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aWe ZoV eWer Xondered XhaU iUbs like Uo see EarUh from space? A feX Zears
ago, I had the incredible opportVnitZ to participate in a space program that

alloXed me to control a RaspberrZ Pi on the International Space Station (ISS) dVring
tXo and a half orbits. This tinZ compVter Xas eqVipped Xith a camera, captVring
breathtaking images of oVr planet from its 400-kilometer Wantage point, and an
additional AI deWice coVld be Vsed.
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I Xasnbt the onlZ one collecting these spacefaring photos. To eYpand mZ dataset, I
also incorporated pVbliclZ aWailable images from other teams on Flickr. NoX, Xith a
collection of aroVnd 700 images, I decided to leWerage the poXer of artificial
intelligence (AI) to analZ[e them.

Herebs the challenge: Since the ISS has limited storage, I Xanted to focVs on
classifZing the images into daZ and night categories. Nighttime photos, Xith little
WisibilitZ, XoVldnbt be WerZ interesting. AdditionallZ, land masses hold more WisVal
intrigVe compared to Wast oceans, offering glimpses of hVman strVctVres and
geographical featVres. Therefore, mZ goal Xas to deWelop an AI model that coVld not
onlZ distingVish daZ and night bVt also prioriti[e land oWer Xater for fVrther
analZsis.

PreliminarZ importations:

Jpip install RRquiet gdownii4E5E4 RRnoRcacheRdir
import os
import random

from PIL import Image as PILImage
from IPythonEdisplay import Image

import numpy as np
import pandas as pd

import matplotlibEpyplot as plt
from mplVtoolkitsEaxesVgrid1 import ImageGrid
from math import floor
import tensorflow as tf
from tensorflow import keras
from keras import layers
from sklearnEmodelVselection import trainVtestVsplit
from kerasEpreprocessingEimage import ImageDataGenerator
from kerasEmodels import Sequential
from kerasElayers import InputF DenseF Flatten
from kerasElayers import Conv2DF MaxPooling2DF Lambda
from keras import backend as K
from kerasEoptimizers import `
from kerasEapplicationsEvgg16 import VGG16
from kerasEmetrics import `
from kerasEapplicationsEvgg16 import preprocessVinput

Raspberry Pi device ready to take pictures from space through the porthole.



from tensorflowEkerasEpreprocessing import imageVdatasetVfromVdirectory
from tensorflowEkerasElayersEexperimentalEpreprocessing import RandomFlipF Rand

b Plotting examples of training data
b Plotting examples from our image data
VF ax i pltEsubplotsW1F 4F figsizeiW15F60XX  b to show 4 images side by sideF m
axY0ZEimshowWpltEimreadWosEpathEjoinWtrainVdayVdirF MphotoV407EjpgMXXX  b show 
axY0ZEaxisWLoffLX
axY1ZEimshowWpltEimreadWosEpathEjoinWtrainVdayVdirF MphotoV164EjpgMXXX  b show 
axY1ZEaxisWLoffLX
axY2ZEimshowWpltEimreadWosEpathEjoinWtrainVnightVdirF MphotoV341EjpgMXXX  b sho
axY2ZEaxisWLoffLX
axY3ZEimshowWpltEimreadWosEpathEjoinWtrainVnightVdirF MphotoV095EjpgMXXX  b sho
axY3ZEaxisWLoffLX

pltEshowWX

Some of the Training images for day/night classification. Day with clouds, piece of land, ISS just after sunset, night
among the 45-minute-long night

This is Xhere deep learning comes in! To tackle the image classification task, I opted
for Deep NeVral NetXorks (DNNs) as mZ machine learning algorithm of choice.
DNNs are a poXerfVl tZpe of artificial neVral netXork inspired bZ the strVctVre and
fVnction of the hVman brain. TheZ consist of mVltiple interconnected laZers: an
inpVt laZer that receiWes the image data, hidden laZers that process and eYtract
featVres from the data, and an oVtpVt laZer that deliWers the classification resVlts
(daZ/night or land/ocean in this case).

