as apparent size of the area affected by
symptoms, position with the image, values of the threshold used at the first stage of
detection. As mentioned above, image tagging was done in such a way that these
investigations could be conducted but it was not possible to perform this analysis in

Year 2 due to time constraints.
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