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AďstƌaĐt 
 

IŶtelligeŶt UltƌasouŶd is a ĐoŵpaŶǇ that deals ǁith a laƌge ǀaƌietǇ of ultƌasouŶd ƌelated pƌoduĐts, 
aiŵiŶg to ŵake ultƌasouŶd siŵpleƌ to use aŶd easieƌ to leaƌŶ, ǁhile suppoƌiŶg ĐliŶiĐiaŶs iŶ theiƌ 
pƌaĐiĐe. This is doŶe thƌough the use of ĐuiŶg edge AI iŵage aŶalǇsis sotǁaƌe. IŶtelligeŶt 
UltƌasouŶd haǀe aĐƋuiƌed a laƌge dataset of laďelled luŶg ultƌasouŶd iŵages, aŶd haǀe alloǁed us 
aĐĐess to the dataset aloŶg ǁith theiƌ GPU Đlusteƌ oŶ ǁhiĐh to tƌaiŶ a deep leaƌŶiŶg ŵodel. This 
pƌojeĐt ǁill iŶǀesigate the use of U-NET ŵodel aƌĐhiteĐtuƌes iŶ peƌfoƌŵiŶg a piǆelǁise iŵage 
segŵeŶtaioŶ iŶ Ŷeaƌ ƌeal iŵe.  

This aƌea of ŵediĐal ultƌasouŶd has eǆpeƌieŶĐed eǆtƌa iŶteƌest ateƌ the Coǀid-ϭϵ paŶdeŵiĐ, ǁheƌe 
ĐliŶiĐiaŶs aƌe ŵoƌe likelǇ to eŶĐouŶteƌ paieŶts ǁith luŶg issues. Theƌe aƌe seǀeƌal soluioŶs to siŵilaƌ 
Đoŵputeƌ ǀisioŶ tasks, aŶd this pƌojeĐt ǁill uilise U-NET. This is oŶe of the ŵost estaďlished 
teĐhŶiƋues iŶ ŵediĐal iŵage segŵeŶtaioŶ, aŶd ǁe ǁill foĐus oŶ hoǁ this ŵaǇ ďe applied to luŶg 
ultƌasouŶd iŵages. This pƌojeĐt ǁill ateŵpt to segŵeŶt the iŵage iŶ Ŷeaƌ ƌeal iŵe oŶ ŵodest 
haƌdǁaƌe iŶ oƌdeƌ to ŵost efeĐiǀelǇ aid a ĐliŶiĐiaŶ iŶ ideŶifǇiŶg the ĐƌiiĐal ultƌasouŶd aƌtefaĐts, 
aŶd ŵakiŶg aŶ aĐĐuƌate diagŶosis to ŵaǆiŵise leaƌŶiŶg iŶ the Đase of tƌaiŶiŶg, aŶd paieŶt Đaƌe iŶ the 
Đase of ĐliŶiĐal suppoƌt.  

Thƌough use of the pƌoǀided dataset, seǀeƌal ŵodels ǁeƌe tƌaiŶed ǁith the assistaŶĐe of the 
IŶtelligeŶt UltƌasouŶd GPU Đlusteƌ, iŶ aŶ ateŵpt to pƌoduĐe a good ĐlassiiĐaioŶ ŵodel. AddiioŶal 
use of the OpeŶ Neuƌal Netǁoƌk EǆĐhaŶge liďƌaƌǇ eŶsuƌed that aŶǇ ŵodel Đould pƌoduĐe a 
ĐlassiiĐaioŶ iŶ suiĐieŶt iŵe iŶ oƌdeƌ to ďe poteŶiallǇ applied iŶ a ĐliŶiĐal seiŶg oŶ ŵodest 
haƌdǁaƌe.  

The ŵodels tƌaiŶed shoǁed aŶ iŶteƌseĐioŶ oǀeƌ uŶioŶ ǀalue of oǀeƌ Ϭ.ϴ aĐƌoss all Đlasses oŶ a 
ƌaŶdoŵlǇ seleĐted ǀalidaioŶ dataset. IŶ paƌiĐulaƌ, EfusioŶs aŶd CoŶsolidaioŶs ǁeƌe Đlassiied ǁith 
ǀeƌǇ high aĐĐuƌaĐǇ of oǀeƌ Ϭ.ϵϱ iŶ the ďest ŵodels. B-LiŶes aŶd Pleuƌa ǁeƌe segŵeŶted ǁith 
aĐĐuƌaĐǇ of aƌouŶd Ϭ.ϴϱ, ǁhile ‘iďs aŶd A-LiŶes oďtaiŶed ƌesults of ďetǁeeŶ Ϭ.ϳ aŶd Ϭ.ϳϱ oŶ the ďest 
peƌfoƌŵiŶg ŵodels. Hoǁeǀeƌ oŶ a holdout set of seleĐted paieŶts, the ŵodel shoǁed sigŶs of 
oǀeƌiiŶg ǁith a ǁoƌse oǀeƌall peƌfoƌŵaŶĐe. I haǀe also ideŶiied aƌeas iŶ ǁhiĐh fuƌtheƌ ƌeseaƌĐh is 
likelǇ to Ǉield to a ďeteƌ ŵodel peƌfoƌŵaŶĐe, ǁheƌe I ǁas Ŷot aďle to iŶǀesigate duƌiŶg the Đouƌse 
of this pƌojeĐt due to iŵe ĐoŶstƌaiŶts.  

Oǀeƌall this pƌojeĐt has suĐĐeeded iŶ shoǁiŶg that U-NET ĐaŶ ďe applied suĐĐessfullǇ to segŵeŶiŶg 
luŶg ultƌasouŶd iŵages ďǇ tƌaiŶiŶg oŶ the IŶtelligeŶt UltƌasouŶd dataset. The iŶfeƌeŶĐe iŵe of the 
ŵodel is eǆpeĐted to ďe loǁ eŶough to segŵeŶt iŵages iŶ Ŷeaƌ ƌeal iŵe, alloǁiŶg it to ďe deploǇed 
iŶ a ĐliŶiĐal seiŶg. Hoǁeǀeƌ, the usefulŶess of the ŵodel to aŶ eǆpeƌieŶĐed ĐliŶiĐiaŶ oƌ to oŶe is 
tƌaiŶiŶg is sill uŶkŶoǁŶ, aŶd ŵaǇ ƌeƋuiƌe fuƌtheƌ adjustŵeŶts.  is aŶ aƌea foƌ futuƌe ƌeseaƌĐh. 
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IŶtƌoduĐioŶ 

 

Iŵage SegŵeŶtaioŶ 

Iŵage segŵeŶtaioŶ is oŶe of the ŵost Đoŵpleǆ aƌeas ǁithiŶ the ield of Đoŵputeƌ ǀisioŶ, the 
pƌoĐesses ďǇ ǁhiĐh a ŵaĐhiŶe ĐaŶ ideŶifǇ aŶd iŶteƌpƌet ŵeaŶiŶgful iŶfoƌŵaioŶ fƌoŵ Đoŵpleǆ 
iŵages. Befoƌe the adǀeŶt of deep leaƌŶiŶg teĐhŶiƋues, this ǁas alŵost aŶ iŵpossiďle task. The 
iŶtƌoduĐioŶ of Ŷeuƌal Ŷetǁoƌks hoǁeǀeƌ, has ƌeǀoluioŶised the ield. SeŵaŶiĐ iŵage segŵeŶtaioŶ 
is the pƌoĐess of diǀidiŶg a ƌegioŶ iŶto aƌeas ďased oŶ a pƌedeiŶed laďel, ǁith eaĐh iŶdiǀidual piǆel 
ďeloŶgiŶg to a speĐiiĐ Đlass. 

WithiŶ a ŵediĐal ĐoŶteǆt this Đould ďe difeƌeŶt oƌgaŶs, tǇpes of tuŵouƌs, oƌ otheƌ ƌeleǀaŶt featuƌes 
foƌ paieŶt diagŶosis. These ƌegioŶs ĐaŶ theŶ ďe ĐoŶsideƌed foƌ fuƌtheƌ aŶalǇsis ďǇ a ŵediĐal 
pƌaĐiioŶeƌ, to ĐoŶiƌŵ the ĐoƌƌeĐtŶess of the segŵeŶtaioŶ aŶd aid iŶ the oǀeƌall diagŶosis. Oǀeƌall 
this eǆpediates the eǆaŵiŶaioŶ iŵe, aŶd ƌeduĐes the ƌisk of huŵaŶ eƌƌoƌ. AddiioŶallǇ, 
segŵeŶtaioŶ teĐhŶiƋues ĐaŶ aĐt as a poǁeƌful tƌaiŶiŶg tool. BǇ eŶaďliŶg iŶeǆpeƌieŶĐed ĐliŶiĐiaŶs to 
ďeteƌ uŶdeƌstaŶd aŶatoŵiĐal stƌuĐtuƌes aŶd gaiŶ ĐoŶideŶĐe iŶ iŶteƌpƌeiŶg iŵages, tƌaiŶees 
eǆpeƌieŶĐe a ƋuiĐkeƌ uptake of kŶoǁledge.  

With the iŶtƌoduĐioŶ of Ŷeuƌal Ŷetǁoƌks, segŵeŶtaioŶ is Ŷoǁ easieƌ thaŶ eǀeƌ ďefoƌe. Seǀeƌal 
difeƌeŶt aƌĐhiteĐtuƌes ofeƌ pƌoŵisiŶg ƌesults foƌ segŵeŶiŶg a ǁide ƌaŶge of iŵages. Fiƌst pƌoposed 
iŶ ϮϬϭϱ, U-NET is oŶe of the ŵost loŶg staŶdiŶg aŶd suĐĐessful ŵodels ǁithiŶ the ield of ŵediĐal 
iŵage segŵeŶtaioŶ, aŶd has ďeeŶ uilised aĐƌoss the ield ǁith gƌeat ƌesults. The stƌuĐtuƌe ĐoŶsists 
of a ĐoŶtƌaĐiŶg path aŶd eǆpaŶdiŶg path, giǀiŶg it the disiŶĐiǀe ͚U͛ shape. IŶ geŶeƌal, the 
ĐoŶtƌaĐiŶg path Đaptuƌes ĐoŶteǆt iŶ oƌdeƌ to ĐlassifǇ the iŵage laďels, ǁheƌeas the eǆpaŶdiŶg path 
giǀe the segŵeŶtaioŶ the ĐoƌƌeĐt loĐalisaioŶ of the Đlasses. OŶe of the keǇ featuƌes of U-NET is iŶ its 
skip ĐoŶŶeĐioŶs, ǁheƌe difeƌeŶt laǇeƌs of the eǆpaŶdiŶg aŶd ĐoŶtƌaĐiŶg paths aƌe ĐoŶŶeĐted iŶ 
oƌdeƌ to pƌeseƌǀe the spaial iŶfoƌŵaioŶ, ƌesuliŶg iŶ a ŵoƌe aĐĐuƌate segŵeŶtaioŶ. Oǀeƌall this 
leaǀes U-NET as aŶ eǆĐelleŶt iŶiial ĐhoiĐe foƌ segŵeŶiŶg luŶg ultƌasouŶds.  

MediĐal PƌaĐiĐe  

BǇ ŵakiŶg pƌediĐioŶs aŶd ideŶifǇiŶg ƌisks, ŵaĐhiŶe leaƌŶiŶg teĐhŶologies haǀe ŵade a huge 
ĐoŶtƌiďuioŶ to ŵediĐal Đaƌe. The poteŶial to ŵiigate oƌ eǀeŶ ƌeŵoǀe huŵaŶ eƌƌoƌ fƌoŵ deĐisioŶ 
ŵakiŶg Đould ǀastlǇ iŵpƌoǀe paieŶt Đaƌe. The ŵost adǀaŶĐed ŵediĐal diagŶosiĐ sǇsteŵs oteŶ 
peƌfoƌŵ oŶ paƌ ǁith oƌ ďeteƌ thaŶ eǆpeƌieŶĐed pƌofessioŶals, aŶd Đould ďƌiŶg the saŵe leǀel of Đaƌe 
to all paieŶts, eǀeŶ those ǁheƌe ŵediĐal eǆpeƌise is Ŷot iŵŵediatelǇ aǀailaďle.  

The ŵediĐal ield is ĐuƌƌeŶtlǇ eǆpeƌieŶĐiŶg a ƌapid tƌaŶsfoƌŵaioŶ iŶ deliǀeƌiŶg paieŶt Đaƌe, ǁith the 
Coǀid-ϭϵ paŶdeŵiĐ iŶiiaiŶg a ƌadiĐal adopioŶ of digital teĐhŶologies. AI is Ŷo difeƌeŶt, ǁith ϴϯ% of 
healthĐaƌe leadeƌs plaŶŶiŶg to iŶǀest iŶ AI iŶ the Ŷeǆt thƌee Ǉeaƌs, aŶd ϯϵ% plaŶŶiŶg to diƌeĐtlǇ iŶǀest 
iŶ AI to suppoƌt ĐliŶiĐal deĐisioŶ ŵakiŶg. 

We ĐaŶ ĐoŶĐlude that the ƌole of ŵaĐhiŶe leaƌŶiŶg ǁithiŶ healthĐaƌe is eǀolǀiŶg, aŶd theƌe is a 
sigŶiiĐaŶt iŶĐƌease iŶ deŵaŶd foƌ tools to suppoƌt ŵediĐal aŶalǇsis. IŶ addiioŶ, theƌe is a geŶeƌal 
ďelief that the use of tools suĐh as the oŶe pƌoposed ǁill lead to ďeteƌ health outĐoŵes ǁithiŶ the 
iŶdustƌǇ.  
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MoiǀaioŶ 

CuƌƌeŶtlǇ aŶǇ luŶg ultƌasouŶds ŵust ďe ŵaŶuallǇ iŶteƌpƌeted ďǇ a tƌaiŶed ŵediĐal pƌofessioŶal. This 
is ďased oŶ ͚ŵasteƌǇ leaƌŶiŶg ,͛ aŶd is heaǀilǇ depeŶdeŶt oŶ the skill of the opeƌatoƌ, as ǁell as the 
leǀel of tƌaiŶiŶg ƌeĐeiǀed. This skill leǀel is Ŷot easilǇ ataiŶaďle, aŶd theƌe is Ŷo agƌeeŵeŶt oŶ the 
ŵost efeĐiǀe tƌaiŶiŶg ŵethods. IŶĐoƌƌeĐtlǇ ideŶifǇiŶg aŶatoŵǇ thƌough a sĐaŶ ĐaŶ lead to paieŶt 
ŵisdiagŶosis, aŶd pooƌeƌ health outĐoŵes. A high ƋualitǇ ŵodel has the poteŶial to ƌeduĐe the 
difeƌeŶĐe ďetǁeeŶ paieŶt outĐoŵes foƌ ŵoƌe aŶd less skilled ĐliŶiĐiaŶs ďǇ aĐiŶg as a Đo-pilot, 
eŶsuƌiŶg that a ĐoŶsisteŶt staŶdaƌd of luŶg aƌtefaĐts aƌe ideŶiied ďǇ the ŵaĐhiŶe foƌ the ĐliŶiĐiaŶ to 
eǆaŵiŶe.  

BǇ iŵpƌoǀiŶg paieŶt diagŶoses, ǁe ĐaŶ opiŵise tƌeatŵeŶt plaŶs aŶd iŵpƌoǀe the health of those 
ǁith ƌespiƌatoƌǇ ĐoŶdiioŶs. Oǀeƌall this pƌojeĐt Đould iŵpƌoǀe paieŶt Đaƌe foƌ ƌespiƌatoƌǇ illŶesses 
ďǇ iŵpƌoǀiŶg the aďilitǇ of ĐliŶiĐiaŶs to ŵake aŶ aĐĐuƌate diagŶosis. Fuƌtheƌŵoƌe, aŶ aĐĐuƌate tool 
ǁould ƌeduĐe the stƌaiŶ oŶ the healthĐaƌe sǇsteŵ ďǇ iŶĐƌeasiŶg the pƌoduĐiǀitǇ of ĐliŶiĐiaŶs as ǁell 
as ƌeduĐiŶg the Ŷuŵďeƌ of seƌious illŶesses that Đould ďe Đaused ďǇ ŵisdiagŶosis. AŶotheƌ ƌesult 
ǁould ďe a ƌeduĐioŶ iŶ the use of ŵoƌe iŶǀasiǀe ŵediĐal pƌoĐeduƌes suĐh as M‘I if ǁe aƌe aďle to 
oďtaiŶ a good segŵeŶtaioŶ of the luŶg ǀia oŶlǇ ultƌasouŶd.  

UltƌasouŶd AƌtefaĐts 

UltƌasouŶd iŵages aiŵ to Đaptuƌe a ƌaŶge of featuƌes that aƌe useful iŶ aidiŶg paieŶt Đaƌe. This is 
doŶe ǁith the use of a sŵall pƌoďe, ǁhiĐh eŵits high fƌeƋueŶĐǇ souŶd ǁaǀes. WheŶ theǇ eŶĐouŶteƌ 
paƌts of the huŵaŶ ďodǇ, theǇ ďouŶĐe aƌouŶd ĐƌeaiŶg a uŶiƋue eĐho ďased oŶ the oďjeĐt 
eŶĐouŶteƌed. This ƌesults iŶ a gƌeǇsĐale iŵage ďeiŶg pƌoduĐed, ƌepƌeseŶiŶg the iŶteƌŶal ďodilǇ 
stƌuĐtuƌe.  

Coŵpaƌed to otheƌ tǇpes of ŵediĐal sĐaŶs, ultƌasouŶd ofeƌs Ŷuŵeƌous adǀaŶtages oǀeƌ otheƌ 
ŵediĐal iŵagiŶg teĐhŶiƋues. It is ŶoŶ-iŶǀasiǀe aŶd does Ŷot iŶǀolǀe ioŶisiŶg ƌadiaioŶ, ŵakiŶg it safeƌ 
foƌ ƌepeated use. UltƌasouŶd iŵagiŶg is highlǇ ǀeƌsaile, aŶd ĐaŶ Đaptuƌe a ƌaŶge of iŵages iŶ ƌeal 
iŵe, pƌoǀidiŶg aŶ iŶsight iŶto dǇŶaŵiĐ ďodilǇ fuŶĐioŶs. AddiioŶallǇ, the poƌtaďilitǇ of ultƌasouŶd 
pƌoďes alloǁs foƌ ďedside oƌ poiŶt of Đaƌe appliĐaioŶs. This ĐaŶ ďe espeĐiallǇ useful if the paieŶt is 
sufeƌiŶg fƌoŵ aŶ iŶfeĐious disease suĐh as Coǀid-ϭϵ, ǁheƌeďǇ ŵoǀiŶg theŵ Đould iŶĐƌease poteŶial 
eǆposuƌe. Fuƌtheƌŵoƌe, ultƌasouŶd is Đost-efeĐiǀe Đoŵpaƌed to alteƌŶaiǀes like M‘I oƌ CT sĐaŶs, 
ŵakiŶg it aŶ eǆĐelleŶt ĐhoiĐe foƌ ƌouiŶe sĐaŶs aŶd diagŶosiĐs. 