Within these laZers, artificial neVrons, often called fperceptrons,g act as the
bVilding blocks. Each neVron receiWes Xeighted inpVts from the preWioVs laZer,
performs a mathematical calcVlation, and generates an oVtpVt. The connections
betXeen neVrons and their associated Xeights are crVcial for learning, as the
netXork iteratiWelZ adjVsts these Xeights to improWe its classification accVracZ.



DNNs eYcel at image recognition tasks dVe to their abilitZ to learn compleY patterns
Xithin image data. This makes them Xell-sVited for analZ[ing the rich WisVal
information captVred in the space photos.

While I primarilZ focVsed on DNNs, I eYperimented Xith different architectVres
throVghoVt mZ project. Webll delWe deeper into these Wariations later, bVt for noX, itbs
important to Vnderstand the core concept of DNNs and their potential for image
classification.

ThroVghoVt this article, Ibll eYplore hoX I trained WarioVs machine learning models
to tackle this image classification challenge. Webll delWe into their inner Xorkings,
analZ[e their effectiWeness, and VltimatelZ eYplore the eYciting possibilities for
fVtVre space photographZ endeaWors.

PaVX 1: Da] SV RMKLX ?
A Simple TesU for AI, a Big SUep for me

Since classifZing daZ and night images is a relatiWelZ straightforXard task, I decided
to Vse it as an initial test for mZself and the AI. This step alloXs me to applZ mZ
neXlZ acqVired knoXledge and gaVge the modelbs capabilities. Here, I hope to see
promising resVlts before tackling more compleY challenges.

1.1: DeeT NeYVaP NeX[SVOW (DNN)

For image classification, Ibll be emploZing a deep neVral netXork (DNN) model bVilt
Vsing the PZthon librarZ Keras.

1.1.1 DaXaWeX cVeaXMSR aRd TVeTaVaXMSR

To make them Vsable bZ the model, Ibll assign labels to each pictVre and conWert the
data into a format the algorithm can Vnderstand. This inWolWes splitting the dataset
into separate folders for training and Walidation data, tZpicallZ Xith a ratio of 80%
for training and 20% for Walidation. The folder strVctVre is shoXn beloX:

E
└── TrainVxVAstroPi]
    ├── train]
    │   ├── day]
    │   │   └── `215 pictures`
    │   └── night]
    │       └── `122 pictures`
    └── validation]
        ├── day]



        │   └── `47 pictures`
        └── night]
            └── `30 pictures`

(Ascii made Xith nathanbs tool)

1.1.2 IQTSVXMRK aRd WTPMXXMRK daXa

With labeled images organi[ed, the neYt step is to import the data into Colab Vsing
libraries like TensorFloX or scikit-learn. Webll then split the data fVrther Xithin the
code for training and Walidation.

Jgdown 1PzvnbKLFf69bD67I6XylGsVWRgAK677K
Junzip Rqq TRAINVxVAstroPiEzip

b Select the directory where the data is saved
dataVdir i LTRAINVxVAstroPi]L
b Set the path to the directory where the data is stored
trainVdirectory i osEpathEjoinWdataVdirF LtrainLX
validationVdirectory i osEpathEjoinWdataVdirF LvalidationLX
b Setting the data directories for each class in the train set
trainVdayVdir i osEpathEjoinWdataVdirF Ltrain]dayLX
trainVnightVdir i osEpathEjoinWdataVdirF Ltrain]nightLX
b Setting the data directories for each class in the train set
validationVdayVdir i osEpathEjoinWdataVdirF Lvalidation]dayLX
validationVnightVdir i osEpathEjoinWdataVdirF Lvalidation]nightLX

Console retVrning:

DownloadingEEE
FromG httpsG]]driveEgoogleEcom]ucKidi1PzvnbKLFf69bD67I6XylGsVWRgAK677K
ToG ]content]TRAINVxVAstroPiEzip
100f 1E94G]1E94G Y00G35j00G00F 54E5MB]sZ

NeYt, Xe Xill Vse ImageDataGeneratorWX to preprocess the data efficientlZ and qVicklZ.
The ImageDataGenerator class Xill aVtomaticallZ generate batches of images and
labels to feed into the model dVring training, Xhich makes the process memorZ-
efficient.



