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Who | am
* My name is Matteo Marulli

* | have a master degree in computer
science (110/110)

* Now, I'm actually a PhD. Student in
Information engineering and working
at DISIT-LAB of DINFO

My research topic is «Artificial
Intelligence methods and techniques
for text understanding and risk
estimation, predictive models for
health claims management”

* But | have strong passion about
computer vision, computer graphics,
machine learning and data mining
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* Let’s breaking the ice guys
* Join on menti and answer some
guestion please
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iVnhat IS computer vision
Computer vision is a field of artificial intelligence that focuses on the

algorithms and techniques enabling computers to comprehend the contents
of an image.
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Computer vision has always found application on the industrial side

— Automated Quality Control

— Predictive maintenance
— Industrial Robot Guidance

— And so on...
* Recently, it's becoming more common to use it in smart cities for

various purposes:
— Video surveillance
— Traffic flow
— Digital twins
— And so on...
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Computer vision tasks

. There are a lot of computer
vision tasks such as:

— image matching
— Image registration
— Image stitching

* We focus and cover for this
seminary only the tasks that
enable of analyzing and
understanding the content of an
Image

Image Classification:
recognize an object in
an image.

Object Detection:

detect multiple objects
with their bounding boxes
in an image.

Semantic Segmentation:

associate each pixel
of an image with
a categorical label.

Instance Segmentation:

associate each pixel of
an image with
an instance label.

- &
Dog 1 ¢ / i\

£ S § Cat 1
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Object detection is a task that allows an algorithm to tell what is in an image
and tell where it is.

* Object detection is a more complicated task than classification because it answers

two questions (what, where)
* To answer these two questions it uses both classification (what) and regression

(W here ) / Fully-connected
layers
B “Classification head"
W" Solving the recognition problem:
; output to which category the
Convolutlpn Class scores | object belongs
and Pooling
/" Fulty-connected
layers

| I \‘ = “Regression head"

J—' ] Solving the positioning
Final conv u problem: output the x, y, w, h
feature map Box coordinates | ... ciers rapresenting the

Theiiast convolution layer” ) QQ_?!!]QU,Q"_!T??99_’{_‘!‘_,“)?_‘"1886
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2D Object detection 3D Object detection

KITTI 3D OBJECT DETECTION using PV-RCNN
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Like the classification and regression problem, even object
detection has its metric that measure the goodness of a detector

on your data:
 We see in this order:
— Intersection over union (loU)

— Avarage Precision (AP)
— Mean avarege precision (mAP)

14
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Intersection over union (loU)

Intersection over union (loU) is a metric that quantifies the degree of
overlap between two regions.

Snap4City (C), June 2022

T
CER!B§E! SITE MS ,+
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Intersection over union (loU)

Intersection over union (loU) is a metric that quantifies the degree of
overlap between two regions.

Confusion matrix

8 &
© Q
£ g >
IOU =0.96 P77 10U =0.22 i 10U = 0.00
._g_ _2 True Positive False Positive False Negative
5 g
9 )
= z . With loU:
§ = . A TP case occured when the the intersection between a BB predicted an BB ground
truthis >
. A FP case occured when the the intersection between a BB predicted an BB ground
truthis < a

. A FN case is when the detection is no occured
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lion over union (loU)

Classification Object detection
Procision — TP Procision — TP
recision = TP T FP recision = S Prediction
TP TP
Recall = ——— Recall = ——

TP+ FN 2. GT
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Average Precision U“P)

v 9 ) =
Average precision is the area under the precision-recall
curve

Precision

as [
Recall
Dl bR AN Yl S
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Average Precision (AP)
e Suppose you trained a detector and you have this test-image
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Average Precision (AP)

),
-

* For this test image you have the annotation of GT created with a
tool

Snap4City (C), June 2022
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Average Precision (AP)
* Feed the image into detector and this is the output model

sheep truck
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Preds. | Conf. | Matches | Cumulative | Cumulative Precision Recall
P FP
- - -"i " E 3 o~
_ v ',&v, h‘ Y & M L‘Jﬂ 092 | TP 1 0 1/(1+0) =1 1116 = 0.08
Detections g - 8 Y
| onw EYI ﬂ
Conf. 0.63 077 | 092 | o086 | 088 | 058 0.91 ﬁ 091 FP ! 1 1(1+1) =035 1/16 = 0.08
i P TP FP TP TP FP o~
3 088 | TP 2 1 2/(2+3) = 0.66 2/16 = 0.16
Y
0.86 | FP 2 2 0.5 0.16
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[ﬁ 077 | TP 3 2 0.6 0.25
063 | TP 4 2 0.66 0.33
| “.
ﬁ 058 | TP 5 2 0.71 0.41
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Preds. | Conf. | Matches | Cumulative | Cumulative Precision Recall
™ FP
- - o ‘i " ) ”
_ vl | e h“?‘ | Y w t'ﬂ 092 | TP 1 0 1/(1+0) =1 1/16 = 0.08
Detections i g - o Y
| e EYI L
Conf. 0.63 077 | 092 | o086 | 088 | 058 0.91 ﬁ 091 FP ! 1 1(1+1) =035 1/16 = 0.08
Matches R
GT by loU? TP TP TP FP TP TP FP ~
3 088 | TP 2 1 2/(2+3) = 0.66 2/16 = 0.16
Y
086 | FP 2 2 0.5 0.16
. TP -
Precision = [ﬁ 077 | TP 3 2 0.6 0.25
Y. Prediction
TP 063 | TP 4 2 0.66 0.33
Recall = —— =
. GT
ﬁ 058 | TP 5 2 0.71 0.41
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Average Precision (AP)

T 71

Precision
L ]
L ]
Precision
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a0 o1 02 03 04 % o8 er 1] oy
Recall Recall

* Precision values are interpolated across 11 Recall values, i.e., 0,0.1,0.2,0.3,..,1.0.
« The interpolated Precision is the maximum Precision corresponding to the Recall value greater than the

current Recall value.
« The choice of 11 Recall values is done to avoid creating a noise curve
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Average Precision (AP)
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APyog = —* (1 +4%0.71 4 6% 0) = 0.349 = 34.9%
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* AP is an indicator for one class of the performance of detector

* |f we want have a global idea of the performance of detector we
have to move to mean Average Precision (mAP)

* mAP take in consideration all the classes and it is very simple to
compute if you know how compute AP

CLASS dog person sheep truck teddy

AP 0.349 0.545 0.00 1.00 0.50

k
1 0.349 + .0545+0+ 1+ 0.5
mAP=—*ZAPi = =

=
e By varying the threshold of the IolU, different mAPs can be obtained, for example mAP@50 is obtained by imposing a

threshold at 0.5, mMAP@95 is obtained by imposing a threshold at 0.95, even more, one can average these mAPs and denote
with mAP[.5:.95]

* the choice of threshold value depend on your application, if you want that the predicted BB correspond as much as possible
to BB of ground truth you need to set an higher value for threshold otherwise 0.5 is a good and common choice

= 0.4788 = 47.88%



UNIVERSITA
DEGLI STUDI DINFO

DIPARTIMENTO DI

(P T

i @) by ol P72
= DISTRIBUTED SYSTEMS m

FIRENZE | St one | SBNGEL e CITY L=zt

ek

One-stage detector

Classification:
D Regression é

. Detection generator

Classification g
D Regresston

Input lImage

Feature extractor Input lImage

Feature extractor

(a) Two-stage Faster R-CININ (b)) One-stage RetinalNet

* The netis composed by two moduls: * the netis entirely responsible for finding
— A modul for region proposal the proposed regions and calculating the
— A module for predict the BBs bounding boxes

+ Detection with high precision

Detection with good precision
- Not suitable for real-time system

+ Suitable for real-time system

27
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* Yolo Only Look Once best know as YOLO, it is one most famous one-

stage detector
* |tis not the most accurate, but it’s one of the fastest when it comes to

prediction times.
* YOLO is a network that has been used in many real-world projects
— Video surveillance
— Drone systems

— Mobile phone
— Embedding systems

Snap4City (C), June 2022
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You Only Look Once (YOLO)

448

i

12

448 3 28 3
ST e
n2 56 3 ‘

28 »
7 7

3 192 256 512 1024 1024 1024 4096 30

Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers  Conn. Layer Conn. Layer

7x7x64-5-2 3x3x192 1x1x128 1x1x256 }x4 1x1x512 }x2 3x3x1024
Maxpool Layer  Maxpool Layer Ix3x256 3x3x512 3x3x1024 3x3x1024

2x2-s2 2x2-52 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-5-2

Maxpool Layer Maxpool Layer
2x2-52 2x2-52
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* YOLO divides the input image into an SxS (3x3) grid

¢“SNAP/ciry

» If the center of an object falls into a grid cell the cell is responsible for detecting that object whose center (the . and

green dots) falls inside the grid cell

T
S - |
o —
3 ——
s
2
1

30
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fou Only Look Once (YOLO)