LuŶg ultƌasouŶds is eŵeƌgiŶg as a poǁeƌful tool iŶ ƌespiƌatoƌǇ ŵediĐiŶe. With the oŶset of Coǀid-ϭϵ, 
paieŶts aƌe ŵoƌe likelǇ to pƌeseŶt ǁith luŶg ƌelated illŶesses that ƌeƋuiƌe ƋuiĐk aŶd iŶeǆpeŶsiǀe Đaƌe 
iŶ oƌdeƌ to peƌfoƌŵ a diagŶosis.  

We ŵust also uŶdeƌstaŶd ǁhat is ŵost iŵpoƌtaŶt to deĐisioŶ ŵakiŶg. Although theƌe aƌe a ƌaŶge of 
aƌtefaĐts that aƌe useful iŶ luŶg ultƌasouŶd aŶalǇsis, theƌe aƌe fouƌ ĐƌiiĐal featuƌes: A-liŶes, B-liŶes, 
Pleuƌa aŶd CoŶsolidaioŶs.  

A-liŶes, B-liŶes aŶd Pleuƌa aƌe ideŶiiaďle as liŶeaƌ oďjeĐts iŶ luŶg ultƌasouŶd iŵages. CoŶsolidaioŶs 
appeaƌ as spoted ŵaƌks oŶ the ultƌasouŶd. OŶĐe these aƌe ĐoƌƌeĐtlǇ ideŶiied a ŵethod suĐh as the 
BLUE pƌotoĐol ĐaŶ ďe used to diagŶose a ƌaŶge of ƌespiƌatoƌǇ ĐoŶdiioŶs. Also ideŶiiaďle aƌe 
EfusioŶs, ǁhiĐh aƌe Đaused ďǇ the aĐĐuŵulaioŶ of luid iŶ the luŶgs, giǀiŶg theŵ a disiŶĐiǀe 
appeaƌaŶĐe oŶ the ultƌasouŶd sĐaŶ. Otheƌ aƌtefaĐts ideŶiiaďle Đould ďe ƌiďs, ǁhiĐh Đast a shadoǁ 
aĐƌoss poƌioŶs of the ultƌasouŶd iŵage, as ǁell as oƌgaŶs suĐh as the spleeŶ. These aƌe geŶeƌallǇ of 
seĐoŶdaƌǇ iŵpoƌtaŶĐe to the ĐliŶiĐiaŶ. 
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OďjeĐiǀes 

The pƌiŵaƌǇ goal of this pƌojeĐt is to pƌoduĐe a U-NET ŵodel that ĐaŶ ďe deploǇed iŶ eitheƌ a ĐliŶiĐal 
oƌ tƌaiŶiŶg eŶǀiƌoŶŵeŶt aloŶgside aŶ ultƌasouŶd pƌoďe to peƌfoƌŵ a Ŷeaƌ ƌeal iŵe segŵeŶtaioŶ of 
a paieŶts luŶgs. The ŵodel ǁill ďe tƌaiŶed oŶ the IŶtelligeŶt UltƌasouŶd dataset, aŶd as a seĐoŶdaƌǇ 
goal ǁe ǁill suggest ǁhetheƌ ŵoƌe ǁoƌk ǁithiŶ the dataset has the poteŶial to pƌoduĐe a ďeteƌ 
ŵodel.  

We ŵust theƌefoƌe aĐhieǀe a good segŵeŶtaioŶ, suĐĐessfullǇ ideŶifǇiŶg iŵage featuƌes at a high 
leǀel. This is of paƌiĐulaƌ iŵpoƌtaŶĐe foƌ the afoƌeŵeŶioŶed ĐƌiiĐal aƌtefaĐts used iŶ ŵediĐal 
diagŶosis.  

The tool ŵust haǀe a high iŶfeƌeŶĐe speed, so as to pƌoduĐe a segŵeŶtaioŶ iŶ alŵost ƌeal iŵe. A 
suiĐieŶt iŵe should ďe less thaŶ Ϭ.Ϯ seĐoŶds usiŶg the Nǀidia CUDA eǆeĐuioŶ pƌoǀideƌ, oƌ less 
thaŶ Ϭ.ϱ seĐoŶds usiŶg the ŵoƌe ĐlassiĐal CPU eǆeĐuioŶ pƌoǀideƌ.  

Due to a laƌge ǀaƌietǇ of iŶ iŵage ƋualitǇ, paieŶts, aŶd ultƌasouŶd pƌoďes the ŵodel ŵust ďe aďle to 
aĐĐuƌatelǇ segŵeŶt a laƌge ǀaƌietǇ of iŶput iŵages. It ŵust ďe ƌoďust eŶough to haŶdle a ƌaŶge of 
ĐhaŶges iŶ iŶput data, iŶ oƌdeƌ to efeĐiǀelǇ haŶdle ultƌasouŶd iŵages foƌ all kiŶds of difeƌeŶt 
paieŶt sĐaŶs. A tool that is suitaďle oŶlǇ foƌ a speĐiiĐ pƌoďe, oƌ a speĐiiĐ deŵogƌaphiĐ of paieŶts is 
Ŷot useful to a ĐliŶiĐiaŶ ǁithiŶ ŵediĐal pƌaĐiĐe. 

QuesioŶs 

WithiŶ the ield of Coŵputeƌ VisioŶ, ǁe ĐaŶ ask ǁhetheƌ U-NET ĐaŶ ďe suĐĐessfullǇ applied to luŶg 
ultƌasouŶds iŶ oƌdeƌ to pƌoduĐe a high ƋualitǇ segŵeŶtaioŶ. To ǁhat aĐĐuƌaĐǇ ĐaŶ ouƌ tool segŵeŶt 
ultƌasouŶds oǀeƌall, aŶd foƌ eaĐh iŶdiǀidual featuƌe. We ǁill also ask ǁhetheƌ it is possiďle to pƌoduĐe 
a suiĐieŶt segŵeŶtaioŶ iŶ Ŷeaƌ ƌeal iŵe to ďe deploǇed iŶ a ĐliŶiĐal seiŶg. 

IŶ ĐoŶĐlusioŶ, this pƌojeĐt pƌeseŶts aŶ oppoƌtuŶitǇ to applǇ ŵaĐhiŶe leaƌŶiŶg to healthĐaƌe iŶ a Ŷoǀel 
ǁaǇ. It ǁill pƌoǀide a useful tool iŶ ďuildiŶg huŵaŶ eǆpeƌieŶĐe iŶ iŶteƌpƌeiŶg luŶg ultƌasouŶds, aŶd 
ďeĐoŵe a ǀaluaďle safetǇ Ŷet foƌ eǆpeƌts ǁho ŵight otheƌǁise ďe suďjeĐt to huŵaŶ eƌƌoƌ. BǇ ďuildiŶg 
pƌoiĐieŶĐǇ aŶd suppoƌiŶg deĐisioŶ ŵakiŶg, this pƌojeĐt has the poteŶial to sigŶiiĐaŶtlǇ iŵpƌoǀe 
Đaƌe foƌ paieŶts ǁith ƌespiƌatoƌǇ ĐoŶdiioŶs.  
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Figuƌe ϭ: AŶ iŵage aloŶgside its segŵeŶtaioŶ iŶ Đlass laďels. ;PalaĐ, B. ϮϬϮϬ, liĐeŶsed uŶdeƌ CC-BY-
SA-ϰ.ϬͿ 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



ϭϬ 

 

EǆisiŶg TeĐhŶiƋues 

 

AlgoƌithŵiĐ AppƌoaĐhes 

AŶ eǆisiŶg appƌoaĐh to the pƌoďleŵ of segŵeŶiŶg luŶg ultƌasouŶd iŵages has ďeeŶ the use of 
ǀaƌious iŵage tƌaŶsfoƌŵaioŶ algoƌithŵs. A-liŶes, B-liŶes aŶd Pleuƌa all pƌeseŶt as stƌaight liŶes 
ǁithiŶ the iŵage, aŶd ĐaŶ ďe ideŶiied thƌough a ƌaŶge of iŵage tƌaŶsfoƌŵaioŶ teĐhŶiƋues. Theƌe 
aƌe a ƌaŶge of difeƌeŶt ƌeasoŶs ǁhǇ this ŵaǇ oƌ ŵaǇ Ŷot ďe ŵoƌe suitaďle thaŶ a data dƌiǀeŶ 
appƌoaĐh. 

OŶe suĐh adǀaŶtage is iŶ ƌeduĐiŶg the Ŷeed to ĐolleĐt laƌge aŵouŶts of peƌsoŶal ŵediĐal data oŶ 
ǁhiĐh to tƌaiŶ a ŵodel. Suitaďle datasets aƌe haƌd to aĐƋuiƌe due to the ƌesouƌĐes Ŷeeded to sĐaŶ 
paieŶts, aŶd ŵediĐal eǆpeƌise Ŷeeded to laďel all the iŵages ǁhiĐh ƌeƋuiƌes iŵe aŶd ƌesouƌĐes 
that Đould otheƌǁise ďe assigŶed toǁaƌds paieŶt Đaƌe. AddiioŶallǇ, datasets ŵust ďe ŵeiĐulouslǇ 
ŵaŶaged aŶd ŵaiŶtaiŶed, aŶd ŵust eŶsuƌe legal ĐoŵpliaŶĐe ǁith staŶdaƌds suĐh as GDP‘. Without 
a suĐh a dataset, theƌe is Ŷo ƌisk of data ďƌeaĐhes oƌ leaks. A good dataset ŵust also ďe ĐolleĐted iŶ 
suĐh a ŵaŶŶeƌ as to ƌepƌeseŶt all suďgƌoups ǁithiŶ the populaioŶ. WithiŶ ŵediĐal iŵagiŶg, this 
ŵeaŶs that a diǀeƌse seleĐioŶ of age, geŶdeƌ aŶd ethŶiĐitǇ ŵust ďe ĐoŶsideƌed ǁithiŶ the paieŶts 
ǁho ĐoŶseŶt to pƌoǀidiŶg us ǁith theiƌ data, fuƌtheƌ ĐoŵpliĐaiŶg data ĐolleĐioŶ. 

AlgoƌithŵiĐ segŵeŶtaioŶ ďeŶeits fƌoŵ addiioŶal tƌaŶspaƌeŶĐǇ ǁheŶ ateŵpiŶg to uŶdeƌstaŶd 
ǁhǇ a pƌediĐioŶ has ďeeŶ ŵade. OteŶ ǁe ĐaŶ folloǁ the logiĐ giǀeŶ ďǇ the algoƌithŵ to a 
segŵeŶtaioŶ ĐoŶĐlusioŶ, aŶd theƌe is the oppoƌtuŶitǇ to adjust this foƌ a ďeteƌ ƌesult. Data dƌiǀeŶ 
ŵethods hoǁeǀeƌ teŶd to ďe a ďlaĐk ďoǆ, ǁheƌe theƌe aƌe siŵplǇ too ŵaŶǇ difeƌeŶt paƌaŵeteƌs 
iŶteƌaĐiŶg foƌ us to fullǇ uŶdeƌstaŶd ǁhǇ a pƌediĐioŶ is ŵade.  

The ƌesouƌĐe Đost foƌ aŶ algoƌithŵiĐ appƌoaĐh is also ŵuĐh loǁeƌ thaŶ foƌ a ŵaĐhiŶe leaƌŶiŶg 
ĐouŶteƌpaƌt. With Ŷo tƌaiŶiŶg Đost, theƌe is Ŷo ƌeƋuiƌeŵeŶt to aĐĐess laƌge ĐoŵputaioŶal ƌesouƌĐes 
suĐh as GPUs. MaĐhiŶe leaƌŶiŶg ŵodels ŵust ŵake saĐƌiiĐes iŶ teƌŵs of ĐoŵpleǆitǇ iŶ oƌdeƌ to 
ƌeduĐe the iŶfeƌeŶĐe iŵe foƌ a ĐlassiiĐaioŶ.  

Hoǁeǀeƌ, ǁheŶ the segŵeŶtaioŶ Đlass has a Đoŵpleǆ stƌuĐtuƌe oƌ ill-deiŶed ďouŶdaƌies, it is 
diiĐult to deǀelop aŶ algoƌithŵ to aĐĐuƌatelǇ Đaptuƌe high leǀel details. This is paƌiĐulaƌlǇ the Đase 
foƌ ouƌ efusioŶ aŶd ĐoŶsolidaioŶ Đlasses ǁithiŶ luŶg ultƌasouŶds.  

Theƌe is also aŶ eǆtƌa ƌisk of ǀaƌiaioŶ of ƌesults, as algoƌithŵiĐ appƌoaĐhes aƌe ŵoƌe ǀulŶeƌaďle to 
ĐhaŶges iŶ data. DifeƌeŶt ultƌasouŶd pƌoďes, Ŷoise leǀels, aŶd paieŶt aŶatoŵǇ ŵust ďe aĐĐouŶted 
foƌ iŶ deǀelopiŶg suĐh a ŵethod.  

OŶe sigŶiiĐaŶt algoƌithŵiĐ ĐoŶtƌiďuioŶ Đaŵe fƌoŵ Moshaǀegh et al ;ϮϬϭϵͿ. IŶ this appƌoaĐh, 
Moshaǀegh aŶd Đolleagues deǀeloped a ŵodel-ďased ŵethod to ideŶifǇ speĐiiĐ liŶes, suĐh as B-
liŶes, iŶ LuŶg UltƌasouŶd ;LUSͿ iŵages. TheǇ ďegaŶ ďǇ ĐƌeaiŶg a Ŷoƌŵalized gƌaǇsĐale ŵap of the 
LUS iŵage to disiŶguish difeƌeŶt stƌuĐtuƌes. The pleuƌal liŶe, a ĐƌiiĐal ƌefeƌeŶĐe poiŶt, ǁas loĐated 
usiŶg a ƌaŶdoŵ ǁalk algoƌithŵ. SuďseƋueŶtlǇ, theǇ eǆĐluded the uppeƌ pleuƌal ƌegioŶ aŶd applied a 
seƌies of ilteƌs to sepaƌate B-liŶes efeĐiǀelǇ. To pƌeĐiselǇ deteƌŵiŶe the posiioŶ of B-liŶes, theǇ 
uilized GaussiaŶ ŵodels aŶd oǀeƌlaid the ƌesults oŶto the oƌigiŶal iŵages. NotaďlǇ, this ŵethod 
ofeƌed aŶ uŶsupeƌǀised fƌaŵeǁoƌk foƌ laďelliŶg LUS iŵages ǁheŶ aŶŶotated data foƌ ŵaĐhiŶe 
leaƌŶiŶg ǁas uŶaǀailaďle. 
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AŶotheƌ Ŷotaďle ĐoŶtƌiďuioŶ ǁas ŵade ďǇ AŶaŶtƌasiƌiĐhai et al. ;ϮϬϭϳͿ. AŶaŶtƌasiƌiĐhai aŶd 
Đollaďoƌatoƌs iŶtƌoduĐed aŶ iŶŶoǀaiǀe iŶǀeƌse pƌoďleŵ foƌŵulaioŶ foƌ deteĐiŶg ǀaƌious liŶes iŶ LUS 
iŵages. Theiƌ appƌoaĐh iŶǀolǀed uiliziŶg the ‘adoŶ tƌaŶsfoƌŵ to ĐoŶǀeƌt LUS iŵages iŶto a spaĐe of 
liŶes. LiŶe deteĐioŶ ǁas tƌeated as aŶ opiŵizaioŶ pƌoďleŵ, ŵiŶiŵized usiŶg the AlteƌŶaiŶg 
DiƌeĐioŶ Method of Muliplieƌs ;ADMMͿ algoƌithŵ. IŶiiallǇ, the foĐus ǁas oŶ ideŶifǇiŶg the pleuƌal 
liŶe to loĐate the luŶg spaĐe. LoĐal peaks of the ‘adoŶ tƌaŶsfoƌŵ ǁeƌe theŶ deteĐted, aŶd liŶe tǇpes, 
iŶĐludiŶg B-, A-, aŶd )-liŶes, ǁeƌe suĐĐessfullǇ ideŶiied ďased oŶ ĐliŶiĐal deiŶiioŶs. AŶ eǆteŶsioŶ of 
this ŵethod ĐoŵďiŶed the ‘adoŶ tƌaŶsfoƌŵ ǁith the PoiŶt Spƌead FuŶĐioŶ ;PSFͿ of the ultƌasouŶd 
sǇsteŵ, alloǁiŶg siŵultaŶeous liŶe deteĐioŶ aŶd deĐoŶǀoluioŶ. AddiioŶallǇ, peŶaltǇ fuŶĐioŶs ǁeƌe 
eŵploǇed to pƌoŵote spaƌsitǇ iŶ the ‘adoŶ spaĐe, eŶhaŶĐiŶg liŶe deteĐioŶ peƌfoƌŵaŶĐe. This 
ŵodel-ďased appƌoaĐh holds pƌoŵise foƌ pƌeĐise liŶe aƌifaĐt deteĐioŶ iŶ LUS iŵages, paƌiĐulaƌlǇ iŶ 
ĐliŶiĐal ĐoŶteǆts, suĐh as the eǀaluaioŶ of Coǀid-ϭϵ paieŶts.  

Oǀeƌall these ŵethods aƌe iŶteƌesiŶg aŶd ƌeleǀaŶt to the segŵeŶtaioŶ of luŶg ultƌasouŶds, 
hoǁeǀeƌ a data dƌiǀeŶ appƌoaĐh usiŶg the IŶtelligeŶt UltƌasouŶd dataset ofeƌs a ƌaŶge of difeƌeŶt 
ďeŶeits.  

Neuƌal Netǁoƌks 

The ŵaiŶ alteƌŶaiǀe to algoƌithŵiĐ appƌoaĐhes is to use a Ŷeuƌal Ŷetǁoƌk ŵodel. This is a 
ĐoŵputaioŶal ŵodel, iŶspiƌed ďǇ the stƌuĐtuƌe of the huŵaŶ ďƌaiŶ. It ĐoŶsists of ŵaŶǇ laǇeƌs of 
iŶteƌĐoŶŶeĐted aƌiiĐial ŶeuƌoŶs, eaĐh ǁith theiƌ oǁŶ adjustaďle paƌaŵeteƌs. Thƌough tƌaiŶiŶg these 
ŶeuƌoŶs ǁe ĐaŶ pƌoĐess iŶfoƌŵaioŶ iŶ a ŵaŶŶeƌ siŵilaƌ to a huŵaŶ. BǇ ĐhoosiŶg the ĐoƌƌeĐt 
Ŷetǁoƌk stƌuĐtuƌe aŶd opiŵisiŶg the ǁeights of eaĐh iŶdiǀidual ŶeuƌoŶ, ǁe ĐaŶ ŵake pƌediĐioŶs 
aŶd iŶteƌpƌetaioŶs usiŶg a ƌaŶge of Đoŵpleǆ pateƌŶs that huŵaŶs aƌe Ŷot aďle to ĐoŵpƌeheŶd.  