b Load the training data using the ImageDataGenerator class
trainVdatagen i ImageDataGeneratorWrescalei1E]255X
trainVgenerator i trainVdatagenEflowVfromVdirectoryW
    trainVdirectoryF
    targetVsizeiW150F 110XF
    batchVsizei32F
    classVmodeiLbinaryL
X

b Load the validation data using the ImageDataGenerator class
validationVdatagen i ImageDataGeneratorWrescalei1E]255X
validationVgenerator i validationVdatagenEflowVfromVdirectoryW
    validationVdirectoryF
    targetVsizeiW150F 110XF
    batchVsizei32F
    shuffle i FalseF
    classVmodeiLbinaryL
X

1.1.3 BYMPdMRK XLe NeYVaP NeX[SVO

Then, I define the inpVt shape of the data and bVild mZ NeVral NetXork:

b Define the input shape for the model
inputVshape i W150F 110F 3X
b This specifies that the input is an image with a height of 150 pixelsF 
b a width of 110 pixelsF and 3 color channels WRGBXE

b Initialize the model
model i SequentialWX
b Flatten image and add input layer
modelEaddWFlattenWinputVshape i inputVshapeXX
b Add fully connected layer with 512 neurons and ReLU activation
modelEaddWDenseW512F activationiLreluLXX
b Add fully connected layer with 512 neurons and ReLU activation
modelEaddWDenseW512F activationiLreluLXX



b Output layer
modelEaddWDenseW1F activationiLsigmoidLXX

The Sequential()  fVnction in Keras is Vsed to create a NeVral NetXork Xhich alloXs
Vs to add laZers to oVr neVral netXork in a seqVential manner.

The Flatten()  fVnction in Keras is Vsed to conWert data into a one-dimensional
format. For an image, it adds all the piYels neYt to each other, in 1D.

FolloXing the flattening laZer, Xe add tXo fVllZ connected laZers, each Xith 512
neVrons and ReLU actiWation fVnctions. Then I determine the dimensions of the
data. FVllZ connected laZers are also knoXn as dense laZers, Xhere each neVron in a
laZer is connected to eWerZ neVron in the preWioVs laZer.

FinallZ, Xe add an oVtpVt laZer Xith a single neVron and a sigmoid actiWation
fVnction. This oVtpVt laZer is responsible for prodVcing the final oVtpVt of oVr
model, Xhich in this case is a binarZ classification resVlt (0 or 1) indicating the
predicted class of the inpVt image (adaZb or anightb). The sigmoid actiWation fVnction
is commonlZ Vsed for binarZ classification tasks becaVse it sqVashes the oVtpVt
WalVes to the range [0, 1], representing the probabilitZ of belonging to one of the tXo
classes.

Then Xe Vse modelEsummaryWX  to take a look at hoX manZ model parameters Xe haWe.

Screenshot of the Colab Notebook displaying, in particular, the number of trainable parameters: more than
25 million!



To haWe a different WieX of oVr DNN, Xe compVte:

Jpip install RRquiet kerasVvisualizer
from kerasVvisualizer import visualizer
from IPythonEdisplay import Image

visualizerWmodelF fileVnameiMmodelMF fileVformatiLpngLX
ImageWMmodelEpngMX

Each neuron in a Dense layer is connected to every other neuron in the next layer.

1.1.4 TVaMRMRK XLe NeYVaP NeX[SVO

We Vse binary crossentropy  for the loss fVnction, optimizeriLadamL , and metrics i
YLaccuracyLZ  as the eWalVation metric.

NoUe: We Vse binarZ crossentropZ for the loss since this is a classification problem
(daZ or night classes).

b Compile the model
bopt i AdamWlearningVrate i 0E1X
modelEcompileWoptimizeriLadamLF lossiLbinaryVcrossentropyLF



metrics i YLaccuracyLZX

b Train the model using the generator
history i modelEfitW
    trainVgeneratorF
    stepsVperVepochi10F
    epochsi8F
    validationVdataivalidationVgeneratorF
    validationVstepsi20
X

High validation accuracy (99%)! Therejs a small error, but the model performs well overall. Ijll fix it for Part 2.