* Each cell predicts a fixed number B (5) of bounding boxes and confidence scores for those boxes (the one-object rule
limits how close detected objects can be)
* Bounding Box coordinates(bx, by, bw, bh):
* width bw and height bh are normalized by the image width and height
* bx and by are offsets to the corresponding cell
* Confidence score pc: confidence that the box contains an object + box accuracy: Pr(Object) * 10Ugth pred

——

31
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: Objectness
classes Bounding box
score
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. Anchor boxes are standard boundmg boxes

Feature map with level |

 There are several and they are different for aspect ratio and scale

 They are used to make bounding box predictions

9 anchors/location

Scale 1

¢“SNAP/crry

ar3

totally generating: HW9 anchor
boxes for one feature level

- a/r: aspect ratio




UNIVERSITA NF ,
DEGLI STUDI %F(ITIMENTO Dlo Rll\‘sgmsrg;ﬁ%s%TEMs
FIRENZE | DS§iroimazione | TECHNOL OGILs LaB

that are tailored during training.
* Bounding Box coordinates(x,y,w,h):
* width w and height h are normalized by the image width and height
* xandy are offsets to the corresponding cell

* Confidence score: confidence that the box contains an object + box accuragcy:

y

b.r — O(tz) + ¢z
by = o(ty) + ¢y
bu‘ = I)U'("l I

bh = PhE€ b
Pr(object) x IOU (b, object) = o(t,)

Cx and cy are the top-left point of the cell

From YOLO2 the sigmoid function is used for computing the offset

pw and ph are respectively the width and height of the anchor box that will
be scaled by multiplying for pw and ph

¢“SNAP/airy

YOLOv2 model makes use of anchor boxes like Faster R-CNN: pre-defined bounding boxes with useful shapes and sizes

CX
E pw
: b, :
5 0(t ) I:' bx=o’(tx)+cx
Pr | b, _[ "Il : b=oCtD+c,
| (oD : b=p,e"
E E bh=phet”
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You Only Look Once (YOLO)

Algorithm 1 Non-Max Suppression
. procedure NMS(B,c)

Initialize empty set
B nImnms <_ @ pty
fOl‘ b e B dO =2 Iterate over all the boxes
‘Take boelean variable and set it as false. This variable indicates whether b(i)

|
2
3
4: discard < False souavekeptor discarded
i - for bj € B dO  startanother loop to compare with bi)
6
7
8
9

if same(b;, ;) > Anms then !t tissameior
if score(c, bj) > score(c, b;) then
discard + True sg i secadineamgs
if not discard then Once bii) isTcr::pmd with all other boxes and still the

% discarded flag is False, then b(i) should be considered. So
10. Bntrn_s (_ Bnms U -

2 addit 1o the final list,
11: return B,,,,, .

Do the same procedure for remaining boxes and return the final list
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S
Z 2(10’” + Anoots (1 = 157))(Cij — Cij)* + D> 177 (pi(c) — By (c))’
=0 7= 1=0 ceC

 The yolo loss is a multi loss
* Alocational loss
* A classification loss

* This loss must be minimised

37
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New YOLO models
* YOLO is a family of algorithms that has evolved over time.

* One of the most widely used versions is YOLOVS5 (2020) of
ultralytics but the latest versions are YOLOVS8 (2023) of Ultralytics

and YOLO-NAS (2023) of Decima map Latency (o)
YOLO-NAS S 475 3.21
Object Detection Performance Comparison YOLO-NAS M 5155 585
(YOLOVS vs YOLOV5) YOLO-NAS L 52.22 7.87
ModelSize | YOLOvV5 | vYoOLOv8 | Difference - ;{JLU_NAS SINT- 14703 236
Nano 28 37.3 +33.21% YOLO-NAS M INT- |51.0 3.78
7 T o
Small s 44.9 +20.05%
T S YOLO-NAS L INT- |52.1 478
Medium . 50.2 +10.57% 8
Large 52.9 +7.96% YOLOv8B S 47.0 4.0
YOLOVS M 50.0 6.5
Xtra Large : 53.9 +6.31%
YOLOVS L 525 9.5

*Image Size =640
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Object tracking is a task of computer vision that allows a system to assign
an id and track an object in a video

This task is very important in the real world because systems that can
perform object tracking allows:

— tracking objects and people for security reasons

counting people or objects in a room for security or data analysis purposes

counting people or objects in a room for security or data analysis purposes
understanding how far people are

— Investigate people's movements to analyze internal mobility at a hospital or

shopping centre, this analysis will yield metrics such as origin-destination
matrices.
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Higher Order Tracking Accuracy (HOTA) combines measures of
localization accuracy and identity switches to assess tracking
quality incorporating both spatial accuracy and temporal
consistency.

HOT Ay, represents true positive associations between ground
truth objects and predicted tracks

HOTA¢,, represents false negative associations, where ground
truth objects are not matched with any predicted tracks

HOTA;psw represents false negative associations, where
ground truth objects are not matched with any predicted
tracks represents the number of identity switches, where the
same object is assigned different identities or different objects
are assigned the same identity.

HOT A;gentity €evaluates the accuracy of object localization by
considering true positive associations and penalizing false
negatives and identity switches

HOTAycatization Measures the consistency of object
identities by penalizing identity switches.

& ]

[Ebrsicry]

¢V SNAP/crry

U‘M

HOTA = \/H()Tiifomffmﬁon X H()Tﬂfdénﬁfy

HOT Arpsw
HOT A, ~ HOT Arpsyy

H()-Tfléd‘:nh'fy =1

HOT A,
H()'T_r]_fp - H()Tfl_fn + H().TJ'_lID.SH_

H()'Tflfomfé:aﬁon -
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* Multiple Object Tracking Accuracy (MOTA)
provides an overall assessment of tracking
accuracy by considering various aspects of
tracking errors.

* Here, the numerator represents the sum
of missed targets (objects that were not
detected), false positives (incorrectly

MOTA =1 > (missed targets + false positive 4+ missmatch) thECted ObjeCtS){ and mi§matCheS
3" (ground truth targets) (incorrectly associated objects). The

denominator represents the total number
of ground truth targets. A MOTA score
close to 1 indicates accurate tracking with
minimal errors, while a score close to O or
negative values indicates poor tracking
performance.
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 The next algorithms are all based on a scheme called SORT and can be schematised as follows
1. From the initial frame extract bounding boxes with a detector

Use bounding boxes to extract patches of objects that have a detection in the frame

Use a cnn network to calculate feature maps for each patch

Initialises the database with feature maps and assigns each map an ID

Take the next frame f i from the source
1. From the f_i extract bounding boxes with a detector
2. Use bounding boxes to extract patches of objects that have a detectionin f_i

3. Use a cnn network to calculate feature maps for each patch
1. For fm in feature_maps

1. matching =false

2. Forid in db.ids
1. fm_track = db[id]
2. if matching(fm, fm_track) >= thresh then matching= True assign_id_to_bb(id)

3. If not matching
1. new_id = db.last_id +1
2. insert_to_db(fm, new_id)

g LN
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. D_eepS_or_t by Wojkeet. él 2_017 ié a
machine learning approch for tracking
people, assigning IDs to each person.

* Traditionally the tracking algorithms
presents the limitation that if a person &8
hid behind an object and then
reappeared, it is assigned a different
ID.

 DeepSort solves this problem by using
an Al model that compares similarity
between people, thus reducing the
issue of switching people’s identities.

43



INGEGNERIA
DELL'INFORMAZIONE

. UNIVERSITA
‘; DEGLI STUDI DARIT,HED,O
FIRENZE

DeepSort and OC-Sort
DeepSort steps for tracking

detections:
1. Compute bounding boxes using DeePSO\ZT ,‘:’mehtueemmmg
a detector

2. Use Sort (Kalman filter) and
RelD (identification model) to
link bounding boxes and tracks

3. If no link can be made, a new ID i':;>
is assigned and it is newly added {---_____ ) SEE—
to tracks.
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Target lost again Trajectory
Direction

' Zy, @
re-associated

@ New Estimation

Figure 1. Scenario where target is lost due to large Error uncertainties. The trajectory excludes the most recen
rack ctatae M ~A fron ~ o

¢ SNAP4ciry

OC-SORT Cao et al. 2022 is a novel
algorithm based on SORT

SORT typically fails to maintain track
when objects are lost/occluded or
when non-linear motion occurs. To
overcome this, OC-SORT proposes
three solutions:

— Observation Centric Re-Update (ORU)

— Observation Centric Momentum
(OCM)

— Observation Centric Recovery (OCR)
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| ORU is activated when a lost track is reQ
associated

This simply involves replacing the previous
estimations with improved data, thereby
reducing the magnitude of the
accumulated error

This 'better data' is referred to as a virtual
trajectory.