The Đoƌe ĐoŵpoŶeŶts of a Ŷeuƌal Ŷetǁoƌk aƌe the iŶput laǇeƌ, output laǇeƌ aŶd hiddeŶ laǇeƌs. The 
iŶput laǇeƌ is desigŶed to take iŶ a ĐeƌtaiŶ kiŶd of data, ǁhiĐh iŶ ouƌ Đase ǁill ďe a luŶg ultƌasouŶd 
iŵage, aŶd pass it to the hiddeŶ laǇeƌs of the Ŷeuƌal Ŷetǁoƌk. The hiddeŶ laǇeƌs ĐoŶduĐt a ƌaŶge of 
ĐalĐulaioŶs ǀia aĐiǀaiŶg difeƌeŶt ŶeuƌoŶs iŶ these laǇeƌs iŶ oƌdeƌ to disseŵiŶate the iŶfoƌŵaioŶ 
fƌoŵ the iŶput laǇeƌ. FiŶallǇ, oŶĐe the hiddeŶ laǇeƌs haǀe pƌoĐessed the iŶput it is tƌaŶsfoƌŵed ďǇ the 
output laǇeƌ iŶ suĐh a ǁaǇ as to ŵake a ǀalid pƌediĐioŶ. IŶ ouƌ Đase this ǁill agaiŶ ďe aŶ iŵage, ďut a 
ĐlassiiĐaioŶ ŵap oƌ ŵask foƌ the iŶputed luŶg ultƌasouŶd.  

TƌaiŶiŶg a Ŷeuƌal Ŷetǁoƌk ĐoŶsists of ĐoŶiŶuallǇ passiŶg data foƌǁaƌds thƌough the ŵodel, ďefoƌe 
theŶ assessiŶg the pƌediĐted output agaiŶst the kŶoǁŶ gƌouŶd tƌuth. This is a foƌŵ of supeƌǀised 
leaƌŶiŶg, ǁheƌeďǇ ǁe adjust the ŵodels paƌaŵeteƌs iŶ ƌefeƌeŶĐe to the kŶoǁŶ ĐoƌƌeĐt pƌediĐioŶ foƌ 
ouƌ data. WithiŶ the sĐope of tƌaiŶiŶg a ŵaĐhiŶe leaƌŶiŶg ŵodel theƌe aƌe ŵaŶǇ difeƌeŶt paƌaŵeteƌs 
to ĐoŶsideƌ, all of ǁhiĐh Đould haǀe aŶ efeĐt oŶ the ƋualitǇ of its output oŶĐe tƌaiŶed. It is theƌefoƌe 
ŶeĐessaƌǇ to ĐaƌƌǇ out ŵaŶǇ difeƌeŶt tƌaiŶiŶg ƌuŶs, oteŶ ǀaƌǇiŶg eaĐh paƌaŵeteƌ oŶe at a iŵe iŶ 
oƌdeƌ to aĐĐuƌatelǇ assess the afeĐt that tuŶiŶg a ĐeƌtaiŶ paƌaŵeteƌ has oŶ the output.  

Deep LeaƌŶiŶg Methods 

Deep LeaƌŶiŶg is a ŵaĐhiŶe leaƌŶiŶg teĐhŶiƋue that ĐoŶstƌuĐts aƌiiĐial Ŷeuƌal Ŷetǁoƌks to 
ŵiŵiĐ the stƌuĐtuƌe aŶd fuŶĐioŶ of the huŵaŶ ďƌaiŶ. IŶ pƌaĐiĐe, deep leaƌŶiŶg, also kŶoǁŶ 
as deep stƌuĐtuƌed leaƌŶiŶg oƌ hieƌaƌĐhiĐal leaƌŶiŶg, uses a laƌge Ŷuŵďeƌ hiddeŶ laǇeƌs -
tǇpiĐallǇ ŵoƌe thaŶ ϲ ďut oteŶ ŵuĐh higheƌ - of ŶoŶliŶeaƌ pƌoĐessiŶg to eǆtƌaĐt featuƌes 
fƌoŵ data aŶd tƌaŶsfoƌŵ the data iŶto difeƌeŶt leǀels of aďstƌaĐioŶ.  

;DeepAI ϮϬϭϵ, htps://deepai.oƌg/ŵaĐhiŶe-leaƌŶiŶg-glossaƌǇ-aŶd-teƌŵs/deep-leaƌŶiŶgͿ 
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Theƌe aƌe a Ŷuŵďeƌ of Ŷeuƌal Ŷetǁoƌk ŵodels that eǆist to solǀe a ƌaŶge of iŵage segŵeŶtaioŶ 
pƌoďleŵs. The ďasiĐ ŵethod of Ŷeuƌal Ŷetǁoƌks tƌaiŶed oŶ iŵages ǁith gƌouŶd tƌuth ŵasks ĐaŶ 
efeĐiǀelǇ solǀe ŵaŶǇ segŵeŶtaioŶ pƌoďleŵs, ǁhiĐh ǁill ďe the ďasis foƌ ŵǇ appƌoaĐh to 
segŵeŶiŶg luŶg ultƌasouŶd iŵages.  

Deep leaƌŶiŶg ŵodels haǀe aĐhieǀed gƌeat suĐĐess iŶ aŶ aƌƌaǇ of ŵediĐal iŵage segŵeŶtaioŶ 
pƌoďleŵs, ǁith the ďest ƌesults outpeƌfoƌŵiŶg eǆpeƌt huŵaŶ aŶalǇsis. The sheeƌ ǀoluŵe of ŶeuƌoŶs 
iŶ suĐh a ŵodel alloǁs foƌ the Đaptuƌe of details aŶd ĐoŶŶeĐioŶs that Đould otheƌǁise elude a ŵoƌe 
ĐoŶǀeŶioŶal uŶdeƌstaŶdiŶg, alloǁiŶg it to outpeƌfoƌŵ algoƌithŵiĐ ŵodels foƌ Đoŵpleǆ iŵageƌǇ. 
Featuƌes ĐaŶ ďe leaƌŶt autoŵaiĐallǇ as paƌt of tƌaiŶiŶg, ǁithout haǀiŶg to ďe speĐiied ďǇ the useƌ. 
This alloǁs a ŵodel to peƌfoƌŵ ǀeƌǇ ǁell ǁithout ŵuĐh guidaŶĐe.  

The ŵaiŶ dƌaǁďaĐk of this appƌoaĐh is the depeŶdeŶĐǇ oŶ high ƋualitǇ data. The data ŵust ďe 
laďelled ĐoƌƌeĐtlǇ, aŶd ƌepƌeseŶt aŶ aĐĐuƌate seĐioŶ of the populaioŶ it is dƌaǁŶ fƌoŵ. Otheƌǁise 
aŶǇ ŵodel tƌaiŶed fƌoŵ this data ǁould ďe as liŵited as the data. IŶ a ŵediĐal ĐoŶteǆt this is 
espeĐiallǇ ǁoƌƌǇiŶg, as it Đould pƌeǀeŶt all paieŶts fƌoŵ ƌeĐeiǀiŶg the saŵe leǀel of Đaƌe if a 
paƌiĐulaƌ paieŶt is Ŷot ǁell ƌepƌeseŶted iŶ the tƌaiŶiŶg data.  

AŶotheƌ ƌisk is oǀeƌiiŶg of the giǀeŶ dataset. A ŵodel ŵust leaƌŶ to disiŶguish featuƌes suiĐieŶtlǇ 
iŶ oƌdeƌ to ŵake a good ĐlassiiĐaioŶ. Hoǁeǀeƌ if the ŵodel is tƌaiŶed foƌ too loŶg oŶ too sŵall a 
dataset, it siŵplǇ leaƌŶs ǁhat the dataset ĐoŶtaiŶs. Thus it peƌfoƌŵs pooƌlǇ oŶ aŶǇ uŶseeŶ data. This 
ĐaŶ ďe ŵiigated ďǇ eŶsuƌiŶg the dataset is laƌge aŶd ǀaƌied, as ǁell as peƌfoƌŵiŶg data 
augŵeŶtaioŶ to fuƌtheƌ diǀeƌsifǇ the dataset.  

TƌaiŶiŶg aŶǇ ŵodel is ĐoŵputaioŶallǇ eǆpeŶsiǀe, aŶd ŵust ďe peƌfoƌŵed oǀeƌ a loŶg peƌiod of iŵe 
oŶ high peƌfoƌŵaŶĐe Đoŵputeƌs. IŶtelligeŶt UltƌasouŶd haǀe agƌeed to the use of theiƌ GPU Đlusteƌ 
iŶ oƌdeƌ to suppoƌt tƌaiŶiŶg a ŵodel usiŶg theiƌ luŶg ultƌasouŶd dataset.   

OŶe iŶal daŶgeƌ is the laĐk of iŶteƌpƌetaďilitǇ of these ŵodels. Due to the sheeƌ ĐoŵpleǆitǇ, aŶǇ 
ĐlassiiĐaioŶ deĐisioŶ ĐaŶ ďe haƌd to iŶteƌpƌet. IŶ a ŵediĐal seiŶg this ĐaŶ Đause ĐoŵpliĐaioŶs ďǇ 
iŶtƌoduĐiŶg uŶĐeƌtaiŶtǇ iŶto the deĐisioŶ pƌoĐess, ǁheƌe uŶdeƌstaŶdiŶg ǁhǇ a ĐlassiiĐaioŶ has ďeeŶ 
ŵade ĐaŶ ďe iŵpoƌtaŶt iŶ diagŶosis. AŶǇ tool pƌoduĐed should theƌefoƌe Ŷot ďe seeŶ as a 
ƌeplaĐeŵeŶt foƌ aŶ eǆpeƌieŶĐed ĐliŶiĐiaŶ, oŶlǇ as aŶ aid to assist ǁith ultƌasouŶd iŶteƌpƌetaioŶ.  

IŶ the ield of autoŵated luŶg ultƌasouŶd aŶalǇsis, ƌeĐeŶt adǀaŶĐeŵeŶts haǀe highlighted the 
poteŶial of ŵaĐhiŶe leaƌŶiŶg iŶ oƌdeƌ to iŵpƌoǀe the aĐĐuƌaĐǇ aŶd eiĐieŶĐǇ of ŵediĐal iŵage 
iŶteƌpƌetaioŶ. These data-dƌiǀeŶ ŵethods haǀe deŵoŶstƌated theiƌ aďilitǇ to Đaptuƌe Đoŵpleǆ 
pateƌŶs iŶ luŶg ultƌasouŶd iŵages, aŶd pƌoǀed theiƌ poteŶial to foƌŵ efeĐiǀe tools ǁithiŶ ŵediĐal 
aŶalǇsis. ‘eĐeŶt ƌeseaƌĐh has foĐused oŶ fullǇ supeƌǀised aŶd ǁeaklǇ supeƌǀised leaƌŶiŶg 
appƌoaĐhes, ǁheƌe Ŷeuƌal Ŷetǁoƌks aƌe tƌaiŶed to ideŶifǇ aŶd ĐlassifǇ luŶg aďŶoƌŵaliies, iŶĐludiŶg 
ĐoŶsolidaioŶs aŶd B-liŶes, ǁith high seŶsiiǀitǇ aŶd speĐiiĐitǇ. Moƌeoǀeƌ, these ŵethods shoǁ 
pƌoŵise iŶ the ĐoŶteǆt of Coǀid-ϭϵ diagŶosis, ǁheƌe ƋuaŶitaiǀe aŶd autoŵaiĐ LUS sĐoƌiŶg sǇsteŵs 
haǀe ďeeŶ deǀeloped to aid iŶ pŶeuŵoŶia eǀaluaioŶ. Despite ĐhalleŶges ƌelated to data aǀailaďilitǇ 
aŶd laďelliŶg, ŵaĐhiŶe leaƌŶiŶg appƌoaĐhes aƌe iŶĐƌeasiŶglǇ ĐoŶtƌiďuiŶg to deǀelopiŶg a ŵoƌe 
pƌeĐise autoŵated luŶg ultƌasouŶd aŶalǇsis. 

A ĐoŵpƌeheŶsiǀe aŶd stƌoŶg segŵeŶtaioŶ of luŶg ultƌasouŶd iŵages ƌepƌeseŶts a sigŶiiĐaŶt step iŶ 
this ield, aŶd a uŶiƋue ĐoŶtƌiďuioŶ to the ield of Đoŵputeƌ ǀisioŶ. Pƌeǀious appƌoaĐhes haǀe 
geŶeƌallǇ foĐused oŶ speĐiiĐ aƌtefaĐts, leadiŶg to aŶ uliŵatelǇ liŵited oƌ ďiŶaƌǇ segŵeŶtaioŶ aŶd 
aŶalǇsis. This is geŶeƌallǇ of liŵited use to a ĐliŶiĐiaŶ, ǁhose aŶalǇsis ŵust ideŶifǇ ŵaŶǇ difeƌeŶt 
aƌtefaĐts iŶ oƌdeƌ to ďe efeĐiǀe. Seǀeƌal appƌoaĐhes haǀe also foĐused oŶ ĐlassiiĐaioŶ of aƌtefaĐts, 
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suĐh as the Ŷuŵďeƌ of B-liŶes pƌeseŶt aŶd theiƌ seǀeƌitǇ. These haǀe pƌoduĐed good ƌesults shoǁiŶg 
the poteŶial foƌ a full segŵeŶtaioŶ ŵodel to ďe deǀeloped. The use of IŶtelligeŶt UltƌasouŶd s͛ laƌge 
dataset Đould sigŶiiĐaŶtlǇ pƌogƌess these appƌoaĐhes iŶ oƌdeƌ to fuƌtheƌ assist ĐliŶiĐiaŶs iŶ paieŶt 
diagŶosis. 

CNNs 

CoŶǀoluioŶal Ŷeuƌal Ŷetǁoƌks ;CNN s͛Ϳ aƌe a tǇpe of deep leaƌŶiŶg Ŷeuƌal Ŷetǁoƌk that speĐialises iŶ 
iŵage pƌoĐessiŶg aŶd ĐlassiiĐaioŶ. A digital iŵage ĐaŶ ďe ƌepƌeseŶted as a seƌies of piǆels iŶ gƌid 
foƌŵat, ǁith eaĐh piǆel possessiŶg a ǀalue deteƌŵiŶiŶg its oǁŶ Đolouƌ aŶd ďƌightŶess. IŶ a ďiologiĐal 
ǀisioŶ sǇsteŵ, eaĐh ŶeuƌoŶ ǁoƌks ďǇ ƌespoŶdiŶg to siŵuli iŶ its oǁŶ ƌestƌiĐted ield of ǀisioŶ, 
ideŶifǇiŶg siŵple shapes aŶd pateƌŶs ǁithiŶ a sŵall aƌea. TheŶ ďǇ ĐoŶŶeĐiŶg to otheƌ ŶeuƌoŶs iŶ 
the sǇsteŵ iŶ the ŶeaƌďǇ ield of ǀisioŶ, ǁe ĐaŶ ďegiŶ to ƌeĐogŶise ŵoƌe Đoŵpleǆ stƌuĐtuƌes iŶ ouƌ 
oǀeƌall sight. CNN s͛ ǁoƌk siŵilaƌlǇ, ǁith eaĐh piǆel ďeiŶg ĐoŶŶeĐted oŶlǇ to those geogƌaphiĐallǇ 
ŶeaƌďǇ thƌough the Ŷeuƌal Ŷetǁoƌk. The ŶeuƌoŶs ĐaŶ theŶ ďe tƌaiŶed to aĐiǀate ǁheŶ ĐeƌtaiŶ 
pateƌŶs appeaƌ. Thƌough the use of ŵuliple Ŷetǁoƌk laǇeƌs, a Đoŵputeƌ ĐaŶ piĐk up iƌst oŶ siŵple 
stƌuĐtuƌes, ǁhiĐh iŶĐƌease iŶ ĐoŵpleǆitǇ fuƌtheƌ aloŶg iŶ the Ŷetǁoƌk. This is the staƌiŶg poiŶt foƌ 
alloǁiŶg Đoŵputeƌs to see, aŶd is the ƌeseaƌĐh ield of Đoŵputeƌ ǀisioŶ.   

The aƌĐhiteĐtuƌe of a CNN tǇpiĐallǇ ĐoŶsists of thƌee laǇeƌs: a ĐoŶǀoluioŶal laǇeƌ, a pooliŶg laǇeƌ, aŶd 
a fullǇ ĐoŶŶeĐted laǇeƌ. AddiioŶallǇ, theƌe ŵust ďe a laǇeƌ to iŶput data aŶd aŶ output laǇeƌ to 
pƌoǀide a ĐlassiiĐaioŶ.  

The ĐoŶǀoluioŶal laǇeƌ is the Đoƌe ďuildiŶg ďloĐk of a CNN, aŶd Đaƌƌies the ŵaiŶ ĐoŵputaioŶal load. 
This is the paƌt of the ŵodel that is desigŶed to eǆtƌaĐt the ƌeleǀaŶt featuƌes fƌoŵ aŶ iŵage. The 
ŵaiŶ ŵethod of ĐaptuƌiŶg iŵage is ďǇ usiŶg a keƌŶel. This is siŵplǇ a ŵatƌiǆ of shape ݊ × ݊, ǁhiĐh 
slides aĐƌoss the height aŶd ǁidth of ouƌ iŵage to pƌoduĐe a Ŷeǁ featuƌe ŵap. This is doŶe ďǇ 
ĐalĐulaiŶg the dot pƌoduĐt of the keƌŶel ǁith the eǆtƌaĐted iŵage seĐioŶ. 

The foƌŵula foƌ the diŵeŶsioŶ of the Ŷeǁ featuƌe ŵap is giǀeŶ ďeloǁ foƌ a keƌŶel size of leŶgth ݊, 
aŶd aŶ iŵage of leŶgth ݈. ݉݅ܦ = ݈ − ݊ + ͳ 

AŶ iŵage ŵaǇ ďe padded out, ǁith ĐoluŵŶs oƌ ƌoǁs added at the edge of the iŵage iŶ oƌdeƌ to 
ŵaŶipulate its shape. We Đall this paddiŶg, aŶd the Ŷuŵďeƌ of eǆtƌa ƌoǁs oƌ ĐoluŵŶs added ĐaŶ ďe 
ƌepƌeseŶted ďǇ aŶ iŶtegeƌ ݌. 