1.1.4 EZaPYaXe XLe MSdeP

First, Xe make the predictions. Then Xe WisVali[e them.

b Reset indices in generator
validationVgeneratorEresetWX

b Predict the class probabilities for the validation data
predVprobs i modelEpredictWvalidationVgeneratorX

VisVali[e the resVlt bZ eYamining a sample of the predictions:

b Create grid for images
fig i pltEfigureWfigsizeiW20F 20XX
grid i ImageGridWfigF 111F  b similar to subplotW111X
                 nrowsVncolsiW5F 5XF  b creates 2x2 grid of axes
                 axesVpadi0E35F  b pad between axes in inchE
                 X



validationVgeneratorEresetWX
for axF i in zipWgridF randomEsampleWrangeWlenWvalidationVgeneratorEfilenamesXX
    img i PILImageEopenWosEpathEjoinWvalidationVdirectoryFvalidationVgeneratorE
    img i imgEresizeWW150F110XX
    axEimshowWimgX
    axEaxisWMoffMX
    axEsetVtitleWM[GE0f\f dayF [GE0f\f nightMEformatW100`W1RpredVprobsYiZY0ZXF 
pltEshowWX

It seems to be effortless for the model :)

To WerifZ if oVr model is good, Xe can Vse a confVsion matriY:

from sklearnEmetrics import confusionVmatrix
import seaborn as sns

b Get true labels
yVtrue i validationVgeneratorEclasses
b Convert predicted probabilties in binary class



yVpredVbinary i WpredVprobs k 0E5XEastypeWintX
b Compute the confusion matrix
cm i confusionVmatrixWyVtrueF yVpredVbinaryX
b Display the confusion matrix with seaborn
pltEfigureWfigsizeiW8F 6XX
snsEheatmapWcmF annotiTrueF cmapiMBluesMF fmtiMdMF xticklabelsiYMDayMF MNightMZ
pltExlabelWMPredictionsMX
pltEylabelWMTrue labelsMX
pltEtitleWMConfusion MatrixMX
pltEshowWX

The better the modeljs performance, the darker the diagonal from the top-left to the bottom-right of the
confusion matrix becomes. Here, we can clearly say it is a good result (maybe even too many neurons for this

simple task?).

A confVsion matriY is a performance measVrement for classification algorithms that
summari[es the number of correct and incorrect predictions made bZ the model on a
dataset. It compares predicted classifications to actual classifications, organi[ing them
into a matriY format Xhere roXs represent the true labels and columns represent the



predicted labels. This alloXs for a quick visual inspection of hoX Xell the model is
performing in terms of correctlZ and incorrectlZ classified instances across different classes.
(more info about it)

Then Xe plot loss and accVracZ to Vnderstand the effectiWeness of oVr model:

valVlossF valVaccuracy i modelEevaluateWvalidationVgeneratorF stepsi20X

b Plot the training and validation accuracy
pltEplotWhistoryEhistoryYLaccuracyLZX
pltEplotWhistoryEhistoryYLvalVaccuracyLZX
pltEtitleWLModel AccuracyLX
pltExlabelWLEpochLX
pltEylabelWLAccuracyLX
pltElegendWYLTrainLF LValidationLZF lociLupper leftLX
pltEshowWX
b Plot the training and validation loss
pltEplotWhistoryEhistoryYLlossLZX
pltEplotWhistoryEhistoryYLvalVlossLZX
pltEtitleWLModel LossLX
pltExlabelWLEpochLX
pltEylabelWLLossLX
pltElegendWYLTrainLF LValidationLZF lociLupper rightLX
pltEshowWX

great accuracy but a weird loss curve



Since I haWe other tools in mZ bag, letbs see Xhat else I can do :)

e e e

1.2 BYMPdMRK a CSRZSPYXMSRaP NeYVaP NeX[SVO (CNN) fSV IQaKe CPaWWMfMcaXMSR

The difference betXeen CNN and DNN is that a CNN is a tZpe of DNN Xith
conWolVtional laZers added before the others (flatten, dense, and oVtpVt).