The virtual trajectory begins at the track's
last observed point in its history (zi) and
concludes with the most recent
observation, which is the last association

(zt2)

The virtual trajectory is generated in this
mannnor:

é-,g :Ztl +

¢“SNAP/airy

KF estimate trajectory @ KF estimations
tracked trajectory @ estimations by ORU

untracked trajectory untracked observations K t K
--------------- rtual trajectory tracked observations eep tracking .,
o
o i
iated _2t2 By e~ Zty ¢
re-associated -’ direction difference
o ® .-~" ®
(2] @ ..~"'.
Z, o Zt, o Zt, )
\targel lost
(a) (b) (c)

Hlustration of how ORU changes the behaviors of SORT after an untracked track is re-associated to an observation.
The circle area with shadow indicates the range that an estimate can be associated with observations close enough to it. (a).
The track is re-associates with an observation z,, at the step £ after being untracked since the time step £y, (b). Without
ORU, on the next step of re-association, even though the KF state is updated by z,,, there is still a direction difference
between the true hj Cl rg ‘J clo ry and the KF ¢ l| mates. Therefore, the track is unmatched with detections again (in blue).
(¢). With ORU, v g et a more significant change in the state, especially the motion direction by updating velocity. Now, the
state estimate (in red) is l oser to the state observation and lhq an be associated again,
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Calculation of motion direction difference in

OCM. The green line indicates an existing track and the

dots are the observations on it. The red dots are the new*
observations to be associated. The blue link and the

form the directions of 6"k and §™e"o" respectively.
The included angle is the difference of direction Af.

(P T

e
B 'Pfﬁmm

¢“SNAP/crry

The linear velocity assumption implies that an object has a consistent direction of
motion.

It turns out that the direction of motion can actually be used to more accurately
associate tracks.

In general, we can compute the motion in radians by considering the relative
displacement between two bounding boxes

1—'U2]

0 = arctan(1 =2

Where (u4, v1) and (u,, v2) are two different bounding box positions. To understand how
OCM uses motion to associate tracks, we need to understand two angles: the potential
track angle 82k and the intention angle @ntention

—  Potential Track angle: 82 links two observations on a track

— - Previous track observations are linked with every new detection

— - Each track forms an 82k with every new detection

— Intention Angle: 8™™ention [inks a past observation with a new observation

— - APast track historical observation is linked with a new associated observation

— - Each track only has one @intention
OCM compares the angles of the track (62°¢) and intention (B'"¢"t°") to get a measure
of direction: AB = | @track — gintention| “thjs s called the consistency cost. Similar to the IOU
cost matrix Cioy, the consistency cost matrix C, contains all combinations of AB. We can
express the full association cost as:

C(X,Z) = Ciou(X,Z) + ACy(Z,Z)

Where A determines how much to weight the consistency cost C,. In general this
provides a more robust association metric that accounts for direction as well as I0U.
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* |n cases where a track has come to a halt or is partially obscured, the
motion model may cease to function correctly, resulting in the track
not being associated with any detections. Even though we have
established techniques to address lost tracks, we still aim to obtain an
observation whenever possible.

* OCRis a heuristic technique that can assist in recovering a lost track by
utilizing its most recent known observation. It links the last known
observation of each unpaired track to all unpaired observations. This
constitutes an IOU-based association that occurs after the primary
track/detection association.
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DeepSort and OC-Sort

—n— doncetrack0005_GT#0 —n— doncetrack@007_GTel

* Black cross gt
* Red cross oc-sort
e green cross sort

—a— dancetrack0004 GT#3

() GT #3 on video #0003 (b) GT #0 on video #0005

—w— dancatrackd0Lld GT#2 —w= dancetrackD0lE GT&0

(d) GT #2 on video #0010 (e) GT #0 on video #0018 (F) GT #6 on video #0025

—a— dancetrack0D3d GTE#S —a— dancetrack0035 GTH#E —a— dancetrack0iE4l GTEH

(g) GT #9 on video #0034 (h) GT #6 on video #0035 (i) GT #0 on video #0041
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* We used YOLOV5 and OC-Sort to track and count people using a
thermal imaging camera that does not raise privacy concerns
(GDPR) and performed well in terms of mMAP@50, MOTA and
HOTA metrics.

* People were counted in 16 directions and we performed well in
terms of weighted F1-score.

* We early publish the paper on
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Please join the colab exercise on
yolo

We will see how training and
inference with yolov8 and yolo-
nas and tracking object with
yolov8 and several trackers

Follow menti please!
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tellite Images
A satellite image is a visual
representation of portions of the
earth's surface or other celestial
bodies obtained from an orbiting
satellite.

e Satellite images can come from a
variety of satellites, including Earth
observation satellites (such as those
of NASA and ESA), weather
satellites, communication satellites
and even spacecraft sent to other
planets or moons.

)
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Using satellite images we can study the development of an area
over time

Study an area e.g. indicate the amount of forest, agricultural,
urban areas

Studying pollution or environmental disasters
studying coastal erosion
Support for planning urban develpment
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» Satellite images are available in different formats and serve
different purposes

 These images can be used to visualise features of the Earth using
real colours or to identify a set of features using parts of the
spectrum invisible to the human eye.

* Unlike the sample image, most satellite data comes with each

C
C
e

nannel separated into a separate file for each one. These
nannels are called bands and comprise a range of the

ectromagnetic spectrum visible or not visible to the human eye.
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Satellite Imaging

* A satellite image is a multi-spectral image
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Satellite Imaging

=

* Multi-spectral images are more common than you might expect

IRR (IR Reflectography)
IRF (IR Fluorescence)

* — IRFC (IR false Color)
—— IR (Digital Infrared)

UVR (UV Reflected)
UVF (UV Fluorescence)

VIS (Visible)

E-lg-m,

km[a[ciTy |

: €
el
b=l astily
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e Satellites use a combination of sensors and on-board cameras to capture images.

 The sensors may be able to detect different bands of the electromagnetic spectrum, including visible
light, infrared and radar.

* For example landast-8 satellite has two sensors: the Operational Land Imager (OLI) and the Thermal
Infrared Sensor (TIRS).

e OLI will collect images using nine spectral bands in different wavelengths of visible, near-infrared, and
shortwave light to observe a 185 kilometer (115 miles) wide swath of the Earth in 15-30 meters
resolution covering wide areas of the Earth's landscape while providing sufficient resolution to
distinguish features like urban centers, farms, forests, and other land uses.

* TIRS was added to the satellite mission when it became clear that state water resource managers rely
on the highly accurate measurements of Earth's thermal energy obtained by LDCM's predecessors,
Landsat 5 and Landsat 7, will track how land and water is being used. With nearly 80 percent of the
fresh water in the Western U.S. being used to irrigate crops, TIRS will become an invaluable tool for
managing water consumption.
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Satellite Imaging
= C)
Wavelangth Rasalution
Bands (micromatars) (metars) Common usas
Band 1—Ceoastal aerosol 043 - 045 30 Shallow coastal water studies and estimation of the concentration of asresols In the
atmosphere
Band 2-Blue @a.45 - @a.51 38 Visible blue channel, distinguish soil from vegetation
gand 3—-Green @.53 - @.359 3@ Visible green channel
Band 4—Red 8.64 - @.67 38 Visible red channel
gand 3-Mear Infrared (NIR) @.85 - @.88 3@ Biomass estimation
Band A—SWIR 1 1.57 - 1.85% 38 S0il moisture
Band 7-SWIR 2 2.11 - 2.29 38 501l moisture
Band 8-Panchromatic @.58 - @.68 15 Sharper resolution
Band 3-Cirrus 1.36 - 1.38 32 Detection of cirrus cloud contamination
Band 18-Thermal Infrared (TIRS) 18.68 - 11.19 3@ Thermal mapping and estimating soil moisture
1
Band 11-Thermal Infrared (TIRS) 11.58 - 12.51 38 Thermal mapping and estimating soil moisture
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* Processing satellite images (or other remote sensing data) is a
computational challenge for two reasons: usually the images are
large (many megabytes or gigabytes) and many images are
needed in combination to produce the desired information.