We ĐaŶ ŵoǀe the keƌŶel aĐƌoss aŶ iŵage ǁith a ǀaƌǇiŶg step size. Foƌ eǆaŵple, assuŵe ouƌ keƌŶel 
Đaptuƌes the iŵage iŶdiĐes ݅ to ݅ + ݇ foƌ soŵe ĐoŶstaŶt ݇. If the suďseƋueŶt keƌŶel Đaptuƌes the 
iŶdiĐes ݅ + ͳ to ݅ + ݇ + ͳ, ǁe ĐaŶ saǇ that the keƌŶel has ŵoǀed ďǇ ϭ, oƌ that it is of stƌide ϭ. IŶ 
geŶeƌal ǁe ĐaŶ saǇ that if a keƌŶel Đaptuƌes the iŶdiĐes ݅ to ݅ + ݇, theŶ the suďseƋueŶt keƌŶel ǁill 
Đaptuƌe the iŶdiĐes ݅ + ݅ to ݏ + ݇ +  .ݏ foƌ a stƌide of leŶgth ݏ

If ǁe geŶeƌalise the giǀeŶ featuƌe ŵap foƌŵula to iŶĐlude aŶ iŵage ǁith paddiŶg ݌ aŶd stƌide ݏ, ǁe 
oďtaiŶ the folloǁiŶg eƋuaioŶ. ݉݅ܦ = ݈ − ݊ + ݏ݌ʹ + ͳ 
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Figuƌe Ϯ: The ĐoŶstƌuĐioŶ of aŶ iŵage aĐiǀaioŶ ŵap 

This stƌuĐtuƌe alloǁs us to ƌeduĐe the iŶteƌaĐioŶ ďetǁeeŶ dispaƌate paƌts of the iŵage ďǇ eŶsuƌiŶg 
that oŶlǇ ŶeighďouƌiŶg piǆels aƌe diƌeĐtlǇ iŶteƌaĐiŶg ǁith eaĐh otheƌ. Tƌiǀial Ŷeuƌal Ŷetǁoƌks oteŶ 
haǀe eǀeƌǇ iŶput uŶit iŶteƌaĐiŶg ǁith eǀeƌǇ output uŶit, ǁhiĐh ǁould ďe iŵpossiďle iŶ high 
ƌesoluioŶ iŵages due to the sheeƌ ĐoŵputaioŶal ĐoŵpleǆitǇ ƌeƋuiƌed. It also alloǁs foƌ the shaƌiŶg 
of paƌaŵeteƌs, as ǁe ĐaŶ logiĐallǇ ĐoŶĐlude if ǁe aƌe tƌǇiŶg to ideŶifǇ aŶ iŵage featuƌe, its pƌeĐise 
loĐaioŶ is iƌƌeleǀaŶt aŶd ǁe ĐaŶ applǇ the saŵe aŶalǇiĐal ŵethods to eaĐh iŶdiǀidual iŵage ƌegioŶ. 
We also gaiŶ the pƌopeƌtǇ of eƋuiǀaƌiaŶĐe to tƌaŶslaioŶ. This ŵeaŶs that if ǁe tƌaŶsfoƌŵ the iŶput 
iŵage iŶ soŵe ǁaǇ, the output ǁill ďe siŵilaƌlǇ ĐhaŶged.  

The Ŷeǆt step is to pƌoĐess ouƌ Ŷeǁ featuƌe ŵap thƌough a pooliŶg laǇeƌ. This is doŶe ďǇ applǇiŶg a 
fuŶĐioŶ to ƌeplaĐe the output at ĐeƌtaiŶ loĐaioŶs iŶ the iŵage ďǇ deƌiǀiŶg a suŵŵaƌǇ staisiĐ of 
ŶeaƌďǇ outputs. SiŵilaƌlǇ to the ĐoŶǀoluioŶal laǇeƌ, this uses a keƌŶel of size ݊ × ݊. Theƌe aƌe seǀeƌal 
possiďle pooliŶg fuŶĐioŶs, hoǁeǀeƌ the ŵost populaƌ is ŵaǆ pooliŶg. This ƌetuƌŶs the ŵaǆiŵuŵ 
ǀalue iŶ the keƌŶel, aŶd has the ďeŶeit of ƌeduĐiŶg Ŷoise ǁithiŶ the iŵage, foĐusiŶg oŶ the stƌoŶgest 
featuƌes. Aǀeƌage pooliŶg foƌ eǆaŵple ĐaŶ sufeƌ fƌoŵ this efeĐt. AŶ eǆaŵple ŵaǆ pooliŶg opeƌaioŶ 
is giǀeŶ ďeloǁ. 
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Figuƌe ϯ: A ŵaǆ pooliŶg opeƌaioŶ ǁith ϮǆϮ ilteƌs aŶd a stƌide of Ϯ 

These laǇeƌs haǀe the dƌaǁďaĐk that theǇ aƌe so faƌ oŶlǇ aďle to Đaptuƌe liŶeaƌ ƌelaioŶships iŶ the 
iŵage, theƌefoƌe a soluioŶ is to plaĐe a ŶoŶ-liŶeaƌ laǇeƌ ateƌ eǀeƌǇ ĐoŶǀoluioŶal oŶe. The ƌeĐiied 
liŶeaƌ uŶit ;‘eLUͿ aĐiǀaioŶ fuŶĐioŶ is oŶe ŵethod foƌ this. The ŵatheŵaiĐal fuŶĐioŶ is ƌelaiǀelǇ 
siŵple, alloǁiŶg it to ďe eiĐieŶtlǇ applied to eǀeƌǇ eleŵeŶt iŶ ouƌ featuƌe ŵap.  ݂ሺݔሻ = max ሺݔ, Ͳሻ 
The iŶal laǇeƌ is a fullǇ ĐoŶŶeĐted oŶe ǁheƌe all ŶeuƌoŶs aƌe ĐoŶŶeĐted to the pƌeĐediŶg aŶd 
suĐĐeediŶg laǇeƌ. This is a tƌadiioŶal Ŷeuƌal Ŷetǁoƌk laǇeƌ, aŶd ĐaŶ ďe used to ŵake iŶal pƌediĐioŶs 
ďǇ suŵŵaƌisiŶg all the iŶfoƌŵaioŶ iŶ the ŵodel. 

A iŶal ĐoŶǀoluioŶal Ŷeuƌal Ŷetǁoƌk Đould take the folloǁiŶg foƌŵ: 

[ INPUT LAYE‘ ] 

-> [ CONVϭ ] -> [ BATCH NO‘M ] -> [ ‘eLU ACTIVATION ] -> [ MAX POOL ϭ ]  

-> [ CONVϮ ] -> [ BATCH NO‘M ] -> [ ‘eLU ACTIVATION ] -> [ MAX POOL Ϯ ] 

-> [ FULLY CONNECTED LAYE‘ ] 

-> [ OUTPUT LAYE‘ ]  

U-NET 

IŶ ϮϬϭϱ ‘oŶŶeďeƌgeƌ Ϭ., FisĐheƌ P. aŶd Bƌoǆ T. pƌoposed a ƌeǀoluioŶaƌǇ Ŷeǁ ŵethod foƌ iŵage 
segŵeŶtaioŶ. Pƌeǀious ŵethods had ďeeŶ liŵited ďǇ ƌeƋuiƌiŶg the ĐolleĐioŶ of laƌge datasets. 
Fuƌtheƌŵoƌe these ŵodels ǁeƌe laƌge, ǁhile U-NET Đould pƌoduĐe a segŵeŶtaioŶ iŶ less thaŶ a 
seĐoŶd oŶ theiƌ haƌdǁaƌe. With tƌaiŶiŶg data oteŶ laĐkiŶg foƌ ŵediĐal iŵage segŵeŶtaioŶ, aloŶg 
ǁith a ƋuiĐk ĐlassiiĐaioŶ iŵe aŶd good aĐĐuƌaĐǇ, this ŵade it a ďig step foƌǁaƌds iŶ ŵediĐal iŵage 
segŵeŶtaioŶ. It also pƌoduĐes a piǆelǁise segŵeŶtaioŶ of aŶǇ iŵage, the ideal ƌesult foƌ a ĐliŶiĐiaŶ 
to ďe aďle to ƋuiĐklǇ ideŶifǇ ƌeleǀaŶt featuƌes. Although iŶiiallǇ used as a ďiŶaƌǇ ĐlassiiĐaioŶ 
ŵethod to ideŶifǇ oŶe Đlass ǁithiŶ aŶ iŵage, it ĐaŶ ďe easilǇ geŶeƌalised iŶ oƌdeƌ to pƌoduĐe a 
segŵeŶtaioŶ ǁith aŶǇ Ŷuŵďeƌ of possiďle laďels.  



ϭϲ 

 

 

Figuƌe ϰ: AƌĐhiteĐtuƌe of a U-NET Ŷeuƌal Ŷetǁoƌk ;TheThiŶkiŶgMaŶ ϮϬϮϮ, liĐeŶsed uŶdeƌ CC-BY-SA-
ϰ.ϬͿ 

The uŶdeƌlǇiŶg stƌuĐtuƌe of U-NET uses ŵaŶǇ of the saŵe featuƌes as CNNs, iŶĐludiŶg ĐoŶǀoluioŶal 
laǇeƌs. Theƌe is a ĐoŶtƌaĐiŶg path ǁhiĐh ƌeduĐes the size of the iŵage iŶto sŵalleƌ featuƌe ŵaps iŶ 
oƌdeƌ to Đaptuƌe detail iŶ the iŵages. SiŵultaŶeouslǇ, the Ŷuŵďeƌ of featuƌe ĐhaŶŶels aƌe iŶĐƌeased 
iŶ oƌdeƌ to Đaptuƌe a ǁideƌ ƌaŶge of difeƌeŶt pateƌŶs fƌoŵ the data. At the ďotoŵ of the 
ĐoŶtƌaĐiŶg path, theƌe eǆists a ďotleŶeĐk laǇeƌ ǁhiĐh ƌoutes the iŶput to the eǆpaŶdiŶg path. This 
iŶĐƌeases the featuƌe ŵap size, ǁhile deĐƌeasiŶg the Ŷuŵďeƌ of featuƌe ĐhaŶŶels iŶ the ŵodel. The 
iŶal laǇeƌ pƌoduĐes a ĐlassiiĐaioŶ foƌ eaĐh piǆel iŶ the ŵodel, ǁhiĐh ĐaŶ theŶ ďe tƌaŶsfoƌŵed iŶto a 
full ŵulilaďel segŵeŶtaioŶ. A disiŶĐiǀe featuƌe of U-NET is the pƌeseŶĐe of skip ĐoŶŶeĐioŶs 
ďetǁeeŶ the ĐoŶtƌaĐiŶg aŶd eǆpaŶdiŶg path. At a high leǀel these liŶks help the ŵodel pƌeseƌǀe the 
ĐoƌƌeĐt loĐaioŶ of aŶǇ featuƌes that aƌe ďeiŶg segŵeŶted.  

The ĐoŶtƌaĐiŶg path aĐts siŵilaƌlǇ to hoǁ a tǇpiĐal CNN aƌĐhiteĐtuƌe ǁould ĐlassifǇ aŶ iŵage. It is a 
ƌepeated appliĐaioŶ of tǁo ͵ × ͵ ĐoŶǀoluioŶs, eaĐh folloǁed ďǇ a ‘eLU aĐiǀaioŶ. This is theŶ 
folloǁed ďǇ a ʹ × ʹ ŵaǆ pooliŶg opeƌaioŶ ǁith a stƌide of Ϯ, halǀiŶg the size of the featuƌe ŵap. 
EaĐh iŵe this oĐĐuƌs, ǁe douďle the Ŷuŵďeƌ of featuƌe ĐhaŶŶels iŶ ouƌ Ŷetǁoƌk.  

The eǆpaŶdiŶg path staƌts ǁith aŶ up-ĐoŶǀoluioŶ, ǁoƌkiŶg siŵilaƌlǇ to the ĐoŶǀoluioŶal laǇeƌs iŶ 
ƌeǀeƌse. A keƌŶel is ƌepeatedlǇ applied to seĐioŶs of the iŵage, ǁith the output ďeiŶg a higheƌ 
diŵeŶsioŶ ŵatƌiǆ. TǇpiĐallǇ this is a ʹ × ʹ ĐoŶǀoluioŶ iŶ oƌdeƌ to douďle the featuƌe ŵap s͛ spaial 
diŵeŶsioŶ. AddiioŶallǇ the Ŷuŵďeƌ of featuƌe ĐhaŶŶels is halǀed at this stage. This is theŶ folloǁed 
ďǇ the saŵe tǁo ͵ × ͵ ĐoŶǀoluioŶs aŶd ‘eLU aĐiǀaioŶ fuŶĐioŶs as iŶ the ĐoŶtƌaĐiŶg path. The 
ƌesult of all this is ĐoŶĐateŶated ǁith the featuƌe ŵap fƌoŵ the ĐoƌƌespoŶdiŶg laǇeƌ of the 
ĐoŶtƌaĐiŶg path, ƌesuliŶg iŶ ouƌ skip ĐoŶŶeĐioŶs. The ĐoŶtƌaĐiŶg featuƌe ŵap ŵust hoǁeǀeƌ ďe 
Đƌopped iŶ oƌdeƌ to aĐĐouŶt foƌ aŶǇ ĐhaŶges iŶ diŵeŶsioŶs fƌoŵ the ǀaƌious laǇeƌs.  



ϭϳ 

 

The iŶal paƌt of the ŵodel is a ͳ × ͳ ĐoŶǀoluioŶ iŶ oƌdeƌ to ŵap eaĐh ĐoŵpoŶeŶt featuƌe ǀeĐtoƌ to 
the desiƌed Ŷuŵďeƌ of Đlasses. The output ǁill ďe a piǆelǁise pƌoďaďilitǇ distƌiďuioŶ peƌ Đlass fƌoŵ 
ǁhiĐh ǁe ĐaŶ easilǇ ĐoŶstƌuĐt ouƌ pƌediĐted segŵeŶtaioŶ.  

Paƌt of tƌaiŶiŶg suĐh a U-NET ŵodel is ŵakiŶg use of data augŵeŶtaioŶ teĐhŶiƋues. IŶ oƌdeƌ to 
eŶsuƌe the Ŷetǁoƌk is ƌoďust, aŶd ǁheŶ oŶlǇ a feǁ tƌaiŶiŶg saŵples aƌe aǀailaďle, ǁe ĐaŶ iŶĐƌease 
the ǀaƌietǇ of ouƌ tƌaiŶiŶg data ďǇ peƌfoƌŵiŶg ǀaƌious tƌaŶsfoƌŵaioŶs oŶ ouƌ iŵages aŶd ŵasks 
ƌespeĐiǀelǇ. Eǆaŵples Đould iŶĐlude ƌaŶdoŵ ĐƌoppiŶg, ǀeƌiĐal aŶd hoƌizoŶtal ƌeleĐioŶ, ƌotaioŶs to 
ǀaƌǇiŶg degƌees aŶd ǀaƌǇiŶg ďƌightŶess. BǇ peƌfoƌŵiŶg these opeƌaioŶs ƌaŶdoŵlǇ oŶ ouƌ dataset ǁe 
ĐaŶ eŶsuƌe ouƌ ŵodel is taught to ďe suiĐieŶtlǇ iŶǀaƌiaŶt.  

The iŶiial ƌesults of U-NET aƌĐhiteĐtuƌes ǁeƌe eǆtƌeŵelǇ good. OŶ tǁo sepaƌate Đell tƌaĐkiŶg dataset 
segŵeŶtaioŶ ĐhalleŶges, U-NET s͛ IOU ǁas Ϭ.Ϭϵ aŶd Ϭ.ϯϭ higheƌ thaŶ the seĐoŶd ďest ŵodels foƌ the 
ƌespeĐiǀe datasets, ƌepƌeseŶiŶg a sigŶiiĐaŶt step foƌǁaƌd iŶ Đoŵputeƌ ǀisioŶ. 

U-NET++ 

As good as the oƌigiŶal U-NET pƌoǀed to ďe, it ǁas sill liŵited iŶ soŵe ǁaǇs. IŶ a ŵediĐal seiŶg, 
eǀeŶ sŵall segŵeŶtaioŶ eƌƌoƌs ĐaŶ lead to a pooƌ useƌ eǆpeƌieŶĐe. The ƋuesioŶ theŶ is hoǁ ŵuĐh 
ĐaŶ ǁe iŵpƌoǀe upoŶ the U-NET ŵodel iŶ oƌdeƌ to ŵeet the deŵaŶds of ŵediĐal segŵeŶtaioŶ, aŶd 
ƌeduĐe aŶǇ eƌƌoƌs iŶ Đoŵputeƌ geŶeƌated oƌ assisted diagŶosis. U-NET++ addƌesses this thƌough the 
use of iŵpƌoǀed skip ĐoŶŶeĐioŶs aŶd deep supeƌǀisioŶ. BǇ iŶĐƌeasiŶg the efeĐiǀeŶess of the 
tƌaŶsfeƌ of iŶfoƌŵaioŶ fƌoŵ the ĐoŶtƌaĐiŶg path to the eǆpaŶdiŶg path, ǁe ǁill aĐhieǀe a ŵoƌe 
aĐĐuƌate segŵeŶtaioŶ. Deep supeƌǀisioŶ ǁoƌks to eŶsuƌe that the ŵodel leaƌŶs hieƌaƌĐhiĐal featuƌes 
at ŵuliple sĐales, ďǇ iŶtƌoduĐiŶg addiioŶal Đlassiieƌs at iŶteƌŵediate laǇeƌs of the Ŷetǁoƌk. These 
ĐaŶ ďe used to pƌoǀide feedďaĐk duƌiŶg tƌaiŶiŶg, alloǁiŶg the ŵodel to leaƌŶ ŵoƌe iŶe-gƌaiŶed 
details iŶ iŵages.  This ŵuli-sĐale appƌoaĐh helps the ŵodel Đaptuƌe iŶtƌiĐate stƌuĐtuƌes aŶd 
ŶuaŶĐes, eŶhaŶĐiŶg its aďilitǇ to pƌoduĐe pƌeĐise aŶd ƌeliaďle segŵeŶtaioŶs. 

IŶ U-NET the featuƌe ŵaps of the ĐoŶtƌaĐiŶg path aƌe diƌeĐtlǇ ƌeĐeiǀed iŶ the eǆpaŶdiŶg path. 
Hoǁeǀeƌ iŶ U-NET++ theǇ uŶdeƌgo a seƌies of iŶteƌŵediate steps. The ŵaiŶ idea is that iŶfoƌŵaioŶ 
ǁill ďe ďeteƌ pƌeseƌǀed if the ĐoŶĐateŶated featuƌe ŵaps iŶ the eǆpaŶdiŶg path aƌe seŵaŶiĐallǇ 
siŵilaƌ to eaĐh otheƌ. We ĐaŶ see ďeloǁ the oƌigiŶal U-NET iŶ ďlaĐk, aŶd the addiioŶ of deŶse skip 
ĐoŶŶeĐioŶs iŶ gƌeeŶ aŶd ďlue. 
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Figuƌe ϱ: AŶ aƌĐhiteĐtuƌal oǀeƌǀieǁ of U-NET++ ;LiaŶg, J. et al. ϮϬϭϴͿ 

EaĐh iŶteƌŵediate skip ĐoŶŶeĐioŶ ďloĐk ĐaŶ ďe eǆpƌessed as �௜,௝, ǁith ݅ ƌepƌeseŶiŶg the doǁŶ 
saŵpliŶg laǇeƌ, aŶd ݆ ƌepƌeseŶiŶg the ĐoŶǀoluioŶ laǇeƌ of the ďloĐk aloŶg the pathǁaǇ. EaĐh ďloĐk is 
ĐalĐulated thƌough a ĐoŶǀoluioŶ laǇeƌ, folloǁed ďǇ aŶ aĐiǀaioŶ fuŶĐioŶ of the ĐoŶĐateŶaioŶ of all 
ďloĐks at the saŵe doǁŶ-saŵpliŶg laǇeƌ, plus the up saŵpled ďloĐk diƌeĐtlǇ ďeloǁ it. Foƌ eǆaŵple, 
ďloĐk �ଵ,ଷ is pƌoduĐed ďǇ a ĐoŶǀoluioŶ aŶd aĐiǀaioŶ of the ĐoŶĐateŶated ďloĐks �ଵ,଴, �ଵ,ଵ, �ଵ,ଶ aŶd 
the up saŵpled �ଶ,ଶ. 