A conWolVtional laZer applies filters to input data to eYtract features, enabling the neural
netXork to learn spatial hierarchies and patterns Xithin the data.

The steps for making a conWolVtional neVral netXork are the same. The onlZ
difference is that Xe noX haWe tXo neX tZpes of special laZers in oVr toolkit: the
conWolVtional laZer and the maY pooling laZer.

1.2.1 BYMPdMRK XLe NeYVaP NeX[SVO

b Initialize the model
model i SequentialWX

b Add the first convolutional layer
modelEaddWConv2DW32F W3F3XF activationiLreluLF inputVshapeiinputVshapeXX
b Add a max pooling layer
modelEaddWMaxPooling2DWW2F2XXX
b Add the second convolutional layer
modelEaddWConv2DW64F W3F 3XF activationiLreluLXX
b Add a max pooling layer
modelEaddWMaxPooling2DWW2F 2XXX
b Add the third convolutional layer
modelEaddWConv2DW128F W3F 3XF activationiLreluLXX
b Add a max pooling layer
modelEaddWMaxPooling2DWW2F 2XXX
b Flatten the output from the convolutional layers
modelEaddWFlattenWXX
b Add a fully connected layer
modelEaddWDenseW512F activationiLreluLXX
b Add the output layer
modelEaddWDenseW1F activationiLsigmoidLXX
b To display the CNNG
visualizerWmodelF fileVnameiMmodelMF fileVformatiLpngLX
ImageWMmodelEpngMX





You can see the layers here.

A conWolVtional laZer applies filters to inpVt data to eYtract featVres, Xhile the maY
pooling laZer redVces the spatial dimensions of the oVtpVt WolVme, effectiWelZ
doXnsampling and retaining the most important information. In oVr code snippet,
Conv2DW32F W3F3XF activationiLreluLF inputVshapeiinputVshapeX  adds a conWolVtional
laZer Xith 32 filters of si[e 3Y3, Xhile MaxPooling2DWW2F2XX  adds a maY pooling laZer
Xith a pool si[e of 2Y2.

BVt noX the qVestion is: Will there be more parameters to train or feXer parameters
than for the fVllZ connected netXork 1.1?

Letbs rVn modelEsummaryWX  to find oVt!



This indicates Xe haWe aroVnd 13 million of parameters, Xhich is half of Xhat Xe
had before! It can be eYplained bZ the nVmber of filters Xe applied. Letbs see if it
performs better or not.

1.2.2 TVaMRMRK XLe NeYVaP NeX[SVO

Letbs noX compile the model Xith the same parameters as in Part 1:

b Compile the model
modelEcompileWlossiLbinaryVcrossentropyLF optimizeriLadamLF metricsiYLaccuracyL

b Train the model using the generator
history i modelEfitW
    trainVgeneratorF
    stepsVperVepochi10F
    epochsi5F
    validationVdataivalidationVgeneratorF



    validationVstepsi20
X

Remarquable high accuracy (0.99%)

1.2.3 EZaPYaXe XLe QSdeP

This is the same as before, so here are onlZ the resVlts:

Results: good accuracy with a few epochs and a good-looking loss curve



Perfect predictions!!!

BecaVse Xe alreadZ haWe a perfect score, letbs continVe Xith the classification of
land/ocean, and Xe Xill discoWer a neX Vse of DNN.

PaVX 2: LaRd SV SceaR?
NoX comes the challenging part, eWen a hVman has difficVlties distingVishing these
tZpes!