* Opening and processing many large images can consume a lot of
computer memory. This condition places a tight limit on what the
user can do before running out of memory.
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 Computer vision can be used to understand how an area is being
used by humans, this task is called land cover

* The idea is to exploit clustering techniques to perform non-
supervised pixel-by-pixel classification

* Obviously features are important and the right channels must be
selected before proceeding in preparing the data for clustering
algorithms
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atellite images

=

Let see how to prepare the data

X eNehw

(=

7 E WL

Snap4City (C), June 2022

¢“SNAPciry ;

flatten each channel
and then concatenate
the channels
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Let see how to prepare the data
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* Now | ask you something about it
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Elbow for KMeans clustering

I | I | I I
1 2 3 4 5 6 7 8 9

Number of clusters

¢“SNAP/crry |

We can use the k-means algorithm
beacuse it is fast and is not memory
greedy

You can choice the number of cluster
using one of internal measure:

— Elbow method

— Silhouette score

— Davies—Bouldin index
— Calinski-Harabasz index
— Gap statistics

— Correlation index

:: 4| CITY
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RGB
(Bands 4-3-2)

100

200

300

400

500

600

¢“SNAP/ciry

K-Means
(N_CLUSTERS =4)

-30

25
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* Classical machine learning techniques are simple and
straightforward to use but do not provide accurate results

Deep learning-based solutions are more powerful and less
immediate to use

e Solutions based on deep learning are more powerful and less
immediate to use but provide accurate results
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segmentation
map

=»conv 3x3, ReLU
copy and crop
¥ max pool 2x2
4 up-conv 2x2
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Using deep learning the U-net networks
(Ronneberger et. Al 2015) are the standard for
image segmentation

U-Net is a convolutional neural network that
was developed for biomedical image
segmentation

U-net are model encoder-decoder networks:
— Encoder extract the features

— Decoder use the skip connection to
reconstruct the information by allucination
using deconvolution and upsampling layers

The inputs and outputs of a u-net is an
image, so the ground truths are also
images
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Satellite image
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» Soldrzano et. al in the 2021 propose a novel approach for
the task of cover land using a U-net architecture

Encoding Decoding
Input Output
Imagery ?"" ) Predicted
Image size bands ~ fhhgd classes
xv12) :
L (]
L 4 PR | ;
128x 128 x 64 |» ' —U. 7- !
‘_
64 x 64 x 64 I =
.’ ' . Convolution (3 x 3)
53128 I:ﬁ ‘ _B l Eﬂ ‘ ﬂ % Max pool (2 x 2)
i
. [ Up Convolution (2 x 2)
32x32x128 = &
., " ‘ Dropout
32x32x256 / , 2
X & » @ » 7 » o - Skipped connection
| : Softmax
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The typical U-net architecture
comprises of five hidden layers
however, in this study, due to
memory restrictions, a simpler
version of the U-net was used

Two outputs are obtained from the
U-net: the LULC classification map
and the probability map. The typical
U-net architecture comprises of five
hidden layers

The loss function is a cross entropy
for multiclass and Adam is the
optimizer method

Image size
(x v, 2)

128x128 x 64

64 x 64 x 64

64 x64x128

32x32x128

32x32x256

¢ SNAP4ciry

Encoding Decoding

Input

Imagery
bands S
T

Output

. Convolution (3 x 3)

| Max pool (2 x 2)

| Up Convolution (2 x 2)
‘ Dropout

‘ Skipped connection

| ' Softmax
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C Encoding Decoding

1 pr Input ] \ y \ Output
ﬂE?gF 1 = — E 2

C p+r ;

- Imagery §§ . T Predicted
=1 B classes

Image size bands
(x v, 2)
L
TP 128 x 128 x 64 _—"j —D‘ 1‘f_’
- ’I’P + PP 64 x 64 x 64

Iy C
‘ t - Convolution (3 x 3)

64x 64 %128 & w _? ) = F B Maxpool (2x2)

y

TP S 4 ld‘ | Up Convolution (2 x 2)
x32x
Yy = —TP n FN ‘ t - Dropout

32x32x256 @ mpsmp s ‘g

» Skipped connection

[ Softmax
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Table 1. F1-score and the difference from the highest score (AF1-scare) for each class for the MS + SAR, MS, SAR
U-net and MS + SAR Random Forests. MS: Multispectral bands, SAR: synthetic aperture radar bands, RF: Random

Figure 2. Schematic representation of the complete procedure used in the study. forests.
Imagery and LULC classes Algorithm training and validation Complete study area LULC map
acquisition and pre-processing and accuracy assessment U-Net RF
SAR Ms U-Net Most accurate model: MS + SAR MS SAR MS + SAR
Sentinel-1 Sentinel-2 5 Batch MS + SAR U-net Class
GRD 2A « avgFl- .' "
v W, VH B, G, R NIR ) X - score | Prediction F1- AF1- F1- AF1- F1- AF1- F1- AF1-
' &5 i Complete study Score Score Score Score Score Score Score Score
| area
Spatial and ! = Perclass | | Aquatic vegetation 0.15 0 0.10 0.05 0 0.15 0.04 0.1
temporal S P Fl-score | Stratified
filters R IR/ Confusion H Random S Grassland/Agriculture  0.78 0 0.77 0.01 0.69 0.09 063 0.15
256 x 256 s A matrix | Overall | Sampling Fl-score
pixel areas i |escwion accuracy ! Human settlements 0.87 0 0.87 0 0.45 0.42 0.29 0.58
sl ——I— — validation ~ , Ovenall
“ | /\hmlon s‘::)m l accuracy Old-growth forest 0.86 0 0.86 0 0.79 0.07 0.69 0.17
\ Annset Y set |
biiopss p,,‘d, per \ i Confusion avgFl- Old-growth plantations 0.62 0 0.54 0.08 047 0.15 0.43 0.19
Mlmnl c ass \> ' matrix score
subsampllng/ Roads 0.35 0.08 0.43 0 0 0.43 0.23 0.2
Random Forest
Secondary forest 0.45 0 0.34 0.1 0.20 0.25 0.33 0.12
Soil 0.65 0 0.64 0.01 0.30 0.35 0.57 0.08
Water 0.96 0.01 0.97 0 0.94 0.03 0.94 0.03

Young plantations 0.11 0 0.03 0.08 0.01 0.1 0.1 0
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b) Ground truth ) MS + SAR

U-Net predicted
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1
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LULC classes
B Aquatic vegetation | Cloud Soil
- Human settlement - Water Young plantation

Bl shadow

| Grassland / Agriculture | Road

~ Secondary forest
- Old-growth forest
- Old-growth plantation

CUSNANCWV

U-Net predicted
SAR
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* Please join to menti and follow the instruction for the tutorial on
land cover with k-means
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We are at the end of this of the seminar!

| want to share with you some tips and tricks to better develop
some Machine Learning and Deep Learning projects

the time has come to do things right for your sanity and that of
your colleagues

Join on menti for some questions
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Machine Learning Operations (MLOPS) is a practice that combines machine learning (ML) developments with
software engineering operations and best practices to enable the efficient implementation, management and
maintenance of machine learning models in production.

Software
Engineering

Machine
Learning CD4ML

CI/CD
Pipeline

o ML DevOps | %
Model
OPS

Data Engineering

Data
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 As DEVOPS even MLOPS tries to push for a sustainable,
collaborative and fast development of a software solution, in this
case an MLOPS solution

* There would be so much to talk about, but for reasons of time
one must select the material to be discussed, so we will discuss
the following tools (see next slide)
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Machine learning operations (MLOPS)

€ COOKIECUTTER ' Poet ry

GFtake Streamilit

@ my py

@ O0PTUNR

e
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* A good ML project starts from its foundations

* |f its structure is unclear and the people working with you go
crazy searching for code, tests, docs, plots and data, then you
should most probably consider reviewing the project structure

e Lucky for you there is cookiecutter, which automates the
structure of a software project on the basis of a template
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* For install cookiecutter from comand line digits:

With pip: pip3 install cookicutter
With conda:conda install —c conda-forge cookicutter

* To create a new project digits:

cookiecutter -c v1 https://github.com/drivendata/cookiecutter-data-science

«*ﬁm_

U‘M
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jalbert

tter-data-science
rsferic.jalbert/.cookiecutters/cookiecutter-data
mple_pro
repo_name [example_pi here]: name_of_re
guthor_name 2 r crEan11af11m

cing-data {(do not include

cience before.

Is it okay to delete and re-download it?

‘“SNAP/ciry
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* |f you use python | take it for granted that you know its package
manager, pip.

 Sometimes it happens that two or more packages are in conflict
and you have to handle this do it by hand, or use anaconda,
which not only manages environments and installs packages, but
also resolves conflicts between them

* Sometimes resolving conflicts by hand is difficult and anaconda
takes a long time to resolve dependencies when there are many

packages
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The solution is to use poetry
* Poetry is a tool that manages the dependencies of your code and
also manages their versions

Poetry also allows you to create readable dependency files
(pyproject.toml), so you can quickly know which dependencies
are being used in both test and production phases
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~or create a new project types poetry new poetry-demo
~or a pre-existing project types cd pre;’g;‘/”ign'if“’ieCt
f you want to add dependencies to your project, you can modify the

yaml file in the section tool.poetry.dependencies like this

[tool.poetry.dependencies]
pandas = "72.1"

Or simply types on command line poetry add pandas

To delete a dependencie you can delete the dependecie from the
section tool.poetry.dependencies

or simply types on command line poetry remove pandas
Poetry can show your project dependencies as a tree poetry show --tree
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* |f we work with Machine Learning then we must also work with
data

e Usually we are used to writing the data path in the code (hard
coding), this although immediate is not practical from the point of
view of code usability, because if the data path changes all
references in the project must then be searched and changed

* Hard coding should be avoided with Hydra
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* Hydra is a tool that allows you to work with configuration files in
python

* A configuration file is a special file where we can define global
values that can be useful at multiple points in our project