FoƌŵallǇ ǁe ĐaŶ eǆpƌess the skip pathǁaǇs as folloǁs. Let Hሺ∙ሻ ƌepƌeseŶt a ĐoŶǀoluioŶ opeƌaioŶ 
folloǁed ďǇ aŶ aĐiǀaioŶ fuŶĐioŶ, ܷሺ∙ሻ ƌepƌeseŶt aŶ up saŵpliŶg laǇeƌ, aŶd [] ƌepƌeseŶt a 
ĐoŶĐateŶaioŶ laǇeƌ. Theƌefoƌe, the output ݔ௜,௝ of aŶǇ Ŷode �௜,௝ is Đoŵputed as folloǁs: ݔ௜,௝ ݆ ݎ݋݂    ,௜−ଵ,௝൯ݔ)ܪ  }= = Ͳ 

௞=଴௝−ଵ[௜,௞ݔ] ] )ܪ  , ݆ ݎ݋݂ ,௜+ଵ,௝−ଵ൯ ]൯ݔ)ܷ > Ͳ 

Figuƌe ϱ paƌt ď fuƌtheƌ Đlaƌiies this eƋuaioŶ ďǇ shoǁiŶg the tƌaŶsfeƌ of featuƌe ŵaps aĐƌoss the top 
skip pathǁaǇ of the ŵodel. This ŵethod ŵeaŶs that all pƌioƌ featuƌe ŵaps ǁill aĐĐuŵulate ďefoƌe 
aƌƌiǀiŶg at the ĐuƌƌeŶt Ŷode, eŶsuƌiŶg a higheƌ tƌaŶsfeƌ of iŶfoƌŵaioŶ thƌough the ŵodel.  

Due to the ŵodiied aƌĐhiteĐtuƌe ǁithiŶ the skip ĐoŶŶeĐioŶs, U-NET++ pƌoduĐes a full featuƌe ŵap 
at ŵuliple difeƌeŶt poiŶts ; ݔ଴,௝, ݆ ∈ {ͳ,ʹ,͵,Ͷ} Ϳ. EaĐh of these poiŶts is a possiďle pƌediĐioŶ foƌ the 
ŵodel, aŶd eaĐh ofeƌs a ĐhaŶĐe foƌ us to use a supeƌǀised appƌoaĐh. This is displaǇed iŶ ƌed oŶ ouƌ 
diagƌaŵ. A tǇpiĐal loss fuŶĐioŶ suĐh as Đƌoss-eŶtƌopǇ oƌ foĐal loss ĐaŶ ďe used at eaĐh of these leǀels 
to eŶsuƌe ouƌ ŵodel is fullǇ tƌaiŶed thƌoughout.  

Oǀeƌall U-NET++ pƌoǀed to ďe a ŶoiĐeaďle iŵpƌoǀeŵeŶt. EǆpeƌiŵeŶts oŶ seǀeƌal ŵediĐal 
segŵeŶtaioŶ datasets shoǁed aŶ aǀeƌaged IOU gaiŶ of ϯ.ϵ poiŶts oǀeƌ U-NET, shoǁiŶg the 
iŵpoƌtaŶĐe of iŵpƌoǀed skip ĐoŶŶeĐioŶs aŶd deep supeƌǀisioŶ to the ŵodel.  
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U-NET 3+ 

IŶ aŶ ateŵpt to fuƌtheƌ iŵpƌoǀe upoŶ U-NET, a thiƌd ǀeƌsioŶ ǁas pƌoposed ďǇ HuaŶg, H. et al. TheǇ 
aĐkŶoǁledged that U-NET ǁas ďeiŶg ǁidelǇ used iŶ ŵediĐal iŵage segŵeŶtaioŶ, hoǁeǀeƌ it ǁas 
ĐoŶiŶuouslǇ eǆpeƌieŶĐiŶg the saŵe laǁs. U-NET++ had eŶhaŶĐed the shaƌiŶg of iŶfoƌŵaioŶ 
ďetǁeeŶ difeƌeŶt sĐales of the ŵodel, hoǁeǀeƌ this ǁas sill iŶsuiĐieŶt iŶ ŵaŶǇ ŵediĐal 
appliĐaioŶs. PaƌiĐulaƌlǇ iŶ seiŶgs ǁheƌe oƌgaŶs Đould appeaƌ at ǀaƌǇiŶg sĐales, pƌeǀious teĐhŶiƋues 
fell shoƌt, aŶd pƌoduĐed iŶsuiĐieŶt segŵeŶtaioŶs ďǇ failiŶg to ĐoŵďiŶe ďoth high leǀel aŶd loǁ 
leǀel featuƌes efeĐiǀelǇ, liŵiiŶg the Ŷetǁoƌk s͛ aďilitǇ to segŵeŶt aŶ iŵage aloŶg its ĐoƌƌeĐt 
ďouŶdaƌǇ. Fuƌtheƌŵoƌe theƌe ǁas aŶ iŶĐƌeased deŵaŶd foƌ ĐoŵputaioŶal eiĐieŶĐǇ iŶ oƌdeƌ to 
pƌoduĐe a good segŵeŶtaioŶ iŶ Ŷeaƌ ƌeal iŵe. 

The iƌst iŵpƌoǀeŵeŶt iŶtƌoduĐed iŶ U-NET ϯ+ is the use of full sĐale skip ĐoŶŶeĐioŶs. SiŵilaƌlǇ to U-
NET, the featuƌe ŵap fƌoŵ the saŵe sĐale is diƌeĐtlǇ ƌeĐeiǀed iŶ the eǆpaŶdiŶg path thƌough a 
ĐoŶǀoluioŶal laǇeƌ. IŶ ĐoŶtƌast, a set of iŶteƌĐoŶŶeĐted skip ĐoŶŶeĐioŶs deliǀeƌs loǁ leǀel detailed 
iŶfoƌŵaioŶ fƌoŵ the sŵalleƌ sĐale ĐoŶtƌaĐiŶg path laǇeƌs ďǇ applǇiŶg a ŶoŶ-oǀeƌlappiŶg ŵaǆ 
pooliŶg opeƌaioŶ. The higheƌ leǀel ĐoŶtƌaĐiŶg path is put thƌough a ďiliŶeaƌ up-saŵpliŶg laǇeƌ iŶ 
oƌdeƌ to iŶĐƌease its spaial diŵeŶsioŶ. The featuƌe ŵaps aƌe theŶ ŵeƌged ǀia a ĐoŶǀoluioŶal laǇeƌ, 
ďatĐh ŶoƌŵalisaioŶ laǇeƌ aŶd ‘eLU aĐiǀaioŶ. 

The ƌesult is a set of featuƌe ŵaps that iŶĐoƌpoƌate iŶfoƌŵaioŶ fƌoŵ difeƌeŶt sĐales, alloǁiŶg the 
Ŷetǁoƌk to Đaptuƌe iŶe gƌaiŶed details fƌoŵ sŵalleƌ sĐales, aŶd high leǀel seŵaŶiĐs aĐƌoss the 
eŶiƌe ƌaŶge of sĐales. It is also ǁoƌth ŶoiŶg that these skip ĐoŶŶeĐioŶs aƌe ŵoƌe eiĐieŶt ǁith 
feǁeƌ paƌaŵeteƌs thaŶ a U-NET++ stƌuĐtuƌe.  

This pƌoĐess ĐaŶ ďe seeŶ oŶ the iguƌe ďeloǁ, shoǁiŶg the pƌoĐess of ĐoŶstƌuĐiŶg the full-sĐale 
aggƌegated featuƌe ŵap of the thiƌd laǇeƌ of the eǆpaŶdiŶg path.  

 

Figuƌe ϲ: CoŶstƌuĐioŶ of the full-sĐale aggƌegated featuƌe ŵap of thiƌd deĐodeƌ laǇeƌ �஽௘ଷ  ;HuaŶg, H. 
et al. ϮϬϮϬͿ 

These skip ĐoŶŶeĐioŶs ĐaŶ ďe foƌŵallǇ eǆpƌessed as folloǁs. Let ݅ iŶdeǆ the laǇeƌ of the ĐoŶtƌaĐiŶg 
path aŶd let ܰ ƌepƌeseŶt the total Ŷuŵďeƌ of laǇeƌs iŶ the Ŷetǁoƌk. Let ܪሺ∙ሻ ďe the featuƌe 
aggƌegaioŶ ŵeĐhaŶisŵ ǁith a ĐoŶǀoluioŶ folloǁed ďǇ a ďatĐh ŶoƌŵalisaioŶ aŶd aĐiǀaioŶ, aŶd ܥሺ∙ሻ deŶotes a ĐoŶǀoluioŶ opeƌaioŶ. ܷሺ∙ሻ aŶd ܦሺ∙ሻ  aƌe up saŵpliŶg aŶd doǁŶ saŵpliŶg fuŶĐioŶs 
ƌespeĐiǀelǇ, aŶd [∙] is the ĐoŶĐateŶaioŶ fuŶĐioŶ. The staĐk of featuƌe ŵaps ƌepƌeseŶted ďǇ �஽௘௜  is 
theŶ giǀeŶ ďǇ the ďeloǁ eƋuaioŶ: 
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�஽௘௜ =
{  
  �ா௡௜ , ݅ = ܰ,
ܪ ൮[ܥ ቀܦ(�ா௡௞ ൯ቁ௞=ଵ௜−ଵ , ா௡௜�)ܥ ൯⏟                �௖௔௟௘௦:ଵೞ೟−௜೟ℎ , ܥ ቀܷ(�஽௘௞ ൯ቁ௞=௜+ଵ�⏟          �௖௔௟௘௦:ሺ௜+ଵሻ೟ℎ−�೟ℎ ]) , ݅ = ͳ,⋯ ,ܰ − ͳ

 

 

The seĐoŶd iŵpƌoǀeŵeŶt is the use of full sĐale deep supeƌǀisioŶ. The last laǇeƌ of eaĐh deĐodeƌ 
stage is fed iŶto a plaiŶ ĐoŶǀoluioŶal laǇeƌ, folloǁed ďǇ a ďiliŶeaƌ up-saŵpliŶg aŶd sigŵoid fuŶĐioŶ. 
This pƌoduĐes a ǀalid segŵeŶtaioŶ pƌediĐioŶ at eaĐh stage, ǁhiĐh is supeƌǀised ďǇ the tƌue 
segŵeŶtaioŶ ŵask.  

To fuƌtheƌ iŵpƌoǀe the Đlass ďouŶdaƌies, U-NET ϯ+ uses a hǇďƌid loss fuŶĐioŶ. This is ŵade up of the 
MS-SSIM ǀalue, foĐal loss aŶd iŶteƌseĐioŶ oǀeƌ uŶioŶ loss.  ݈௦௘௚  =  ݈௙௟  + ݈௠௦−௦௦௜௠  +  ݈௜௢௨ 

This foƌĐes ouƌ ŵodel to leaƌŶ a ƌaŶge of stƌuĐtuƌal ďouŶdaƌies ďǇ opiŵisiŶg ŵuliple ŵetƌiĐs, 
ƌesuliŶg iŶ a ďeteƌ oǀeƌall segŵeŶtaioŶ.  

The iŶal iŵpƌoǀeŵeŶt is the iŶtƌoduĐioŶ of a ĐlassiiĐaioŶ guided ŵodule. IŶ ŵost ŵediĐal iŵage 
pƌoďleŵs, false posiiǀes aƌe aŶ iŶeǀitaďle ĐoŶseƋueŶĐe of autoŵated segŵeŶtaioŶ. IŶ oƌdeƌ to 
fuƌtheƌ ĐlaƌifǇ the pƌeseŶĐe of a laďel Đlass iŶ aŶ iŵage, a Ŷeǁ ŵodule is Đƌeated at the ďotoŵ of the 
ŵodel, �ா௡5 . BeŶeiiŶg fƌoŵ the ƌiĐhest iŶfoƌŵaioŶ iŶ the ĐoŶtƌaĐiŶg path, this theŶ outputs a Ϯ 
diŵeŶsioŶal teŶsoƌ, deŶoiŶg ǁith oƌ ǁithout the Đlass laďels. SuďseƋueŶtlǇ, ǁe ŵuliplǇ the siŶgle 
ĐlassiiĐaioŶ output ǁith the side segŵeŶtaioŶ outputs iŶ oƌdeƌ to ƌeduĐe eƌƌoŶeous 
segŵeŶtaioŶs, aŶd pƌeǀeŶt segŵeŶtaioŶ of aďseŶt Đlasses. Hoǁeǀeƌ the ǁoƌk of the authoƌs has 
oŶlǇ foĐused oŶ ďiŶaƌǇ segŵeŶtaioŶ, aŶd it is ĐuƌƌeŶtlǇ uŶĐleaƌ ǁhetheƌ this ĐaŶ ďe suĐĐessfullǇ 
applied to ouƌ dataset of ŵuliĐlass luŶg ultƌasouŶd iŵages.  

  

Figuƌe ϳ: AƌĐhiteĐtuƌe of a Đlass guided ŵodule used iŶ U-NET ϯ+ ;HuaŶg, H. et al. ϮϬϮϬͿ 

The iŶiial ŵodel ǁas tested oŶ tǁo datasets of aďdoŵiŶal CT sĐaŶs, segŵeŶiŶg foƌ the liǀeƌ aŶd 
spleeŶ. Oǀeƌall the ƌesults ǁeƌe aŶ iŵpƌoǀeŵeŶt, ǁith a DiĐe sĐoƌe of Ϭ.ϵϱϱϮ Đoŵpaƌed to a sĐoƌe of 
Ϭ.ϵϯϱϮ fƌoŵ U-NET++. The ďest ƌesults ǁeƌe all oďtaiŶed usiŶg the full ĐoŵďiŶaioŶ of hǇďƌid loss 
fuŶĐioŶ, Đlass guided ŵodules, aŶd deep supeƌǀisioŶ. It is also ǁoƌth ŶoiŶg that U-NET ϯ+ used 
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appƌoǆiŵatelǇ tǁo thiƌds of the paƌaŵeteƌs that U-NET++ used iŶ its segŵeŶtaioŶ ŵodel, 
sigŶiiĐaŶtlǇ iŵpƌoǀiŶg the ŵodels peƌfoƌŵaŶĐe iŵe. 

CoŶĐlusioŶs 

IŶ ĐoŶĐlusioŶ, this seĐioŶ has pƌoǀided a ĐoŵpƌeheŶsiǀe oǀeƌǀieǁ of eǆisiŶg ŵethods of iŵage 
segŵeŶtaioŶ aŶd theiƌ liŵitaioŶs. While Ŷuŵeƌous appƌoaĐhes haǀe ďeeŶ deǀeloped oǀeƌ the 
Ǉeaƌs, it is eǀideŶt that the U-Net aƌĐhiteĐtuƌe ƌepƌeseŶts a sigŶiiĐaŶt adǀaŶĐeŵeŶt iŶ the ield of 
seŵaŶiĐ segŵeŶtaioŶ. With its iŶŶoǀaiǀe desigŶ, skip ĐoŶŶeĐioŶs, aŶd ƌoďust featuƌe eǆtƌaĐioŶ 
Đapaďiliies, U-Net has deŵoŶstƌated supeƌioƌ peƌfoƌŵaŶĐe iŶ a ǁide ƌaŶge of ŵediĐal iŵage 
segŵeŶtaioŶ tasks. 

Hoǁeǀeƌ, it is ĐƌuĐial to ƌeĐogŶize that Ŷo siŶgle segŵeŶtaioŶ ŵethod is uŶiǀeƌsallǇ supeƌioƌ, as the 
ĐhoiĐe of appƌoaĐh oteŶ depeŶds oŶ the speĐiiĐ ƌeƋuiƌeŵeŶts aŶd ĐhaƌaĐteƌisiĐs of the iŵage data 
at haŶd. Theƌefoƌe, it is esseŶial foƌ ƌeseaƌĐheƌs aŶd pƌaĐiioŶeƌs iŶ the ield to ĐaƌefullǇ ĐoŶsideƌ 
the ŶuaŶĐes of theiƌ segŵeŶtaioŶ task aŶd seleĐt the ŵost suitaďle ŵethod aĐĐoƌdiŶglǇ. 

MoǀiŶg foƌǁaƌd, the iŶtegƌaioŶ of deep leaƌŶiŶg teĐhŶiƋues, suĐh as U-Net, ǁith otheƌ adǀaŶĐed 
teĐhŶologies like tƌaŶsfeƌ leaƌŶiŶg, ateŶioŶ ŵeĐhaŶisŵs, aŶd ŵuli-ŵodal data fusioŶ, holds gƌeat 
pƌoŵise foƌ fuƌtheƌ iŵpƌoǀiŶg the aĐĐuƌaĐǇ aŶd eiĐieŶĐǇ of iŵage segŵeŶtaioŶ tasks. This eǀeƌ-
eǀolǀiŶg laŶdsĐape of iŵage segŵeŶtaioŶ ŵethods uŶdeƌsĐoƌes the iŵpoƌtaŶĐe of oŶgoiŶg ƌeseaƌĐh 
aŶd deǀelopŵeŶt iŶ the puƌsuit of ŵoƌe aĐĐuƌate aŶd ǀeƌsaile soluioŶs foƌ ǀaƌious appliĐaioŶs iŶ 
Đoŵputeƌ ǀisioŶ aŶd ŵediĐal iŵagiŶg. 
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Methods 

 

Sotǁaƌe 

The ĐhoiĐe of difeƌeŶt pƌogƌaŵŵiŶg laŶguages aŶd sotǁaƌe liďƌaƌies is a keǇ paƌt iŶ deǀelopiŶg a 
ŵaĐhiŶe leaƌŶiŶg appliĐaioŶ. Foƌ this pƌojeĐt I Đhose to ǁoƌk iŶ pǇthoŶ, speĐiiĐallǇ usiŶg the 
PǇToƌĐh liďƌaƌǇ.  

PǇthoŶ is a ǀeƌǇ Ŷatuƌal ĐhoiĐe, as the siŵpliĐitǇ aŶd ƌeadaďilitǇ of the laŶguage alloǁs the deǀelopeƌ 
to ŵoƌe easilǇ foĐus oŶ the ŵaĐhiŶe leaƌŶiŶg appƌoaĐh, ƌatheƌ thaŶ ĐodiŶg. AddiioŶallǇ theƌe is 
alƌeadǇ a laƌge aŶd estaďlished ĐoŵŵuŶitǇ of PǇthoŶ deǀelopeƌs ĐƌeaiŶg aŶd iŵpƌoǀiŶg upoŶ 
eǆisiŶg ŵaĐhiŶe leaƌŶiŶg fƌaŵeǁoƌks, soŵe of ǁhiĐh diƌeĐtlǇ ĐoŶtƌiďuted to this pƌojeĐt.  