2.1 DaXa TVeTaVaXMSR aRd MQTSVXaXMSR

For this, I Vnified mZ preWioVs folder Xith other pictVres from the same camera
aWailable on Flickr. I sorted the images betXeen land and ocean for qVite a time to
make mZ folder Xith the folloXing strVctVre:

E
└── dataset]



    ├── land]
    │   └── `298 pictures`
    └── ocean]
        └── `314 pictures`

HoXeWer, to Vse the preWioVs models, I need to modifZ the strVctVre in order to haWe
the same base as before:

b Load datasetG
Jgdown 1jy5b4TCGzcYxaRpIBKQZDG20n6rPHYGU && unzip Rqq landOrOceanEzip

import shutil
b Define the source and destination directories
sourceVdir i LdatasetL
destinationVdir i LlandoroceancnnL
b Check if the source directory exists
if not osEpathEexistsWsourceVdirXG
    raise ExceptionWfMSource directory L[sourceVdir\L does not existEMX
b Check if the destination directory already exists
if osEpathEexistsWdestinationVdirXG
    b If it existsF ask the user if they want to overwrite it
    overwrite i inputWfMDestination directory L[destinationVdir\L already exist
    if overwriteElowerWX Ji LyLG
        printWMCopying canceledEMX
        exitW1X
b Copy the source directory recursively to the destination directory
shutilEcopytreeWsourceVdirF destinationVdirX
printWfMSuccessfully copied L[sourceVdir\L to L[destinationVdir\LEMX
b Select the directory where the data is saved
dataVdir i osEpathEjoinWLlandoroceancnnLX  b Assuming dataset is in the current
b Define function to extract class label from folder name
def getVlabelWfolderVpathXG
  return folderVpathEsplitWM]MXYR1Z  b Extract class from last folder name
b Create separate training and validation splits manually
trainVdataVdir i osEpathEjoinWdataVdirF LtrainLX
validationVdataVdir i osEpathEjoinWdataVdirF LvalidationLX
b Create the train and validation directories if they donLt exist
if not osEpathEexistsWtrainVdataVdirXG
  osEmakedirsWtrainVdataVdirX
if not osEpathEexistsWvalidationVdataVdirXG
  osEmakedirsWvalidationVdataVdirX
b Move training and validation data to respective directories
b WAssuming you have the LlandL and LoceanL folders within the LlandoroceancnnL
for classVdir in YLlandLF LoceanLZG
  srcVdir i osEpathEjoinWdataVdirF classVdirX
  for filename in osElistdirWsrcVdirXG
    fileVpath i osEpathEjoinWsrcVdirF filenameX
    targetVdir i osEpathEjoinWtrainVdataVdir if randomErandomWX j 0E8 else vali



    osEmakedirsWtargetVdirF existVokiTrueX
    shutilEmoveWfileVpathF targetVdirX

Thanks to ChatGPT, Xho helped me a little bit to Xrite this code, I noX haWe a folder
like this:

E
└── landoroceancnn]
    ├── train]
    │   ├── land]
    │   └── ocean]
    └── validation]
        ├── land]
        └── ocean]

2.2 FMVWX DNN:

NoX Xe can train oVr first DNN and eWalVate it:

Screenshots of my code in the Colab Notebook to import and split data



The final accuracy remains at 0.7, which is quite good for AI, but there is room for improvement.

2.3 WMXL XLe TVeZMSYW CNN

ResVlts:

The modeljs loss appears to stagnate after the 4th epoch, while its accuracy continues to improve. This suggests
that additional data may be needed to achieve better results with the current model.



Not reallZ better than the preWioVs DNN maZbe it has too manZ filters that hide
information, or not enoVgh epochs, bVt becaVse Xe donbt Xant to Xait for more
epochs, letbs trZ a neX XaZ:

2.4 UWMRK a PVe-TVaMRed MSdeP: PaRd SV SceaR?

Letbs introdVce a neX Vse of CNN/DNN: pre-Urained models.



One XaZ to improWe oVr model XoVld be to train it on a mVch larger dataset.
UnfortVnatelZ, Xe donbt haWe access to more data for noX. In this part Xe Xill Vse
Uransfer learning, Xhich means Xe Xill Vse a model that has been preWioVslZ
trained on a large dataset and modifZ it for oVr needs.

TodaZ, Xe Xill Vse the VGG16 model, Xhich is a CNN Xith 16 laZers that has been
trained on the ImageNet dataset. We Xill Vse this model to classifZ images into tXo
categories: alandb or aoceanb.