* |In a machine learning project a configuration file can be used for

write the path to data, write the hyper-parameters for the
algorithms (es learning rate, batch size, k ecc...) and other global

variable
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Type on command line pip3 install hydra-core --upgrade

In your project, create a folder called config.
In the folder, create a file called config.yaml

ibrary that is installed together with hydra, it is
used to define the hint type for function arguments that must use
a configurator o

Omegaconf is a

nject.
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r /( ( = Name
J - . )
O config.yaml|
(3 my_app.py
2 from omegaconf import DictConfig, Omegalont
3
4 import hydra
1 db : 6
2 driver: mysgl 7 @hydra.main{version_base=None, config_path=".", config_name="config"}
3 USer: omry 3 def my_app(cfg: DictConfig) -» None:
4 password: secret G print{Omegalonf.to_vaml{cfg))
18
11
12 if riame == main
13 my_app( )

* Omegaconfis a library that is installed together with hydra, it is used to define the hint type for function arguments that
must use a configurator object

* @hydra.main(version_base = None, config_path=".", config_name="config") is a decorator method that allow the
function my_app to access to the content of configuration file

89



(P T

o

UNIVERSITA DlNFO DISIT x
e %ﬁd M ’
DEGLI STUDI DIPARTIMENTO DI DISTRIBUTED SYSTEMS m]
FIRENZE | St one | SBNGEL e CITY L=zt
= 3
Name
— —
MName
conf
O my_app.py
Name
db
O _init_ ) . . .
2 from omegacont import Dictlonfig, Omegaslonf
O mysqgl.yaml 3
4 import hydra
O postgresgl.yamil 5
7 @hydra.main{version_base=None, config_path=".", config_name="config")
8 def my_appl(cfg: DictConfig) -> Mone:
g print{Omegalonf.to_vaml{cfg))
1 div: 1 driver: postgresql 16
2 driver: mysql 2 user: postgres_user 11
3 User: omry 3 password: drowssap 12 if __pame_ == "__main__ "
4 password: secret 4 timeout: 18 13 my_app()

it is possible to have more than one configuration file if there is a need, the files must be grouped in a folder and the
folder name must be indicated in the decorator method

To select the configuration file during the execution type python my_app.py +db=postgresql o type python my_app.py
+db=mysql
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from omegaconf import DictConfig, Omegalont

import hydra

3]

@hydra.main{version_base=None, config_path="conf", config_name="config")}

(=] T

ef my_appl{cfg: DictConfig) -» Mone:
print{Omegalonf.to_vaml{cfg))

* With a default list you don’t need to type python my_app.py +db=mysql you just type python my_app.py for mysql

* Postgresql is still available typing python my_app.py +db=postgresql

91



s A
ke [wovess | DINFO £ oS
Sl & DEGLI STUDI | pieagmiMentonl | DISTRIBUTED SYSTEMS e P
2027~ | FIRENZE | Neecneria AND INTERNET CITy ¢
AN DELU'INFORMAZIONE | TECHNOLOGIES LAB 6O

* When using hydra, the latter creates an output folder in the
format DD-MM-YYY and within it, depending on how many
executions it creates several sub-folders with the name HH:mm:ss

* Basically, hydra creates a log of our executions

* |f you try to do a path print within the code where hydra is used
with os or pathlib, the latter instead of returning the path to the
script being executed will print the path to the output folder:
example



UNIVERSITA
DEGLI STUDI

FIRENZE

DINFO

DI PARTIMENTO DI
INGEGN
DELL INFORMAZIONE

-‘ y WL

DISTRIBUTED SYSTEMS ‘ '

R > | CITY
- ha Y

* When you run src/main.py, hydra moves this

. ; file to src/outputs/2021-03-13/16-22-
##i main.py 21/main.pye then runs it.
import hydra * The current working directory is
from omegaconf import DictConfig src/outputs/2021-03-13/16-22-21 when you

run python main.py
@ hydra.main(config_path = "config", config_name = "config")
def func (cfg: DictConfig):
working_dir = os.getcwd()
print (f"La corrente la directory di lavoro e {working_dir}")

# Per accedere agli elementi della configurazione
print (f"La dimensione del batch e {cfg.batch_size}")
print (f"Il tasso di apprendimento e {cfg['Ir']}")

if __name__=="__main__":
func()
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* Another useful feature of Hydra is the possibility of creating log
files.

It is also possible to indicate the log level in order to identify and

understand the type of printing if it refers to debug printing, for
example...

By installing a plug-in, it is possible to associate colours to the log
levels to increase readability.
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* For installing the color plug-in types:|pip install hydra colorlog —upgrade
* Override and

— defaults:

- override hydra/job _logging: colorlog

- override hydra/hydra_logging: colorlog

$ python example/my_app.py -m

J Launching 1 jobs locally

1 Sweep output dir : multirun/2019-10-22/17-01-43

] 2
1L 1 = Info lewvel message
J[WARNING] - Warning lewvel message
1L 1 - Error level message
1L 1 - Critical level message

in your config like this:

import logging
from omegacont import DictConfig
import hydra

A Trooer FAar Fhie £3571e
- _'\_E:'\_ =) | = L3 4 4T

log = logging.getlogger(__names__)

def my_app(_cfg: DictConfig) -»> None:
log.info("Info level message")

log.debug("Debug level meszage")

= 41
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* Good python programmers can be recognised from bad ones
because they respect the PEP8 formatting style

If you follow PEP8 you do yourself and your colleagues who have
to read or work on your code a favour

Black is a python library that automatically formats code
contained in script files
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@ mainpy _ Olipynb @ example 01.py

def a_long_functionn_that_will_break_the_pep8_style_guide(paraml:int, param2:int, param3:int, paramé4:int, param5:int, paramé:int, param7:int, param8:int):

pass
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(torchGeo) matteo@matteo-G566-Stealth-105F:~/PycharmProjects/torchGeo$ black --diff src/example_8l.py

--- src/example_61.py 2023-11-07 10:45:38.564368+00:00

+++ src/example_61.py 2023-11-07 10:46:50.177603+00:00

EE -1,2 +1,11 @@

-def a_long_functionn_that_will_break_the_pep8_style_guide(paraml:int, param2:int,
- pass

\ No newline at end of file

+def a_long_functionn_that_will_break_the_pep8_style_guide(

+ paraml: int,
+ param2: int,
+ param3: int,
+ param&: int,
+ params: int,
+ paramé&: int,
+ param?7: int,
+ param8: int,
+]):

+ pass

would reformat src/example_81.py

param3:int, paramé&4:int, param5:int,

paramé:int, param7:int, param8:int):
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Terminal Local

(torchGeo) matteo@matteo-GS&6-Stealth-185F:~/PycharmProjects/torchGeo$ black src/example_81.py
reformatted src/example_81.py

A1l done! % & %
1l file reformatted.
(torchGeo) matteo@matteo-GS&6-5Stealth-185F:~/PycharmProjects/torchGeo$ D

B @ § ©

"
L]
L

1;5

O torchGeo * src > ™ axample 01.py

"an.m,

h n"fm
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# mainpy _ Olipynb @ example_01.py

1 def a_long_functionn_that_will_break_the_pep8_style_guide(
2 paraml: int,
paramZ: int,
param3: int,
param4: int,
params: int,
paramé: int,
param?: int,

param8: int,

11 pass

Snap4City (C), June 2022 100
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We all make mistakes and don't realise we have made them
Luckily for us, there's Flake-8 to point them out

Flake-8 will report unused variables, formatting errors and
violations of the PEP8 standard

For installing Flake-8 pip3 install flake8
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@ mainpy — Olipynb @ example 01.py @ example_02.py

def a_function_that_will_be_mad_flake&(paraml: int,param?: int,param3: int
,param4: int,param3: int,paramé: int,param?: int,param8&: int):

3 = print("Helle I'm a function that will be mad by flake8")
print(paraml, param?, param3, param4,params,paramé, param7, paramg)
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(torchGeo) matteo@matteo-G566-5tealth-185F:~/PycharmProjects/torchGeo$ flake8 src/example_B82.py
src/example_02.py:1:51: E231 missing whitespace after ','

src/example_B2.py:
src/example_02.py:
src/example_B2.py:
src/example_02.py:
src/example_B2.py:
src/example_02.py:
src/example_B2.py:
src/example_02.py:
src/example_B82.py:
src/example_082.py:
src/example_B82.py:
src/example_082.py:
src/example_B82.py:

:63: E231 missing whitespace after ',

:73: E283 whitespace before °,°'

:40: E231 missing whitespace after ',!'