UsiŶg PǇToƌĐh ǁas a ŵoƌe diiĐult deĐisioŶ, as it is ƌoughlǇ eƋuiǀaleŶt to otheƌ liďƌaƌies suĐh as 
TeŶsoƌFloǁ iŶ teƌŵs of suppoƌt aŶd staŶdaƌds. The iŶal ĐhoiĐe ǁas deteƌŵiŶed ďǇ the eǆpeƌise of 
ŵǇ aĐadeŵiĐ Đolleagues as ǁell as those of IŶtelligeŶt UltƌasouŶd, all of ǁhoŵ pƌefeƌƌed PǇToƌĐh. 
AŶǇ Đode pƌoduĐed ǁill likelǇ ďe ŵaiŶtaiŶed ďǇ aŶotheƌ deǀelopeƌ goiŶg foƌǁaƌds, so deǀelopiŶg 
ǁithiŶ a disiŶĐt liďƌaƌǇ ǁould dƌaŵaiĐallǇ ƌeduĐe the ŵaiŶtaiŶaďilitǇ of ŵǇ pƌojeĐt iŶ the futuƌe.  

Thƌoughout the deǀelopŵeŶt pƌoĐess, I haǀe foĐused oŶ pƌoǀidiŶg Đleaƌ aŶd ĐoŶĐise ĐoŵŵeŶts iŶ 
addiioŶ to foĐusiŶg oŶ ƌeadaďle PǇthoŶ Đode. The ŵaĐhiŶe leaƌŶiŶg eŶgiŶeeƌs at IŶtelligeŶt 
UltƌasouŶd also pƌoǀided a ďasiĐ teŵplate, iŶteŶded to ďest ŵake use of theiƌ distƌiďuted GPU 
Đlusteƌ. This has pƌoǀided the ďasis of ŵǇ deǀelopŵeŶt iŶ oƌdeƌ to ŵaǆiŵise the use of all aǀailaďle 
ƌesouƌĐes, ǁhile keepiŶg a faŵiliaƌ stƌuĐtuƌe foƌ aŶǇ otheƌ futuƌe deǀelopeƌs.  

Dataset 

The iƌst step iŶ deĐidiŶg hoǁ to appƌoaĐh the segŵeŶtaioŶ task ǁas to ĐoŶduĐt a thoƌough data 
aŶalǇsis of the dataset. IŶtelligeŶt UltƌasouŶd pƌoǀided soŵe iŶiial iŶfoƌŵaioŶ aďout the Đlass 
laďels aŶd featuƌes. These ǁeƌe speĐiied as ďeloǁ, ǁith aŶ ‘GB Đolouƌ ǀalue: 

Class Feature Red Value GreeŶ Value Blue Value 

Pleuƌa Ϯϱϱ Ϭ Ϯϱϱ 

A-LiŶes Ϭ Ϯϱϱ Ϯϱϱ 

B-LiŶes Ϯϱϱ Ϯϱϱ Ϭ 

CoŶlueŶt B-LiŶes Ϯϱϱ ϭϬϬ Ϭ 

CoŶsolidaioŶs Ϭ Ϯϱϱ Ϭ 

‘iďs Ϯϱϱ Ϭ Ϭ 

 

Hoǁeǀeƌ, this ǁas ƋuiĐklǇ shoǁŶ to ďe false. The folloǁiŶg disiŶĐt ‘GB Đolouƌ ǀalues appeaƌ ǁithiŶ 
the dataset, aŶd ŵust ďe aĐĐouŶted foƌ ǁheŶ loadiŶg data. 

Red Value GreeŶ Value Blue Value 

Ϭ Ϯϱϱ Ϯϱϱ 

Ϯϱϱ Ϭ Ϭ 

Ϯϱϱ ϭ ϭ 

ϭ Ϭ ϭ 
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ϭ ϭ Ϭ 

Ϯϱϱ ϭϬϬ ϭ 

Ϯϱϱ ϭ Ϭ 

Ϯϱϱ Ϭ Ϯϱϱ 

Ϭ ϭ Ϯϱϱ 

ϭ Ϯϱϱ ϭ 

ϭϬϬ ϱϬ Ϭ 

Ϭ Ϭ Ϭ 

Ϭ Ϯϱϱ Ϭ 

ϭ Ϭ Ϭ 

ϭϱϬ Ϭ ϳϱ 

Ϯϱϱ ϭϬϬ Ϭ 

ϭϱϬ Ϭ Ϯϱϱ 

Ϯϱϱ ϭϬϭ ϭ 

ϭϬϭ ϱϭ Ϭ 

Ϭ ϭϱϬ Ϯϱϱ 

Ϭ ϭ ϭ 

Ϯϱϱ Ϭ ϭ 

ϭ Ϯϱϱ Ϭ 

ϭϬϬ ϱϭ ϭ 

Ϯϱϱ ϭ Ϯϱϱ 

Ϭ Ϭ Ϯϱϱ 

  

CleaƌlǇ soŵe of these Đolouƌs ĐaŶ ďe suĐĐessfullǇ ŵeƌged iŶto theiƌ oďǀious Đlasses, suĐh as the ‘GB 
;ϭ, Ϭ, ϭͿ ďeiŶg paƌt of the ďaĐkgƌouŶd Đlass ;Ϭ, Ϭ, ϬͿ. Seǀeƌal Đolouƌs Ŷeeded a fuƌtheƌ iŶǀesigaioŶ to 
deĐide ǁhiĐh Đlass theǇ aƌe paƌt of, iŶĐludiŶg ;Ϭ, ϭϱϬ, ϮϱϱͿ, ;Ϭ, Ϭ, ϮϱϱͿ, ;ϭϱϬ, Ϭ, ϳϱͿ, ;ϭϱϬ, Ϭ, ϮϱϱͿ, 
;ϭϬϬ, ϱϬ, ϬͿ. Ateƌ seŶdiŶg seǀeƌal eǆaŵples to ŵediĐal pƌofessioŶals foƌ ĐoŶiƌŵaioŶ, the folloǁiŶg 
addiioŶal laďels ǁeƌe deĐided. 

RGB Colour Code AŶatoŵiĐal Feature 

;Ϭ, Ϭ, ϮϱϱͿ EfusioŶ 

;Ϭ, ϭϱϬ, ϮϱϱͿ Liǀeƌ 

;ϭϬϬ, ϱϬ, ϬͿ EfusioŶ ;alsoͿ 
;ϭϱϬ, Ϭ ϳϱͿ CoŶsolidaioŶ ;addiioŶal to eǆisiŶg ĐlassͿ 
;ϭϱϬ, Ϭ,ϮϱϱͿ SpleeŶ 

 

EfusioŶs aƌe useful aŶatoŵiĐal featuƌes, aŶd ǁe should Đaptuƌe theŵ iŶ aŶǇ ŵodel that ǁe ďuild, 
aŶd CoŶsolidaioŶs ĐaŶ ďe added to the eǆisiŶg Đlass. The liǀeƌ aŶd spleeŶ hoǁeǀeƌ aƌe eŶiƌelǇ 
sepaƌate fƌoŵ the ƌespiƌatoƌǇ sǇsteŵ aŶd it ŵakes the ŵost seŶse to ŵeƌge theŵ iŶto the 
ďaĐkgƌouŶd Đlass.  

It should ďe Ŷoted that theƌe aƌe Ŷo laďelled B-LiŶes iŶ the dataset. Despite the IŶtelligeŶt 
UltƌasouŶd segŵeŶtaioŶ iŶstƌuĐioŶs speĐifǇiŶg that B-LiŶes aŶd CoŶlueŶt B-LiŶes should ďe 
segŵeŶted sepaƌatelǇ, it appeaƌs that this is Ŷot the Đase aŶd the tǁo Đlasses aƌe esseŶiallǇ ŵeƌged 
iŶ the dataset. Due to the sheeƌ Ŷuŵďeƌ of iŵages, sepaƌaiŶg these Đlasses is likelǇ to ďe a laƌge 
uŶdeƌtakiŶg, hoǁeǀeƌ Đould ďe ĐoŶsideƌed if it is of sigŶiiĐaŶt use foƌ a ŵediĐal pƌaĐiioŶeƌ. WheŶ 
loadiŶg the iŵages iŶto the ŵodel, these ǀalues ǁeƌe ĐoƌƌeĐted iŶto the folloǁiŶg Đlasses. 
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Class CouŶt 
‘iďs ϭϯϰϲϲ 

Pleuƌa ϭϱϱϵϴ 

A-LiŶes ϳϰϮϮ 

CoŶlueŶt B-LiŶes ϱϱϳϬ 

CoŶsolidaioŶs ϭϵϰϰ 

EfusioŶs ϰϬϳ 

Total ϭϲϬϱϮ 

 

This dataset is eǆtƌeŵelǇ laƌge, a ƌaƌitǇ foƌ ŵost ŵediĐal iŵage datasets, hoǁeǀeƌ the Đlass size is 
ƌelaiǀelǇ iŵďalaŶĐed. Although the ŵost useful featuƌes iŶ luŶg ultƌasouŶds aƌe ǁell ƌepƌeseŶted, 
ǁith a high pƌeseŶĐe of Pleuƌa, A-LiŶes aŶd B-LiŶes.  

Despite this, deepeƌ aŶalǇsis ƌeǀeals that the Ŷuŵďeƌ of disiŶĐt paieŶts eǆaŵiŶed is oŶlǇ ϳϯ. Fƌoŵ 
eaĐh paieŶt, at least oŶe ǀideo has ďeeŶ ƌeĐoƌded, ǁith at least oŶe iŵage. IŶ total theƌe aƌe ϭϲϴ 
difeƌeŶt ǀideos ƌeĐoƌded, ǁith ϭϲϬϱϮ iŵages pƌoduĐed. This Đould poteŶiallǇ lead to a laĐk of 
ǀaƌietǇ iŶ the tƌaiŶiŶg data, due to the ƌisk of ƌeĐoƌdiŶg siŵilaƌ stƌuĐtuƌal pateƌŶs iŶ the liŵited 
Ŷuŵďeƌ of luŶgs ďeiŶg ǀieǁed. Hoǁeǀeƌ the Ŷuŵďeƌ of iŵages ǁill likelǇ lead us to ďe aďle to 
ƌeĐogŶise these stƌuĐtuƌes fƌoŵ difeƌeŶt aŶgles. This leads us to ĐoŶĐlude that ǁe ŵust ďe Đaƌeful 
ǁith oǀeƌiiŶg ouƌ ŵodel aŶd ŵakiŶg assuŵpioŶs aďout the tƌue diǀeƌsitǇ of the dataset.  

FiŶallǇ, ďǇ ĐheĐkiŶg the diŵeŶsioŶs of the sĐaŶŶed iŵages ǁe iŶd ǁe haǀe a laƌge ǀaƌietǇ of sizes.  

DiŵeŶsioŶ CouŶt 
ϭϬϰϴ ǆ ϲϱϲ ϰϮϰ 

ϭϱϯϴ ǆ ϴϰϲ ϭϯϳϬ 

ϭϬϭϲ ǆ ϳϬϴ ϵϰ 

ϲϰϬ ǆ ϰϴϬ ϰϵ 

ϵϲϬ ǆ ϳϮϬ ϴϮϳϱ 

ϳϯϲ ǆ ϭϬϴϬ ϱϬϰ 

ϳϮϬ ǆ ϭϬϴϬ Ϯϯϯ 

ϭϯϲϲ ǆ ϲϱϭ ϭϴϱϱ 

ϭϭϵϵ ǆ ϴϰϬ ϯϭϮϳ 

ϭϵϬϬ ǆ ϴϯϬ ϵϲ 

 ϱϵϬ ǆ ϲϱϭ Ϯϱ 

 

As theƌe is Ŷo ĐoŶseŶsus ďetǁeeŶ iŵage diŵeŶsioŶs oƌ ƌaios, ǁe ŵust deĐide hoǁ to ƌesize the 
iŵages foƌ pƌoĐessiŶg. Iŵage size is oŶe of the ŵaiŶ ĐoŶtƌiďutoƌs to the iŵe takeŶ to pƌoduĐe a 
segŵeŶtaioŶ, hoǁeǀeƌ it is iŵpoƌtaŶt to ďe aďle to deĐide oŶ a shape ƌaio.  Due to the ǀast aƌƌaǇ of 
diŵeŶsioŶs, I deĐided to ƌesize all iŵages to a sƋuaƌe shape ďefoƌe feediŶg theŵ iŶto aŶǇ ŵodel foƌ 
pƌoĐessiŶg. This ǁould eŶsuƌe that a faiƌ aŵouŶt of iŶfoƌŵaioŶ is Đaptuƌed fƌoŵ eaĐh iŵage, 
hoǁeǀeƌ it is possiďle that the ǀaƌious ƌaios ǁill iŶteƌfeƌe aŶd lead to less iŶfoƌŵaioŶ ďeiŶg 
Đaptuƌed fƌoŵ those iŵages ǁith higheƌ height thaŶ ǁidth. It is also uŶĐleaƌ ǁithout a ǀeƌǇ thoƌough 
eǆaŵiŶaioŶ of the data ǁhetheƌ the iŵages ǁith a higheƌ piǆel ĐouŶt aƌe a higheƌ ƌesoluioŶ, oƌ 
ǁhetheƌ theǇ siŵplǇ ĐoŶtaiŶ eǆtƌa dead spaĐe ǁith Ŷo Đlass ŵaps. A ŵoƌe detailed aŶalǇsis aŶd 
suďseƋueŶt pƌepƌoĐessiŶg ŵaǇ ďe ƌeƋuiƌed iŶ oƌdeƌ to Đaptuƌe a faiƌ aŵouŶt of iŶfoƌŵaioŶ fƌoŵ 
eaĐh iŵage foƌ tƌaiŶiŶg.  
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Models 

The Ŷeǆt step iŶ deǀelopiŶg ŵǇ tool ǁas ĐhoosiŶg aŶ appƌopƌiate ŵodel aƌĐhiteĐtuƌe. AŶǇ ŵodel that 
I used had to pƌoduĐe aŶ appƌopƌiate piǆelǁise ĐlassiiĐaioŶ of aŶ iŵage. IdeallǇ the ĐlassiiĐaioŶ 
Đould ďe pƌoduĐed oŶ a ŵodeƌŶ GPU iŶ less thaŶ Ϭ.ϭ seĐoŶds, iŶ oƌdeƌ to segŵeŶt aŶ iŶput iŶ Ŷeaƌ 
ƌeal iŵe. A high aĐĐuƌaĐǇ segŵeŶtaioŶ ǁas also Ŷeeded due to the iŶteŶded use of the tool iŶ a 
ĐliŶiĐal seiŶg, ǁheƌe a suďopiŵal tool Đould lead to pooƌeƌ paieŶt outĐoŵes.  

I Đhose to eǆploƌe the dataset ǁith the use of a U-NET ŵodel, due to its iŵpƌessiǀe histoƌiĐal 
appliĐaioŶ to ŵediĐal iŵage segŵeŶtaioŶ pƌoďleŵs. Otheƌ aƌĐhiteĐtuƌes ǁeƌe ŵoƌe oteŶ applied 
to difeƌeŶt tǇpes of segŵeŶtaioŶ pƌoďleŵs, ǁheƌeas upoŶ ƌeadiŶg the eǆisiŶg liteƌatuƌe I ǁas 
eǆtƌeŵelǇ ĐoŶideŶt that I Đould pƌoduĐe a good segŵeŶtaioŶ ŵodel ǁith U-NET. As disĐussed iŶ 
detail iŶ the pƌeǀious Đhapteƌ, U-NET aŶd its ǀaƌiaŶts aƌe oteŶ state of the aƌt ŵodels that peƌfoƌŵ 
at the highest leǀel iŶ segŵeŶtaioŶ tasks.  

Foƌ this dataset iŶ paƌiĐulaƌ, I felt U-NET ǁas a good ĐhoiĐe. With ϳϯ disiŶĐt paieŶts iŶ the dataset, 
theƌe ǁas litle to Ŷo ƌisk of a laĐk of diǀeƌse data afeĐiŶg the tƌaiŶiŶg, as U-NET ŵodels aƌe oteŶ 
tƌaiŶed oŶ ĐoŵpaƌaiǀelǇ ŵuĐh sŵalleƌ datasets thaŶ the ϭϲϬϱϮ pƌeseŶt. BǇ ĐhoosiŶg aŶ appƌopƌiate 
ŵeaŶs of data augŵeŶtaioŶ, I Đould ďe ĐoŶideŶt that ŵǇ ŵodel ǁould ĐoƌƌeĐtlǇ segŵeŶt aŶǇ 
uŶseeŶ data.  

WithiŶ the liteƌatuƌe, U-NET is ŵost oteŶ applied to ďiŶaƌǇ segŵeŶtaioŶ pƌoďleŵs oƌ ŵuliĐlass 
datasets ǁith a sŵall Ŷuŵďeƌ of Đlasses. Hoǁeǀeƌ a ĐliŶiĐiaŶ ŵust aŶalǇse ŵaŶǇ difeƌeŶt pieĐes of 
iŶfoƌŵaioŶ iŶ oƌdeƌ to ŵake a diagŶosis, aŶd a ŵuliĐlass segŵeŶtaioŶ is a ŶeĐessitǇ foƌ ŵediĐal 
pƌaĐiĐe. Although U-NET ĐaŶ ďe easilǇ geŶeƌalised to pƌoduĐe a ŵuliĐlass segŵeŶtaioŶ of aŶǇ size, 
this is uŶĐoŵŵoŶ aŶd Đould eŶd up pƌoduĐiŶg uŶeǆpeĐted ƌesults fƌoŵ a ŵodel.  

IŶ geŶeƌal, due to the ŶeĐessitǇ of shaƌiŶg spaial iŶfoƌŵaioŶ at ǀaƌǇiŶg leǀels of the iŵage to 
ĐlassifǇ a luŶg ultƌasouŶd, U-NET is a good ĐhoiĐe due to the ďuilt iŶ skip ĐoŶŶeĐioŶs. IŶ luŶg 
ultƌasouŶds the hoƌizoŶtal A-LiŶes appeaƌ as eĐhoes of the pleuƌal liŶe. These aƌe stƌuĐtuƌallǇ siŵilaƌ, 
hoǁeǀeƌ the Pleuƌal LiŶe is disiŶguished ďǇ its plaĐeŵeŶt at the highest paƌt of the iŵage. This 
ƌeƋuiƌes a stƌuĐtuƌe that ĐaŶ segŵeŶt sŵall featuƌes of aŶ iŵage to Đaptuƌe the hoƌizoŶtal aƌtefaĐts, 
as ǁell as a higheƌ leǀel path that ĐaŶ ĐlassifǇ these aƌtefaĐts iŶto the Pleuƌal LiŶe oƌ A-LiŶe.  