2.4.1 STPMXXMRK daXaWeX

From the fdatasetg folder:

b Remember that the batch size is the number of images that will be processed
b the model is updatedE One epoch is one full pass through the datasetE
BATCHVSIZE i 32

b Size of the imagesE If the input images are a different sizeF they will be
b resized to these dimensionsE
IMGVSIZE i W150F 110X
b Directory the data is savedE
directory i Mdataset]M
b We are using kerasLs imageVdatasetVfromVdirectory function to load the images
b from the directoryE When we use this functionF we can tell keras if it is a
b validation or training setE Just make sure to use the same seed for both to
b make sure there is no overlap in the datasetsE
trainVdataset i imageVdatasetVfromVdirectoryWdirectoryF
                                             shuffleiTrueF
                                             batchVsizeiBATCHVSIZEF
                                             imageVsizeiIMGVSIZEF
                                             validationVspliti0E2F
                                             subsetiLtrainingLF
                                             seedi42X
validationVdataset i imageVdatasetVfromVdirectoryWdirectoryF
                                             shuffleiTrueF
                                             batchVsizeiBATCHVSIZEF
                                             imageVsizeiIMGVSIZEF
                                             validationVspliti0E2F
                                             subsetiLvalidationLF
                                             seedi42X

2.4.2 BYMPdMRK a Re[ ReYVaP ReX[SVO YWMRK a TVe-XVaMRed QSdeP

Data aVgmentation techniqVes like RandomFlip  and RandomRotation  create Wariations
in the training data. RandomFlip hori[ontallZ or WerticallZ mirrors the image, Xhile



RandomRotation tXists it bZ a random angle. This helps the model recogni[e objects
regardless of orientation or WieXpoint, making it more robVst.

Since VGG16 Xas trained on a Wast dataset containing WarioVs objects and scenes, it
has alreadZ learned WalVable featVres for image recognition. We can leWerage this
knoXledge bZ:

Free[ing Pre-Urained LaZers: Webll free[e the Xeights of most laZers in VGG16.
This preWents them from being re-trained dVring oVr land/ocean classification
task. BZ free[ing these laZers, Xe essentiallZ flock ing the general image
recognition capabilities learned from ImageNet.

Training Final LaZers: Webll add neX final laZers on top of the pre-trained
VGG16 model. These final laZers Xill be specificallZ trained to distingVish
betXeen land and ocean images. This approach alloXs Vs to focVs oVr training
effort on the task at hand Xhile benefiting from the eYtensiWe knoXledge of the
pre-trained model.

b Define the input shape for the model
inputVshape i W150F 110F 3X

b Initialize the model
newVmodel i SequentialWX
b Add input layer
newVmodelEaddWInputWshapeiinputVshapeXX
b Add data augmentation layers
newVmodelEaddWRandomFlipWLhorizontalLXX
newVmodelEaddWRandomRotationW0E2XX
b You do not need to worry about this stepE But in case you are curiousG
b The MLambdaM layer is another special layer that letLs you apply a custom
b function to the dataE Because we know weLre going to use VGG16F we will use
b the same preRprocessing function that was used when it was first trainedE
newVmodelEaddW
    LambdaW
        preprocessVinputF
        nameiLpreprocessingLF
        inputVshapeiinputVshape
    X
X
b Load a preRtrained model
VGG i VGG16W
    b we want to use our own final layers customized for our task
    includeVtopiFalseF
    inputVshapeiinputVshapeF
    weightsiLimagenetL



    X
b Freeze parameters each layer because we only want to train the final layers
for layer in VGGElayersG
  layerEtrainable i False
b Add the preRtrained model to our model
newVmodelEaddWVGGX
b Add a flattening layer
newVmodelEaddWFlattenWXX
b Add a fully connected layer
newVmodelEaddWDenseW256F activationiLreluLXX
b Add the output layer
newVmodelEaddWDenseW1F activationiLsigmoidLXX
newVmodelEsummaryWX

Note: less than 2 millions of trainable parameters for the same amount of our CNNjs parameters ! Will it be
better ?