:52: E231 missing whitespace after ',°

:64: E231 missing whitespace after ',°'

:76: E231 missing whitespace after ',°

:808: E501 line too long (181 = 79 characters)
:88: E231 missing whitespace after ',°

:17: E231 missing whitespace after ','

:24: E231 missing whitespace after ',°

:31: E231 missing whitespace after ','

:38: E231 missing whitespace after ',°

:45: E231 missing whitespace after ','
src/example_02.py:4:52: E231 missing whitespace after ',°'
src/example_B2.py:4:59: E231 missing whitespace after ','
src/exanple_02.py:4:67: W292 no newline at end of file
(torchGeo) matteo@matteo-G566-5tealth-185F:~/PycharmProjects/torchGeo$ D

O Y O S I S S I O T I T G I S T U I S S
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(torchGeo) matteo@matteo-G566-5tealth-185F:~/PycharmProjects/torchGeo§ clear
(torchGeo) matteo@matteo-G566-5Stealth-185F:~/PycharmProjects/torchGeot flake8 src/example_B82.py
sroc/exanple_02.py:1:51: E231 missing whitespace after ',
src/example_02.py:1:63: E231 missing whitespace after ',
src/example_B82.py:1:75: E203 whitespace before ',

sroc/exanple_02.py:2:40: E231 missing whitespace after ',
sroc/exanple_02.py:2:52: E231 missing whitespace after ',
sroc/exanple_02.py:2:64: E231 missing whitespace after ',
src/example_B02.py:2:76: E231 missing whitespace after ',
src/exanple_B2.py:2:88: E581 line too long (181 > 79 characters)
src/exanple_B2.py:2:88: E231 missing whitespace after ',°'
sroc/exanple_02.py:4:17: E231 missing whitespace after ',
sroc/exanple_02.py:4:24: E231 missing whitespace after ',
src/example_02.py:4:31: E231 missing whitespace after ',
src/example_02.py:4:38: E231 missing whitespace after ',

:45: E231 missing whitespace after ',°'

srocfexanple_02.py:4:52: E231 missing whitespace after ',

sroc/exanple_02.py:4:59: E231 missing whitespace after ',

src/example_02.py:4:67: W292 no newline at end of file

(torchGeo) matteo@Pmatteo-G566-5Stealth-185F:~/PycharmProjects/torchGeo$ black src/example_82.py
reformatted src/example_B82.py

src/example_B2.py:

S I I A O (N IS I S T ST O T O T O ST R

A1l done! % = %

1 file reformatted.

(torchGeo) matteo@Pmatteo-GS66-5tealth-185F:~/PycharmProjects/torchGeo$ flake8 src/example_g82.py
(torchGeo) matteo@matteo-G6566-5tealth-185F:~/PycharmProjects/torchGeo$ D
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@ mainpy _ Olipynb @ example 01.py @ example_02.py

1 def a_function_that_will_be_mad_flake8(
2 paraml: int,
param?2: int,
param3: int,
param4: int,
paramS: int,
paramé: int,
param?: int,

paramd: int,

11 print("Hello I'm a function that will be mad by flake8")

12 print(paraml, param2, param3, paramé4, param3, paraméd, param?, param8)
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@ mainpy — Olipynb @ example 01.py @ example_02.py

def a_function_that_will_be_mad_flake&(paraml: int,param?: int,param3: int
,param4: int,param3: int,paramé: int,param?: int,param8&: int):

3 = print("Helle I'm a function that will be mad by flake8")
print(paraml, param?, param3, param4,params,paramé, param7, paramg)
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When writing python code, it is good practice to write all imports
at the beginning of the script file

It sometimes happens that you write an import anywhere in the
script file

This, although python allows it, is best avoided

I-sort sorts all imports back to the beginning of the script

Types on command line pip3 install isort

Snap4City (C), June 2022
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@ mainpy _ Olipynb @ example 01.py  example 02py @ example_03.py *

1 import pandas as pd

2 import numpy as np

import seaborn as sns

& from sklearn.model_selection import train_test_split

import matplotlib.pyplot as plt

from sklearn.metrics import accuracy_score, recall_score, precision_score, fl_score, log_loss, confusion_matrix
from sklearn.tree import DeclisionTreeClassifier, export_graphviz

import itertools

from sklearn import tree

1C from sklearn.preprocessing import S5tandardScaler
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I-sort

(torchGeo) matteo@matteo-GS66-5tealth-185F:~/PycharmProjects/torchGeo$ isort src/example_83.py --diff
--- /home/matteoc/PycharmProjects/torchGeo/src/example_B83.py:before 2023-11-07 14:40:20.671403
+++ [home/matteo/PycharmProjects/torchGeo/src/example_B3.py:after 2023-11-87 14:42:25.231273
@@ -1,11 +1,12 @@
+import itertools
+
+import matplotlib.pyplot as plt
+import numpy as np
import pandas as pd
-import numpy as np
import seaborn as sns
+from sklearn import tree
+from sklearn.metrics import (accuracy_score, confusion_matrix, fl_score,
+ log_loss, precision_score, recall_score)
from sklearn.model_selection import train_test_split
-import matplotlib.pyplot as plt
-from sklearn.metrics import accuracy_score, recall_score, precision_score, fl_score, log_loss, confusion_matrix
+from sklearn.preprocessing import StandardScaler
from sklearn.tree import DecisionTreeClassifier, export_graphviz
-import itertools
-from sklearn import tree
-from sklearn.preprocessing import StandardScaler
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& mainpy

1 import

import
4 import
import

import

Olipynb @ example 01py @ example 02py @ example 03.py =

itertools

matplotlib.pyplot as plt
numpy as np
pandas as pd

seaborn a5 sns

from sklearn import tree

from sklearn.metrics import (accuracy_score, confusion_matrix, fl_score,

log_loss, precision_score, recall_score)

1C from sklearn.model_selection import train_test_split

11 from sklearn.preprocessing import StandardScaler

12 from sklearn.tree import DecisionTreeClassifier, export_graphviz

¢“SNAPciry
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* Unlike languages such as Java or C++ which have a static type-
checker, Python has a dynamic type-checker

* Having a dynamic type-checker allows Python to be more flexible
in evaluating expressions

* However, this flexibility can backfire when analysing code and
writing functions or methods

 Mypy counters the type of the expression as if it were a static
type-checker language

* Types on command linepip3 install mypy

Snap4City (C), June 2022
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Mylpy]

# mainpy _ Olipynb @ example 01.py ® example 04.py ©* @ example 02.py @ example_03.py

2 usages
pi def greeting(name: str):

return 'Hello' + name

[> 4if __nmame__ == '__main__
print{greeting('World'))
print({greeting(123))

= number = input('Insert a number: ')

1 print{number+1)
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Mylpy.

Terminal Local

(torchGeo) matteo@matteo-GS&66&6-Stealth-185F:~/PycharmProjects/torchGeo$ mypy src/example_84.py
crofexanple_B4.py:&: error: Argument 1 to "greeting"™ has incompatible type "int"; expected "str" [arg-type]
src/example_04.py:10: error: Unsupported operand types for + ("str" and "int") [operator]

Found 2 errors in 1 file (checked 1 source file)

(torchGeo) matteo@matteo-G566-5tealth-185F:~/PycharmProjects/torchGeo$ I
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@ mainpy _ Olipynb @ example 01.py @ example 0d4.py = @ example 02py @ example_03.py

2 usages
? def gresting(name: str):

return 'Hello' + name

2 usages
def greeting_new(name):

return 'Hello' + name

i[>  if __nmame__ == '__main__"':
print(greeting('World'))

1 print(greesting(123))

11 number = input('Insert a number: ")

12 = print(greeting_new('World'})

13 print(greeting_new(123})

1 print(number+1)
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Mylpy.

Terminal Local

(torchGeo) matteo@matteo-G566-5tealth-105F:~/PycharmProjects/torchGeo$ mypy src/example_B4.py
src/exanple_04.py:8: error: Argument 1 to "greeting™ has incompatible type "int™; expected "str™ [arg-typel
src/exanple_84.py:168: error: Unsupported operand types for + ("str" and "int") [operator]

Found 2 errors in 1 file (checked 1 source file)

(torchGeo) matteo@matteo-G566-5tealth-105F:~/PycharmProjects/torchGeo$ mypy src/example_B4.py
src/exanple_04.py:10: error: Argument 1 to "greeting” has incompatible type "int™; expected "str™ [arg-typel
src/exanple_B4.py:14: error: Unsupported operand types for + ("str" and "int") [operator]

Found 2 errors in 1 file (checked 1 source file)

(torchGeo) matteo@matteo-G566-Stealth-185F:~/PycharmProjects/torchGeo$ I
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| know writing documentation is boring, but someone has to do it

When a project starts to grow, it happens that one forgets to
write documentation for certain classes or functions

Interrogate goes in search of discovered documentation codes

Types on command line pip3 install interrogate
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(torchGeo) matteo@matteo-GS&66-Stealth-105F:~/PycharmProjects/torchGeo$ interrogate src/
RESULT: FAILED (minimum: 88.0%, actuval: 8.8%)
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(torchGeo) matteo@matteo-G566-Stealth-185F:~/PycharmProjects/torchGeo$ interrogate -v src/
Coverage for /home/matteo/PycharmProjects/torchGeo/src/