Oǀeƌall, U-NET teŶds to uŶdeƌpeƌfoƌŵ ǁheŶ ateŵpiŶg to segŵeŶt Đoŵpleǆ stƌuĐtuƌes, aŶd 
stƌuggles to efeĐiǀelǇ Đaptuƌe laďel ďouŶdaƌies. LuŶg ultƌasouŶds pƌoduĐe ŵostlǇ ďasiĐ liŶeaƌ 
aƌtefaĐts, ǁhiĐh ŵeaŶs that a U-NET ŵodel is uŶlikelǇ to sufeƌ fƌoŵ ďeiŶg aďle to segŵeŶt 
ĐoŵpliĐated oďjeĐt ďouŶdaƌies efeĐiǀelǇ. AddiioŶallǇ ǁithiŶ a ŵediĐal ĐoŶteǆt, a iŶe tuŶiŶg of 
Đlass ďouŶdaƌies is laƌgelǇ ƌeduŶdaŶt. As a huŵaŶ ŵediĐal pƌaĐiioŶeƌ is eǆpeĐted to ƌeǀieǁ the 
ƌesults, this alloǁs theŵ to ƌeǀieǁ the segŵeŶtaioŶ aloŶgside the iŵage iŶ oƌdeƌ to pƌoduĐe theiƌ 
oǁŶ ĐoŶĐlusioŶs iŶ suĐh a ǁaǇ that sŵall eƌƌoƌs aloŶg the ďouŶdaƌǇ ǁould Ŷot ŵateƌ. 

Class iŵďalaŶĐes ĐaŶ also ďe a pƌoďleŵ ǁithiŶ U-NET ŵodels, ǁhiĐh is a pƌoďleŵ ǁe aƌe eǆtƌeŵelǇ 
likelǇ to eŶĐouŶteƌ ǁithiŶ this dataset. UliŵatelǇ, this ĐaŶ ďe ŵiŶiŵised ďǇ the ĐhoiĐe of aŶ 
appƌopƌiate loss fuŶĐioŶ ďut Ŷot ƌeduĐed eŶiƌelǇ. Foƌ this ƌeasoŶ ǁe ǁill eǆpeƌiŵeŶt ǁith the use of 
foĐal loss fuŶĐioŶs iŶ oƌdeƌ to tƌaiŶ ouƌ ŵodel. 

Oǀeƌall U-NET is a ǀeƌǇ Ŷatuƌal ĐhoiĐe foƌ the iƌst ŵodel pƌoduĐed to segŵeŶt the luŶg ultƌasouŶd 
data, ǁith seǀeƌal difeƌeŶt ǀeƌsioŶs aǀailaďle iŶ oƌdeƌ to ŵaǆiŵise the segŵeŶtaioŶ ƌesults. MǇ 
pƌefeƌƌed ŵodel foƌ this pƌojeĐt is U-NET ϯ+, ǁhiĐh aĐhieǀed the ďest ƌesults oŶ the dataset. 
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Hoǁeǀeƌ theƌe aƌe likelǇ to ďe eǀeŶ fuƌtheƌ iŵpƌoǀeŵeŶts to the U-NET aƌĐhiteĐtuƌe iŶ futuƌe, aŶd a 
futuƌe eǆploƌaioŶ of the data Đould iŶtƌoduĐe difeƌeŶt aƌĐhiteĐtuƌes iŶ oƌdeƌ to seek iŵpƌoǀeŵeŶts.  

Data AugŵeŶtaioŶ 

Due to the poteŶial laĐk of diǀeƌsitǇ iŶ the dataset due to the liŵited Ŷuŵďeƌ of disiŶĐt paieŶts, it 
ǁas ŶeĐessaƌǇ to ĐoŶsideƌ ŵethods to eǆteŶd the ǀaƌietǇ aŶd sĐope of the data aǀailaďle. 
AugŵeŶtaioŶ of iŵage datasets is ĐoŵŵoŶ pƌaĐiĐe foƌ iŵage ĐlassiiĐaioŶ aŶd segŵeŶtaioŶ 
pƌoďleŵs, aŶd ŵaŶǇ ŵethods eǆist. These ĐaŶ geŶeƌallǇ ďe ďƌokeŶ doǁŶ iŶto spaial 
tƌaŶsfoƌŵaioŶs, Đolouƌ tƌaŶsfoƌŵaioŶs, aŶd Ŷoise tƌaŶsfoƌŵaioŶs.  

The spaial teĐhŶiƋues I used ǁeƌe a ƌaŶdoŵ ƌotaioŶ of ďetǁeeŶ ϯϬ degƌees eitheƌ ĐloĐkǁise oƌ 
ĐouŶteƌ ĐloĐkǁise, aloŶgside a ƌaŶdoŵ ƌeleĐioŶ iŶ the iŵage s͛ Ǉ aǆis. It ǁas iŵpoƌtaŶt to pƌeseƌǀe 
the ǀeƌiĐal stƌuĐtuƌe of the iŵage, due to the ŶeĐessaƌǇ shaƌiŶg of iŶfoƌŵaioŶ iŶ the ŵodel to 
ĐlassifǇ ĐeƌtaiŶ featuƌes. A-liŶes appeaƌ as hoƌizoŶtal liŶes, aŶd B-liŶes appeaƌ as ǀeƌiĐal liŶes, so a 
ƌotaioŶ of ϵϬ degƌees oƌ ŵoƌe Đould sigŶiiĐaŶtlǇ afeĐt the ŵodel s͛ aďilitǇ to ĐlassifǇ these 
stƌuĐtuƌes. Fuƌtheƌŵoƌe A-liŶes oteŶ appeaƌ as eĐhoes of the Pleuƌa, pƌeseŶiŶg ďeloǁ the Pleuƌal 
liŶe. This ŵeaŶs that a ƌeleĐioŶ iŶ the iŵage s͛ ǆ aǆis ǁas Ŷot possiďle iŶ oƌdeƌ to efeĐiǀelǇ shaƌe 
the aďilitǇ to ĐlassifǇ these stƌuĐtuƌes. Although I ĐoŶsideƌed iŶǀesigaiŶg a ƌaŶdoŵ ĐƌoppiŶg, I 
deĐided that this ǁas too likelǇ to haǀe a Ŷegaiǀe efeĐt, as the segŵeŶtaioŶ ƌelies oŶ ǁhole sĐale 
details of the iŵage. 

The Đolouƌ tƌaŶsfoƌŵaioŶs I used ǁeƌe ĐoŶtƌast aŶd ďƌightŶess ǀaƌiaioŶs. While ďƌightŶess ƌefeƌs to 
the oǀeƌall lightŶess of the iŵage, ĐoŶtƌast is the difeƌeŶĐe ďetǁeeŶ light aŶd daƌk paƌts of aŶ 
iŵage. WheŶ iŶĐƌeasiŶg ďƌightŶess eǀeƌǇ iŵage piǆel as a ǁhole gets lighteƌ oƌ daƌkeƌ, ǁheƌeas upoŶ 
iŶĐƌeasiŶg ĐoŶtƌast the light paƌts of aŶ iŵage get lighteƌ, aŶd the daƌk paƌts get daƌkeƌ. Due to the 
gƌeǇsĐale Ŷatuƌe of ultƌasouŶd iŵages, aǀailaďle piǆel Đolouƌ augŵeŶtaioŶs aƌe liŵited. It is uŶlikelǇ 
foƌ theƌe to ďe ŵaŶǇ useful addiioŶal augŵeŶtaioŶs iŶ this aƌea.  

WheŶ aŶ iŵage is takeŶ, theƌe aƌe oteŶ iŵpeƌfeĐioŶs iŶ the Đaptuƌe ƌesuliŶg iŶ distoƌioŶs aŶd 
defeĐts iŶ the piĐtuƌe. These ĐaŶ ďe Đaused ďǇ aŶǇthiŶg fƌoŵ seŶsoƌ iŶaĐĐuƌaĐies to ƌaŶdoŵ eƌƌoƌs, 
aŶd aƌe to ďe eǆpeĐted iŶ ƌeal ǁoƌld Đaptuƌed iŵages. We ĐaŶ siŵulate this iŶ ouƌ dataset iŶ ǀaƌious 
ǁaǇs, ďǇ ƌaŶdoŵlǇ ĐhaŶgiŶg piǆels to siŵulate this eǆteƌŶal iŶteƌfeƌeŶĐe. GaussiaŶ Ŷoise is a Ŷoise 
added to the oƌigiŶal iŵage ǁhiĐh has a Ŷoƌŵal ;oƌ GaussiaŶͿ pƌoďaďilitǇ distƌiďuioŶ. Foƌ aŶ iŵage 
piǆel ǁith ĐooƌdiŶates ݔ aŶd ݕ, the piǆel ĐaŶ ďe eǆpƌessed as the suŵ of the oƌigiŶal piǆel ݏሺݔ,  ሻ aŶdݕ
the Ŷoise ݊ሺݔ, ,ݔሺݓ .ሻݕ ሻݕ = ,ݔሺݏ ሻݕ + ݊ሺݔ,  ሻݕ
The pƌoďaďilitǇ distƌiďuioŶ of the added Ŷoise ݌�ሺݖሻ is theŶ giǀeŶ ďǇ the folloǁiŶg foƌŵula. 

ሻݖሺ�݌ = ͳ�√ʹ� ݁− ሺ௭−�ሻ2ଶ�2  

This ŵakes ouƌ ŵodel ŵoƌe ƌoďust to iŶteƌfeƌeŶĐe, aŶd should eŶaďle us to pƌoduĐe a ŵoƌe aĐĐuƌate 
segŵeŶtaioŶ oŶ ƌeal ǁoƌld data.  

IŶfeƌeŶĐe Tiŵe 

PƌoduĐiŶg a ĐlassiiĐaioŶ iŶ a suitaďle iŵe ǁas Ŷot a ǁoƌƌǇ ǁhile usiŶg a U-NET ŵodel due to its 
siŵple stƌuĐtuƌe. The pƌoduĐioŶ of a ŵodel ǁith a suiĐieŶtlǇ loǁ segŵeŶtaioŶ iŵe ǁas doŶe ǁith 
the assistaŶĐe of the ONNX ƌuŶiŵe pǇthoŶ liďƌaƌǇ, alloǁiŶg us to pƌoduĐe a ƌuŶiŵe foƌ aŶǇ ŵodel 
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that ǁas iŶdepeŶdeŶt fƌoŵ the ŵaĐhiŶe it ǁas ƌuŶ oŶ. This also alloǁed foƌ tesiŶg the ŵodel 
ƌuŶiŵe ǁithout the use of a GPU. It ǁas agƌeed ǁith IŶtelligeŶt UltƌasouŶd that aiŵiŶg foƌ aŶ 
aǀeƌage ƌuŶiŵe of less thaŶ Ϭ.ϱ seĐoŶds ǁith the ONNX ƌuŶiŵe CPU pƌoǀideƌ ǁould suiĐe, as this 
ǁould speed up appƌopƌiatelǇ ǁheŶ applied to a ŵodeƌŶ GPU deǀiĐe.  

EǀaluaioŶ 

Although theƌe aƌe ŵaŶǇ difeƌeŶt ŵetƌiĐs foƌ assessiŶg the efeĐiǀeŶess of aŶ iŵage segŵeŶtaioŶ 
ŵodel, foƌ this pƌojeĐt I ǁill use iŶteƌseĐioŶ oǀeƌ uŶioŶ ;IOUͿ. This is oŶe of the ŵost ǁidelǇ used 
eǀaluaioŶ ŵethods, aŶd ŵakes it easǇ to ƋuiĐklǇ assess the usefulŶess of a poteŶial pƌediĐioŶ aŶd 
to Đoŵpaƌe ďetǁeeŶ siŵilaƌ ŵodels. Without a stƌoŶg eǀaluaioŶ ŵetƌiĐ ǁe ĐaŶŶot ďe ĐeƌtaiŶ hoǁ 
ouƌ ŵodel ǁill peƌfoƌŵ oŶ aŶǇ uŶseeŶ data, aŶd ǁhetheƌ iŵpƌoǀeŵeŶts aƌe ďeiŶg ŵade to ouƌ 
ŵodel thƌoughout the tƌaiŶiŶg pƌoĐess.  

The Ŷuŵďeƌ of piǆels ĐoƌƌeĐtlǇ Đlassiied ;oƌ aĐĐuƌaĐǇͿ is geŶeƌallǇ a pooƌ peƌfoƌŵaŶĐe ŵetƌiĐ ǁithiŶ 
iŵage segŵeŶtaioŶ. This is due to the faĐt that it ĐaŶŶot Đaptuƌe aŶǇ spaial iŶfoƌŵaioŶ, ǁheƌe 
ĐeƌtaiŶ piǆels ŵaǇ afeĐt the usefulŶess of aŶ iŵage segŵeŶtaioŶ ŵoƌe thaŶ otheƌs. A laƌge Đlass 
iŵďalaŶĐe Đould also skeǁ the ŵodel. CoŶsideƌ foƌ eǆaŵple a ďiŶaƌǇ ĐlassiiĐaioŶ ǁheƌe ϵϱ% of the 
iŵage is the ďaĐkgƌouŶd. A pƌediĐioŶ of puƌelǇ ďaĐkgƌouŶd piǆels ǁould pƌoduĐe a high aĐĐuƌaĐǇ 
sĐoƌe of Ϭ.ϵϱ, ǁith aďsolutelǇ zeƌo segŵeŶtaioŶ. This ǁill likelǇ ďe aŶ issue ǁithiŶ ouƌ luŶg 
ultƌasouŶd iŵages, aŶd ŵust theƌefoƌe ďe aǀoided.  

IŶteƌseĐioŶ oǀeƌ uŶioŶ is ĐalĐulated as the suŵ of the aƌea of the ĐoƌƌeĐt pƌediĐioŶs diǀided ďǇ the 
total aƌea of the pƌediĐioŶ aŶd gƌouŶd tƌuth. ‘efeƌeŶĐiŶg iguƌe ϴ, the tƌue segŵeŶtaioŶ is 
displaǇed ďǇ the gƌeeŶ ĐiƌĐle, aŶd the pƌediĐioŶ ďǇ the ƌed ĐiƌĐle. The iŶteƌseĐioŶ oǀeƌ uŶioŶ is 
theƌefoƌe ĐalĐulated ďǇ the aƌea iŶ Ǉelloǁ diǀided ďǇ the aƌea iŶ gƌeeŶ plus the aƌea iŶ ƌed.  ܷܱܫ = ݁ݒ݅ݐ�݃݁ܰ ݁ݏ݈�ܨ݁ݒ݅ݐ݅ݏ݋ܲ ݁ݑݎܶ  + ݁ݒ݅ݐ݅ݏ݋ܲ ݁ݏ݈�ܨ +  ݁ݒ݅ݐ݅ݏ݋ܲ ݁ݑݎܶ

We ĐaŶ ĐleaƌlǇ see that Ͳ ≤ ܷܱܫ ≤ ͳ, aŶd the ďeteƌ the segŵeŶtaioŶ the laƌgeƌ the ǀalue. WithiŶ 
this pƌojeĐt ǁe ǁill ŵeasuƌe the ďiŶaƌǇ IOU foƌ eaĐh iŶdiǀidual Đlass iŶ oƌdeƌ to aŶalǇse aŶd Đoŵpaƌe 
the segŵeŶtaioŶ aĐĐuƌaĐǇ foƌ eaĐh laďel.  

 

Figuƌe ϴ: A ďiŶaƌǇ iŵage segŵeŶtaioŶ to ƌepƌeseŶt iŶteƌseĐioŶ oǀeƌ uŶioŶ 

 

 



Ϯϴ 

 

Model OpiŵisaioŶ 

OŶĐe ouƌ ŵodel aƌĐhiteĐtuƌe is deĐided, its paƌaŵeteƌs ŵust ďe opiŵized to ŵaǆiŵise the ǀalue of 
its output. Thƌough efeĐiǀe tƌaiŶiŶg ǁe ĐaŶ adjust the ǀalue of eaĐh ŶeuƌoŶ iŶ the Ŷetǁoƌk to 
pƌoduĐe a ĐoŶiŶuouslǇ ďeteƌ ŵodel uŶil ǁe aƌe happǇ ǁith the oǀeƌall output. The ŵaiŶ ŵethod 
foƌ this pƌoĐess is ďaĐkpƌopagaioŶ.  

The iƌst step is to load a ďatĐh of data ƌeadǇ foƌ pƌoĐessiŶg. This ĐaŶ ďe of aŶǇ size, although ŵaǇ ďe 
ĐoŶstƌaiŶed ďǇ ŵeŵoƌǇ liŵitaioŶs. The ŵost ĐoŵŵoŶlǇ used ǀalue is ʹ௡ foƌ the highest ݊ that 
ŵaĐhiŶe ŵeŵoƌǇ ĐaŶ take. This is theŶ passed thƌough the eŶiƌetǇ of the ŵodel iŶ oƌdeƌ to oďtaiŶ a 
pƌediĐioŶ. EaĐh ŶeuƌoŶ theƌefoƌe peƌfoƌŵs a ǁeighted suŵ aŶd aĐiǀaioŶ fuŶĐioŶ iŶ oƌdeƌ to 
pƌoduĐe the iŶal output. 

This output is theŶ Đoŵpaƌed to the tƌue pƌediĐioŶ ǀia a loss fuŶĐioŶ iŶ oƌdeƌ to pƌoduĐe aŶ eƌƌoƌ 
ǀalue. Theƌe aƌe a laƌge Ŷuŵďeƌ of ĐhoiĐes foƌ difeƌeŶt losses depeŶdiŶg oŶ ǁhat is ďeiŶg opiŵised 
aŶd the dataset aǀailaďle. OŶĐe aŶ eƌƌoƌ is ĐalĐulated, this is passed ďaĐkǁaƌds thƌough the Ŷetǁoƌk, 
pƌoduĐiŶg a gƌadieŶt foƌ eaĐh paƌaŵeteƌ. StaƌiŶg at the output laǇeƌ, the ŵodel ǁeights aƌe adjusted 
thƌough the use of this gƌadieŶt iŶ oƌdeƌ to ŵiŶiŵise the iŶal loss fuŶĐioŶ eƌƌoƌ so that it is as loǁ 
as possiďle. OŶĐe this is Đoŵpleted foƌ a ďatĐh of data, it is theŶ ƌepeated uŶil the eŶiƌe dataset has 
ďeeŶ passed thƌough the ŵodel. FiŶallǇ, the eŶiƌe dataset is passed thƌough the ŵodel agaiŶ iŶ 
oƌdeƌ to opiŵise it fuƌtheƌ. EaĐh pass of the dataset is ƌefeƌƌed to as aŶ epoĐh. FiŶallǇ oŶĐe the 
ŵodel is suiĐieŶtlǇ opiŵised, the tƌaiŶiŶg is stopped aŶd the ŵodel ĐaŶ ďe used foƌ pƌediĐioŶs.  