Letbs take a loot at the neX model Xith visualizerWX :



Not so many new neurons :)

2.4.3 TVaMRMRK aRd EZaPYaXMSR

The code is similar, so I Xill onlZ shoX ZoV the resVlts.

A batch is a subset of the dataset used for one update of the modelbs parameters.

An epoch is a single pass through the entire dataset during training.

A step, also knoXn as an iteration, is one update of the modelbs parameters using one
batch of data.



It seems that we achieve an accuracy of around 0.9, way better than the other models!

Here is an eYcerpt of the Walidation data:

The model looks unerring :)

We can displaZ a confVsion matriY and some graphs to WerifZ oVr hZpothesis:



So far, oVr best algorithm is the pre-trained model ! So Xe haWe an absolVte Xinner
for this challenge!

CSRcPYWMSR
In this project, I eYplored three machine learning models (DNN, CNN, and a pre-
trained model) to classifZ images from the International Space Station (ISS) camera.
While all three models achieWed high accVracZ in distingVishing daZ from night (a
relatiWelZ simple task), the pre-trained model emerged as particVlarlZ efficient. This
efficiencZ stems from its significantlZ loXer nVmber of trainable parameters,
making it ideal for resoVrce-constrained deWices like RaspberrZ Pi.

NeYt, I challenged the models Xith a more compleY task: differentiating betXeen
land and ocean. The DNN strVggled, potentiallZ dVe to a limited nVmber of neVrons
or laZers. ConWerselZ, the pre-trained model eYcelled, demonstrating its adaptabilitZ.

The model indeed did great!



Summary of Image Classification Models

MoWing forXard, I plan to deploZ these models on mZ RaspberrZ Pi to aVtomaticallZ
categori[e daZtime photos as land or ocean dVring fVtVre space photographZ
endeaWors. Land images offer a more WisVallZ engaging eYperience compared to Wast
stretches of ocean. I XoVld Vse a pre-trained model as it costs less memorZ Xhile
being sVper efficient, so I coVld saWe more pictVres on the deWice!

For fVtVre eYploration, Ibm intrigVed bZ the possibilitZ of training a model to
recogni[e different cloVd tZpes. BZ feeding the model pairs of images Xith a slight
time delaZ, mimicking hVman 3D Wision, Xe coVld achieWe cloVd classification.
HoXeWer, this XoVld reqVire a labeled dataset Xith precise cloVd identification,
potentiallZ a more challenging hVrdle than image sorting for land/ocean distinction.



3D TMcXYVe Sf CVeXe (GVeece) f Several techniques allow to see images in 3d. Here are a few. Using a virtual
reality headset; squinting while looking at the right and left images until you mentally superimpose them;

displaying the images behind Fresnel lenses.

This project has been a reXarding eYperience. Not onlZ did I leWerage mZ neXlZ
acqVired AI knoXledge from TCS, bVt I also Vtili[ed a cVstom dataset I created
throVgh meticVloVs sorting of images e a time-consVming task that VltimatelZ
Zielded impressiWe resVlts.

This article Xas deWeloped as a final project in the Introduction to Artificial
Intelligence coVrse offered bZ The Coding School (TCS) and sVpported bZ the
Department of Defense STEM.

AboVt The Coding School: TCS is a 501(c)(3) nonprofit focVsed on skill bVilding and
Xorkforce deWelopment in technologies that are going to change the Xorld oWer the
neYt decade, sVch as QVantVm CompVting and Artificial Intelligence. With a
commitment to accessible, sVpportiWe compVter science edVcation, TCS offers first-
of-their-kind pathXaZs and programs for indiWidVals at eWerZ stage of their STEM
joVrneZ, inclVding: K-12 stVdents and edVcators, commVnitZ college and VniWersitZ



stVdents and facVltZ, and members of the Xorkforce. Since 2014, TCS has trained
oWer 50,000 indiWidVals from 125 coVntries in partnership Xith leading companies
and VniWersities sVch as MIT, Google, and IBM. For more information aboVt TCS and
hoX to get inWolWed or sVpport its initiatiWes, please Wisit the-cs.org.
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