—————————————————————————————————————————————————————————————————————————————————————————————————————————————— LT =T e g
| Name | Total | Miss | Cover | Cover® |
|=mmmmmmm |=mmmmmmm |=mmmmmmm |=mmmmmmmm |- |
| example_B1.py | 2| 2| 8l % |
| example_B2.py | 2| 2| 8l % |
| example_B3.py | 11 11 8l % |
|=mmmmmmm |=mmmmmmm |=mmmmmmm |=mmmmmmmm |- |
| ToTAL | 5 1 5 1 ol 8.0% |
——————————————————————————————————————————————————————————————————————————————————————————— RESULT: FAILED (minimum: 88.8%, actual: B.BH) - oo - mm oo oo oo oo oo oo oo o oo oo o oo o oo oo—oooooooo-o-
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(torchGeo) matteo@matteo-G566-Stealth-18SF:~/PycharmProjects/torchGeo$ interrogate -vv src/

========= ====== Coverage for /home/matteo/PycharmProjects/torchGeo/src/
--------------------------------------------------------------------------------------------------------- Detailed COWEPage === == - == oo oo oo o e e e e e mesomso—soo--oo-os
| Name |
| == = oo [
| example_81.py (module) | MISSED |
|  a_long_functionn_that_will_break_the_pep8_style_guide (L1) | MISSED |
| == = oo [ = = = o oo |
| example_B2.py (module) | MISSED |
| a_function_that_will_be_mad_flake8 (L1) | MISSED |
L= = s == = |
| example_83.py (module) | MISSED |
| == = oo [ = = = o oo |
—————————————————————————————————————————————————————————————————————————————————————————————————————————————— S Y == = = === = =T = =T oo oo s oo o e o o oo —ooo——o——-—------

| | | |

| | | |

| example_81.py | | | |
| example_B2.py | 2 1 2 81 8% |

| example_B3.py | | | |

| | | |

| | | |

(torchGeo) matteo@matteo-GS66-Stealth-185F:~/PycharmProjects/torchGeo$ |:|
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* Have you ever tried using git to version your data or your model?

* |t should not surprise you that git has a limit on the size of
resources to version

* When you want to use versioning datasets and models, you have
to use the data git Data Version Control DVC

* With DVC you can track structured data such as csv, json but also
unstructured data such as images or text

* The commands are identical to those in git
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* The installation of dvc depends on your operating system and | recommend
you follow the documentation on the DVC website

1. After doing git init type dvc init

2. The second step is to create the remote repository (let's use google

drive)Create a folder on the google drive that follows this structure DVC-
>data->repo_name

3. Copy the last part of the link address link_copyType in terminal dvc remote
add -d storage drive://link_copy

4. Commit to the git git commit .dvc/config -m "configure remote storage
Perform push with dvc dvc push

6. Give permission to dvc to access, edit and delete files on the repository
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 We inform dvc which files or folders to keep track of with:

dvc add <resource_name>

d resource which generates a file with the same name but

* dvcac
which is nothing

which has the extension .dvc
more than a file containing metadata

e Afterwards you have to inform git as suggested by dvc:

git add data/.gitignore resource_name.dvc

* Run git commit -m 'add resource data’
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* To send new data to data repository type dve push
* To pull on your local machine the data type dve pull
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* When developing a Machine Learning project, we do not just
develop one model but a series of models

0000 pl DRZ 3.11 - not super eval 0001 p2 DRZ .22
mag_thresheold 0.21 mag_threshold 0.12
2L 300N BLSTM (BasicL3TM) 2L 300N BLSTM_ clean (LSTM & many
20D reworks) - note, this was the
sigmoid massive model rewrite
fdamOpt mizer 20D
100 frames sigmoid
dropout 1.0 AdamOptimizer
zero input and label 100 frames
log(x+1.0) dropout 1.0
103300 training, 2000 CV zero input and label
model : log(x+1.0)
weights20170224-005946 v10.1419 10330 training, 2000 CV
(pl, loss .1419, epoch 40 [task0]) model :
MEAN IEM SDR GAIN: 2.324 - weights20170224-032054_v10.1418
with 0.15 thresh during cluster (p2, loss .1418, epoch 40 [task0])
STD IEM SDR GAIN: 2,276 MEAN 4bV SDR GAIN: 2.056 -
MEAN IBM SDR GAIN: 2.110 - with 0.15 thresh during cluster
with 0.32 threshold during cluster STD IBV SDR GAIN: 2.214
STD IEM SDR GAIN: 2,254 MEAN IBM SDR GAIN: 2.068 -
with 0.32 threshold during cluster
STD IBM SDR GAIN: 2.205
EAN IBM SDR GAIN: 2.108 - with
fancy best SDR of the two system
(eval sdr2.py)
STD IBM SDR GAIN: 4,114
MEAN IEM SDR GAIN: 5,915 -
using EXACT script measuring both
voices gain (SUPER_EVAL)
STD IBM SDR GAIN: 4,349
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* All these models arise from different experiments where each
experiment differs from the other due to a change of hyper-
parameters, new data, a change of architecture, etc....

0000 pl DRZ 3.11 - not super eval 0001 p2 DRZ 3
ma 1d 0.21 m

A B «» L M N 0 P
;| Experiment Name Created train_loss valid_loss acc traffic_acc road_acc
>'| best car acc (50% data) 2021-04-14 0.5375041962  0.442730248 0.8823291659 0.8663836718 0.9399003386
best traffic acc (50% data)) 2021-04-14 0.4919361174 0.4202951491 0.8879730701 0.8718349934 0.9439761043
best overall IOU (20% data) 2021-04-14 0.5095784068 0.4658596516 0.8725891709 0.8592621684 0.9359762073
major-sweep-196 2021-01-31 0.5705417991 0.4875227213 0.8698127866 0.8570468426 0.9454026222
swept-sweep-164 2021-01-31 0.5535062551 0.4849829972 0.8701210618 0.8567070365 0.9204238057
silver-sweep-139 2021-01-31  0.563354373 0.5251165628  0.871628046  0.846842885 0.9262287617
laced-sweep-115 2021-01-31 0.5277443528 0.5124291778 0.8705932498 0.8521561027 0.9389513731
eager-sweep-97 2021-01-31 0.5488699675 0.5005864501 0.8738754392 0.8612990975 0.913561523
rich-sweep-88 2021-01-31 0.5587444901 0.5211353302 0.8785927892 0.8512274623 0.9295567274
hopeful-sweep-33 2021-01-31  0.503461957 0.4650281966 0.8706912994 0.8560319543 0.9387732744
autumn-sweep-24 2021-01-31 0.5777919888  0.500880897 0.8755427003 0.8561192751 0.9181208611
decent-sweep-21 2021-01-31 0.5714729428 0.4979581237 0.8745227456 0.8490597606 0.9463140965
vague-sweep-5 2021-01-31 0.6230331063  0.473508656 0.8732874393 0.8601382971 0.9297611117
Second best acc 2021-01-31 0.4194990396 0.4509823024 0.8873019218 0.8705806732 0.9445936084
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* |t doesn't matter at some point these experiments will become too many
and your boss will ask you for that experiment where that 97% fl1-score

was reached and you have no idea which experiment it corresponds to
because you stopped tracklng the experiments.

0000 pi DAZ 3.11 © 0001 p2 DRE 3.2

C

A B <« L M N 0 P
 =i| Experiment Name Created train_loss valid_loss acc traffic_acc road_acc
4 -'| best car acc (50% data) 2021-04-14 0.5375041962  0.442730248 0.8823291659 0.8663836718 0.9399003386
! 7 best traffic ace (50% data)) 2021-04-14 0.4919361174 0.4202951491 0.8879730701 0.8718349934 0.9439761043

best overall IOU (20% data) 2021-04-14 0.5095784068 0.4658596516 726241700 RAA2A21684 Q35076
major-sweep-196 2021-01-31 0.5705417991 0.4875227213
swept-sweep-164 2021-01-31 0.5535062551 0.4849829972
silver-sweep-139 2021-01-31  0.563354373 0.5251165628 Shiow s doaroad i QFilter tags (regular expressions supported;
laced-sweep-115 2021-01-31 0.5277443528 0.5124291778 TR
eager-sweep-97 2021-01-31 0.5488699675 0.5005864501| ropuncortng  default - _—
rich-sweep-88 2021-01-31  0.5587444901 0.5211353302 Jheivod. GO SNNOPY
hopeful-sweep-33 2021-01-31  0.503461957 0.4650281966| . .. N
autumn-sweep-24 2021-01-31 0.5777919888  0.500880897 > ~ 0680
decent-sweep-21 2021-01-31  0.5714729428 0.4979581237 00450
vague-sweep-5 2021-01-31 0.6230331063  0.473508656| . . .. 0030
Second best acc 2021-01-31  0.4194990396 0.4509823024 i

Runs

Step Time Relative
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 Weight and Bias (Wandb) is a tool that allows you to track and
visualise your experiments

 WandB can run locally by downloading the docker image or as a
service on a remote server

* |t began as a tool for tracking and sharing experiments, but over
time has evolved and can now be used for data and model
versioning and optimisation



UNIVERSITA
DEGLI STUDI

FIRENZE

DINFO

IPARTIMENTO DI
INGEG ERIA
DELL'INFORMAZIONE

»

=D

DISIT

RLISJ'I:“BWED SYSTEMS
TECHNOLOGIES LAB

"SNAP/ciy 2

@ Name & traln_data test_data test_acc loss
4
® v Group: double 5K 2 3 5K ["half_full" large™]  0.8748 0.2345 0
® @ » JobType eval 2 5K "half_full""large™] 08748
® @ » Job Type: train_model 5K 0.2345 "'
® = Group: baseline 5K 2 3 5K |"hall_fall""large”| 0.8385 0.005867 ~
@ @ JobTypeeval 2 5K "hall_full""large™]  0.8385 B
® @ ¥ Job Type: train_model 5K 0005867
Experiment configuration 1
® v Group: baseline_accessories CCessOnies 1"half_taAI"Clarge”"s  0.3466 0.06003 ¢ =
@ JobType eval ¢ ACCRSHONIes ["half_fulllarge™"r 03456
double_SK bassline_5K
® @ » Job Type: train_model  accessories 0.06003
Datcn_size 34 34 2
® » Group: baseline_clothes 2 clothes ["half_fll*"lacge™" 05365 0.2822 &
canv_kernel 5 5 5
® @ » JobType:eval 4 clothes |“half_full* large"s 05365 epachs 5 5 5
1L_size 64 2 2
@ @ ¥ Job Type: train_model  clothes 02822
12_size 128 64 “
® v Group: baseline I 5 all ["half_full""large™"r 0826 0.1976 Ir 0.002 0.001 0.001
¢ fali*® o o . P
® @ » Job Type:eval 4 all ["half_fillVlarge”"r  0.826 - LNl arg...  ("hall_ful
® @ » Job Type:train_model  all 0.1976
Tables 5
® « Group: double 2 5 accessories ["halt_fall""large”"s 03396 0.01346
runy, sewary (" avaluation®) 1
® @ JobType-eval 4 Bocessories ["half_fall"large™"r 03396 . X
v Group by (treth) guess
@ @ » Job Type: train_model  accessocies 0.01346 P “
| oy .
® v Group: double_clothes 2 clothes [“half_full*"large®"s 0.5885 13719 la Anbbe Boct rere Il
Sreane
v @ JobTypeeal 4 clothes ["half_full""large”"s 05485 0 1mee 2000 30f
value_coust
@ @ » Job Type:train_model  clothes 1379 ey = 1
[ |
® » Group: double_all 2 5 all ["half_full"large™ 07535 0.004875 & Bay e ‘
19+ of§ bl
—
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tost_ac c
t
alf | large 874 l

Get started in 60 seconds ‘ s, PN o

'pip install wandb # Install W&B "
wandb.init() # Start experiment “ :
wandb.log(metrics) # Log metrics + more! . G "

;;;;;;

Growp by (truth)
© @ » JobTypeeval 4 clothe alf full""laree sans

i o Em
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* To push a machine learning model to its limits on a dataset, you
have to look for the best values for the hyper-parameters in your
model

* Surely you have used grid search and random search at least
once, so you are not new to parameter tuning and know the
pitfalls of this practice

* A best way to perfom the search of the hyper-parameters is to
use Optuna
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* Optuna is a state-of-the-art hyperparameter optimization library

* Optuna enables users to adopt state-of-the-art algorithms for
sampling hyperparameters and pruning unpromising trials. This
helps to speed up optimization time and performance greatly
compared to traditional methods such as grid search o random
search

* Optuna uses the Bayesian optimization theory to search the best
value for the hyper-parameters
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* Bayesian optimization methods search for global optimization by
iteratively building a probabilistic model of the function mapping
from hyperparameter values to the objective function

* The probabilistic model captures beliefs about the behavior of the
function to form a posterior distribution over the objective
function

* Using Bayesian theory, Optuna almost always manages to do
better than traditional search methods without the need for
expensive hardware and in a fairly time.
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Using Bayesian theory, Optuna almost always manages to do
better than traditional search methods without the need for

expensive hardware and in a fairly time.
* To install optuna type | rip3install optuna
* To start use optuna we need of two things:

— Define a function called
— Define a
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import optuna

import sklearn.datasets
import sklearn.ensemble
import sklearn.model_selection

import sklearn.svm

# FYI: Objective functions can take additional arguments

# (https://optuna.readthedocs.io/en/stable/faq.htmlfobjective-func-additional-args).

def objective(trial):
iris = sklearn.datasets.load_iris()
X, ¥y = iris.data, iris.target

classifier_name = trial.suggest_categorical("classifier", ["SWC", "RandomForest"])
if classifier_name == "SVC":
svc_c = trial.suggest_float("svc_c", 1le-108, 1el8, log=True)
classifier_obj = sklearn.svm.SVC(C=svc_c, gamma="auto")
else:
rf_max_depth = trial.swvggest_int("rf_max_depth", 2, 32, log=True)
rf_n_estimators = trial.suggest_int("rf_n_estimators", 10, 1008)
rf_max_features = trial.suggest_categorical("rf_max_features", [None, "sgrt", "log2"])
classifier_obj = sklearn.ensemble.RandomForestClassifier(
max_depth=rf_max_depth, n_estimators=rf_n_estimators, max_features=rf_max_features

score = sklearn.model_selection.cross_val_score(classifier_obj, x, y, n_jobs=-1, cv=3)
accuracy = score.mean()
return accuracy
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study = optuna.create_study(direction="maximize")
study.optimize(objective, n_trials=1808)
print(study.hest_trialﬂ
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In 9 1 plot_param_importances(study)
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1 1 0.966667 2023-11-07 22:44:12.707531 2023-11-07 22:44:13.134972 0 days 00:80:00.427441 RandomForest 8.0 None 16l1.8 NaN COMPLETE
2 2 0.966667 2023-11-07 22:44:13.136063 2023-11-07 22:44:13.403994 0 days 00:80:00.267931 SvC NaN NaN NaN 2.111439e+81 COMPLETE
3 3 0.966667 2023-11-07 22:44:13.404784 2023-11-87 22:44:14.513376 0 days 00:80:91.108592 RandomForest 6.0 log2 256.8 NaN COMPLETE
4 4 0.320080 2023-11-87 22:44:14.514113 2023-11-87 22:44:14.5273083 0 days 08:88:80.013198 sVC NaN NaN NaN 4.648189e-87 COMPLETE
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7 7 0.960008 2023-11-07 22:44:14.555534 2023-11-07 22:44:14.568693 0 days 00:00:00.813159 sSVC NaN NaN NaN 5.3958609e+09 COMPLETE
8 8 0.960008 2023-11-07 22:44:14.569274 2023-11-07 22:44:14.582811 0 days 00:00:00.813537 SVC NaN NaN NaN 6.889738e+02 COMPLETE
9 9 0.966667 2023-11-07 22:44:14.585592 2023-11-07 22:44:14.965305 0 days 00:00:00.379713 RandomForest 13.8 sart 445.0 NaN COMPLETE
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There are several reasons why even if you are an Al researcher or
machine learning engineer you will need to make a front-end for
your application

Streamlit is an open source framework designed to develop
interfaces for ML projects

Allows you to create a front-end in Python without being an
expert

Allows easy project deployment
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Welcome to SYNTHIA!

SYNTHIA, I want to & Q

* Go to homepage
Summarize text
Paraphrase text
Analyze text

Contact ® Use the menu at left to select a task (click on > if closed).

Learning happens best when content is personalized to meet our needs and strengths.

For this reason I created SYNTHIA &, the Al system to accelerate and design your knowledge in seconds! Use this App to summarize and simplify content. Paste your

text or upload your file and you're done. We'll process it for you!

Anyone can use this App completely for free! If you like it % , show your support by sharing ¢

Are you into NLP? Our code is 100% open source and written for easy understanding. Fork it from , and pull any suggestions you may have. Become part of the

community! Help yourself and help others @
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e Stop talking, now | want to create a simple app with all these
tools

Snap4City (C), June 2022 146



(P T

o

L & |"

UNIVERSITA x

DEGLI STUDI IQR!IM'E Dlo DISTRIBUTED SYSTEMS "‘

FIRENZE | INGEGNERIA AND INTERNET ' CITy
DELLINFORMAZIONE | TECHNOLOGIES LAB S

Snap4City (C), June 2022 147



(P T

KM
fa e F & |i'

UNIVERSITA DINF DISIT .
DEGLI STUDI | SBaarivento Dlo DISTRIBUTED SYSTEMS
FIRENZE | 08\ S kmazione | TECHNOLOGIES LaB CI Ty

NOW, ARE THERE

ANY QUESTIONS?
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THANK YOU.
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