Loss FuŶĐioŶs  

The ĐhoiĐe of aŶ appƌopƌiate loss fuŶĐioŶ is ĐƌiiĐal to fullǇ opiŵisiŶg a ŵodel, aŶd difeƌeŶt 
fuŶĐioŶs eǆist foƌ all ŵaŶŶeƌ of difeƌeŶt pƌoďleŵs. It uliŵatelǇ guides the ŵodel duƌiŶg tƌaiŶiŶg 
aŶd has the poteŶial to eŵphasise ĐeƌtaiŶ Đlasses, ĐhaƌaĐteƌisiĐs aŶd aŶoŵalies that the ŵodel ŵaǇ 
Đoŵe aĐƌoss. AddiioŶallǇ, it ĐaŶ iŶlueŶĐe the seŶsiiǀitǇ of a ŵodel to outlieƌs, the haŶdliŶg of ŶoisǇ 
data aŶd the speed of ĐoŶǀeƌgeŶĐe ǁheŶ tƌaiŶiŶg.  

WithiŶ iŵage segŵeŶtaioŶ, aŶ iŶteƌseĐioŶ oǀeƌ uŶioŶ loss ateŵpts to ŵaǆiŵise the oǀeƌlap 
ďetǁeeŶ the pƌediĐted Đlass laďel aŶd the tƌue Đlass laďel foƌ eaĐh Đlass. It ŵeasuƌes the siŵilaƌitǇ ďǇ 
ĐoŵpuiŶg the ƌaio of the oǀeƌlap ďetǁeeŶ the pƌediĐted Đlass laďel aŶd the gƌouŶd tƌuth plus the 
pƌediĐted Đlass laďels. Foƌ aŶǇ giǀeŶ Đlass, the IOU is giǀeŶ as desĐƌiďed iŶ the eǀaluaioŶ seĐioŶ. The 
IOU loss is theƌefoƌe giǀeŶ as folloǁs, foƌ all Đlasses � iŶ the set of Đlasses ܥ. Let |ܥ| ďe the Ŷuŵďeƌ of 
Đlasses.  

ݏݏ݋݈ ܷܱܫ = (∑ ሺ�ሻ݁ݒ݅ݐ�݃݁ܰ ݁ݏ݈�ܨሺ�ሻ݁ݒ݅ݐ݅ݏ݋ܲ ݁ݑݎܶ + ሺ�ሻ݁ݒ݅ݐ݅ݏ݋ܲ ݁ݏ݈�ܨ + ሺ�ሻ஼௖݁ݒ݅ݐ݅ݏ݋ܲ ݁ݑݎܶ ) ⁄|ܥ|   
Cƌoss eŶtƌopǇ loss is aŶotheƌ fuŶĐioŶ to ŵiŶiŵise the pƌediĐioŶ eƌƌoƌ of a ŵaĐhiŶe leaƌŶiŶg ŵodel. 
It peŶalises iŶĐoƌƌeĐt pƌediĐioŶs ǁith high ĐoŶideŶĐe ŵoƌe heaǀilǇ, eŶĐouƌagiŶg theŵ to assigŶ 
higheƌ pƌoďaďiliies to the ĐoƌƌeĐt Đlasses. Foƌ eǆaŵple, assuŵiŶg the Đlass is pƌeseŶt, a pƌediĐioŶ of 
Ϭ.Ϭϱ ǁould haǀe a ŵuĐh higheƌ loss thaŶ Ϭ.ϳ. Assuŵe ǁe haǀe ܥ Đlasses, a ďiŶaƌǇ pƌediĐioŶ of ǀalue 
{Ϭ,ϭ} ݕ௢,௖ as ǁell as a pƌoďaďilitǇ ݌௢,௖ iŶ the ƌaŶge ;Ϭ,ϭͿ foƌ Đlass � aŶd oďseƌǀaioŶ ݋. TheŶ the 
foƌŵula foƌ a ŵulilaďel Đƌoss eŶtƌopǇ loss fuŶĐioŶ ĐaŶ ďe eǆpƌessed as folloǁs.  

ݏݏ݋݈ ܧܥ = ௢,௖ݕ∑− lnሺ݌௢,௖ሻ஼
௖=଴  



Ϯϵ 

 

FoĐal loss is desigŶed to addƌess Đlass iŵďalaŶĐes ǁheŶ tƌaiŶiŶg ŵaĐhiŶe leaƌŶiŶg ŵodels. It ǁoƌks 
ďǇ ƌeduĐiŶg the ĐoŶtƌiďuioŶ of easǇ to ĐlassifǇ eǆaŵples iŶ a siŵilaƌ ŵaŶŶeƌ to Đƌoss eŶtƌopǇ loss. 
Hoǁeǀeƌ it has the addiioŶal opioŶ of adjusiŶg hoǁ ŵuĐh the ŵodel foĐuses oŶ haƌd to ĐlassifǇ 
eǆaŵples ;ߛͿ, aŶd a Đlass speĐiiĐ ǁeighiŶg faĐtoƌ to deteƌŵiŶe hoǁ ŵuĐh the ŵodel foĐuses oŶ 
eaĐh Đlass ;ߙͿ. Let ݌௧ ďe the pƌediĐted pƌoďaďilitǇ of the ĐoƌƌeĐt Đlass. TheŶ ǁe deiŶe the foĐal loss 
foƌ eaĐh ݌௧ as folloǁs. ܮܨ = ௧ሺͳߙ−  − �௧ሻ݌ lnሺ݌௧ሻ 
TǇpiĐallǇ ߛ is set ďetǁeeŶ Ϯ aŶd ϱ depeŶdiŶg oŶ hoǁ fast the ŵodel should ĐoŶǀeƌge. The list of ߙ 
ǀalues is geŶeƌallǇ set to ďe ďetǁeeŶ Ϭ aŶd ϭ, depeŶdiŶg oŶ the pƌeǀaleŶĐe aŶd the ĐlassiiĐaioŶ 
diiĐultǇ foƌ eaĐh ƌespeĐiǀe Đlass. Muliple ƌuŶs aƌe oteŶ Ŷeeded to iŶe tuŶe these paƌaŵeteƌs foƌ 
aŶ opiŵal loss fuŶĐioŶ. 

Muli sĐale stƌuĐtuƌal siŵilaƌitǇ iŶdeǆ ;MS-SSIMͿ is aŶotheƌ loss fuŶĐioŶ useful foƌ pƌoĐessiŶg 
iŵages. The ǀalue of this ŵetƌiĐ, is that it ŵeasuƌes the siŵilaƌitǇ ďetǁeeŶ tǁo iŵages at ŵuliple 
difeƌeŶt sĐales. Wheƌeas otheƌ loss fuŶĐioŶs assigŶ a siŵilaƌ ǁeighiŶg to the ďouŶdaƌǇ piǆels 
ďetǁeeŶ Đlass laďels, MS-SSIM ǁeights it higheƌ. This ŵeaŶs that ďǇ ŵeasuƌiŶg the loss ďetǁeeŶ the 
tƌue ŵask aŶd the pƌediĐted ŵask of aŶ iŵage at sŵalleƌ sĐales, ǁe ĐaŶ eŶĐouƌage ouƌ ŵodel to 
ŵoƌe aĐĐuƌatelǇ segŵeŶt the ďouŶdaƌies of ouƌ Đlasses. DepeŶdiŶg oŶ ǁhat ǁe aƌe tƌǇiŶg to 
segŵeŶt, ĐoƌƌeĐtlǇ ideŶifǇiŶg the Đlass edges Đould ďe of high iŵpoƌtaŶĐe.  

Let us take ݔ = ݅|௜ݔ} = ͳ,ʹ,… ,ܰ} aŶd ݕ = ݅|௜ݕ} = ͳ,ʹ,… , ܰ} as the piǆel ǀalues iŶ tǁo iŵage 
distƌiďuioŶs. We theŶ fuƌtheƌ deiŶe �௫ aŶd �௬ as the ƌespeĐiǀe ŵeaŶs of ݔ aŶd ݕ ƌespeĐiǀelǇ, 
aloŶg ǁith �௫ aŶd �௬ as theiƌ ǀaƌiaŶĐe. TheŶ the siŶgle sĐale stƌuĐtuƌal siŵilaƌitǇ iŶdeǆ is giǀeŶ ďǇ the 
folloǁiŶg foƌŵula.  ܵܵܯܫሺݔ, ሻݕ =  ሺʹ�௫�௬ + ଵሻሺʹ�௫௬ܥ + ଶሻሺ�௫ଶܥ + �௬ଶ + ଵሻሺ�௫ଶܥ + �௬ଶ +  ଶሻܥ
The iŶal MS-SSIM is deƌiǀed fƌoŵ a ǁeighted aǀeƌage of this foƌŵula, foƌ ĐoŶiŶuouslǇ Đƌopped 
seĐioŶs of the segŵeŶtaioŶ aŶd gƌouŶd tƌuth ŵask. 

OpiŵisaioŶ FuŶĐioŶ 

WheŶ it Đoŵes to algoƌithŵs foƌ updaiŶg the ǁeights of a ŵaĐhiŶe leaƌŶiŶg ŵodel, theƌe aƌe seǀeƌal 
ĐhoiĐes. Foƌ this pƌojeĐt I haǀe ĐhoseŶ to eŵploǇ the Adaŵ opiŵisaioŶ fuŶĐioŶ, ǁhiĐh is shoƌt foƌ 
adapiǀe ŵoŵeŶt esiŵaioŶ. This is a ĐoŵŵoŶ ĐhoiĐe iŶ ŵaŶǇ ŵaĐhiŶe leaƌŶiŶg pƌoďleŵs, iŶĐludiŶg 
iŵage segŵeŶtaioŶ. The ŵaiŶ ďeŶeit is that Adaŵ adapts leaƌŶiŶg ƌates iŶdiǀiduallǇ foƌ eaĐh 
paƌaŵeteƌ ǁeight, leadiŶg to a fasteƌ ĐoŶǀeƌgeŶĐe thaŶ otheƌ algoƌithŵs.  

LeaƌŶiŶg Rate 

A leaƌŶiŶg ƌate is oŶe of the ŵost iŵpoƌtaŶt paƌaŵeteƌs ǁithiŶ ŵaĐhiŶe leaƌŶiŶg, aŶd deteƌŵiŶes 
the step size at ǁhiĐh the ŵodel updates its paƌaŵeteƌs duƌiŶg tƌaiŶiŶg. The ĐhoiĐe of aŶ appƌopƌiate 
leaƌŶiŶg ƌate diƌeĐtlǇ afeĐts the ĐoŶǀeƌgeŶĐe aŶd staďilitǇ of a ŵodel. If the ƌate is too high it ĐaŶ 
Đause the ŵodel to oǀeƌshoot aŶ opiŵal soluioŶ, ǁhile if it is too loǁ the ĐoŶǀeƌgeŶĐe ŵaǇ Ŷot 
happeŶ ƋuiĐklǇ eŶough leadiŶg to a suďpaƌ soluioŶ. Theƌefoƌe, iŶdiŶg the ƌight leaƌŶiŶg ƌate is 
esseŶial to eŶsuƌe that a ŵaĐhiŶe leaƌŶiŶg ŵodel ĐoŶǀeƌges eiĐieŶtlǇ aŶd efeĐiǀelǇ leaƌŶs fƌoŵ 
the tƌaiŶiŶg data, uliŵatelǇ leadiŶg to ďeteƌ peƌfoƌŵaŶĐe oŶ uŶseeŶ data. 



ϯϬ 

 

To deteƌŵiŶe the ŵost efeĐiǀe leaƌŶiŶg ƌate, I ǁill ďe usiŶg the OŶeCǇĐleL‘ PǇToƌĐh fuŶĐioŶ. This 
takes iŶ seǀeƌal paƌaŵeteƌs, aŶd pƌoduĐes a dǇŶaŵiĐ leaƌŶiŶg ƌate to use duƌiŶg tƌaiŶiŶg iŶ a siŶgle 
ĐǇĐle, iŶiiallǇ iŶĐƌeasiŶg folloǁed ďǇ a ĐoŶsisteŶt ƌeduĐioŶ. This alloǁs foƌ fasteƌ ĐoŶǀeƌgeŶĐe to aŶ 
opiŵal soluioŶ, ŵeaŶiŶg less tƌaiŶiŶg iŵe aŶd a loǁeƌ use of ĐoŵputaioŶal ƌesouƌĐes.  

LoggiŶg RuŶs 

Foƌ this pƌojeĐt I ǁill ďe ŵakiŶg use of the ǁaŶdď ;Weights & BiasesͿ plafoƌŵ, ǁhiĐh alloǁs foƌ easǇ 
loggiŶg of ƌesults aŶd Đƌeates gƌaphs foƌ eaĐh ŵetƌiĐ fƌoŵ eaĐh ƌuŶ. The ŵaiŶ ŵetƌiĐs to ďe 
ŵeasuƌed ǁill ďe the total loss foƌ eaĐh suďseƋueŶt foƌǁaƌds aŶd ďaĐkǁaƌds pass, aloŶgside 
iŶteƌseĐioŶ oǀeƌ uŶioŶ foƌ eaĐh full pass foƌ ďoth the tƌaiŶiŶg aŶd ǀalidaioŶ set. This ǁill alloǁ foƌ a 
ƋuiĐk aŶd easǇ ĐoŵpaƌisoŶ ďetǁeeŶ ƌuŶs, aŶd a ƋuiĐk ideŶiiĐaioŶ of aŶǇ issues iŶ the tƌaiŶiŶg of 
ŵǇ ŵodels.  
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Results 

 

DuƌiŶg the Đouƌse of this pƌojeĐt I ateŵpted ŵaŶǇ difeƌeŶt tƌaiŶiŶg ƌuŶs iŶ oƌdeƌ to fullǇ opiŵise 
ŵǇ ŵodel. This iŶĐluded ĐhaŶgiŶg ŵaŶǇ difeƌeŶt ǀaƌiaďles ǁhiĐh I ǁill disĐuss iŶ this Đhapteƌ. While 
ĐhaŶgiŶg oŶe paƌaŵeteƌ, it ǁas ĐƌiiĐal to keep all otheƌ ǀaƌiaďles the saŵe so as Ŷot to iŶtƌoduĐe 
otheƌ iŶlueŶĐes. The ŵaiŶ ŵetƌiĐs to ŵeasuƌe ǁeƌe the iŶteƌseĐioŶ oǀeƌ uŶioŶ ǀalues foƌ eaĐh 
Đlass, aŶd the oǀeƌall aǀeƌage ǀalue iŶ aĐĐoƌdaŶĐe ǁith ouƌ eǀaluaioŶ ŵetƌiĐs. 

IŶfeƌeŶĐe Tiŵe 

The iŵe takeŶ to pƌoduĐe a segŵeŶtaioŶ of a giǀeŶ ultƌasouŶd iŵage ŵust ďe Đlose eŶough to ƌeal 
iŵe to ƌuŶ aloŶgside aŶ ultƌasouŶd sĐaŶŶeƌ oŶ ŵodest haƌdǁaƌe. Although deploǇiŶg this 
appliĐaioŶ ǁas ďeǇoŶd the sĐope of the pƌojeĐt, a pƌojeĐted taƌget ǁas a ƌuŶiŵe of uŶdeƌ Ϭ.ϱ 
seĐoŶds usiŶg the opeŶ Ŷeuƌal Ŷetǁoƌk eǆĐhaŶge liďƌaƌǇ aŶd the CPU eǆeĐuioŶ pƌoǀideƌ. The 
folloǁiŶg ƌuŶs ǁeƌe all ŵeasuƌed to the Ŷeaƌest ŵilliseĐoŶd foƌ the aǀeƌage iŵiŶgs, oŶ ŵodels ǁith 
ϳ output ĐhaŶŶels to ŵiƌƌoƌ the Ŷuŵďeƌ of Đlasses  

UsiŶg the ŵodel Đode foƌ the U-NET ϯ+ iŶtƌoduĐtoƌǇ papeƌ, ǁe oďtaiŶ the folloǁiŶg ƌesults ǁith a 
‘GB ĐhaŶŶel iŶput iŵage of size Ϯϱϲ ďǇ Ϯϱϲ piǆels. EaĐh ƌuŶ ǁas doŶe ϭϬϬϬ iŵes to eŶsuƌe aŶ 
aĐĐuƌate ŵeasuƌeŵeŶt.  

Model MeaŶ MilliseĐoŶds Per 
SegŵeŶtaioŶ 

StaŶdard DeǀiaioŶ 

U-NET ϴϯϴ Ϯϳϳ 

U-NET ϯ+ ϭϵϭϳ ϱϲϮ 

U-NET ϯ+ Deep SupeƌǀisioŶ ϮϬϱϲ ϭϱϵ 

U-NET ϯ+ Deep SupeƌǀisioŶ 
Class Guided Module 

ϭϵϰϰ ϮϬϭ 

 

EǀeŶ ǁith aĐĐouŶiŶg foƌ the uŶpƌediĐtaďle Ŷatuƌe of ƌuŶŶiŶg a pƌogƌaŵ oŶ a ŵulipuƌpose deǀiĐe, 
these ǀeƌsioŶs pƌoǀed to ďe ĐoŶsisteŶtlǇ too sloǁ to ďe useful. Theƌefoƌe it ǁas ŶeĐessaƌǇ to ŵake 
ŵodiiĐaioŶs to the ŵodel Đlass.  

EaĐh ŵodel ĐoŶtaiŶs a pƌeset ǀaƌiaďle to deteƌŵiŶe the Ŷuŵďeƌ of ilteƌs foƌ eaĐh laǇeƌ iŶ the U-NET 
ŵodel. These aƌe esseŶiallǇ ĐhaŶŶels iŶ the Ŷetǁoƌk, aŶd eǆtƌaĐt featuƌes fƌoŵ the ultƌasouŶd sĐaŶ 
ďǇ slidiŶg oǀeƌ eaĐh paƌt of the iŵage. ‘eduĐiŶg these ǁill sigŶiiĐaŶtlǇ ƌeduĐe the Ŷuŵďeƌ of 
ĐalĐulaioŶs iŶǀolǀed iŶ the ŵodel aŶd ǁill theƌefoƌe loǁeƌ the ƌuŶ iŵe. It ǁill also ƌeduĐe the 
aŵouŶt of ŵeŵoƌǇ Ŷeeded, ǁhiĐh Đould ďe iŵpoƌtaŶt depeŶdiŶg oŶ the speĐiiĐaioŶs of the deǀiĐe 
it is ƌuŶ oŶ.  

‘eduĐiŶg the Ŷuŵďeƌ of ilteƌs ǁas a ǀeƌǇ Ŷatuƌal ĐhoiĐe to iŵpƌoǀe ŵodel peƌfoƌŵaŶĐe. The 
featuƌes ǁe aƌe eǆtƌaĐiŶg aƌe iŶ geŶeƌal geoŵetƌiĐallǇ siŵple, aŶd theƌefoƌe feǁeƌ ilteƌs ǁould ďe 
Ŷeeded to Đaptuƌe eŶough iŶfoƌŵaioŶ foƌ a good segŵeŶtaioŶ. Hoǁeǀeƌ, it is iŵpoƌtaŶt to Ŷote 
that suĐh a ĐhaŶge ŵaǇ deĐƌease the aĐĐuƌaĐǇ of ouƌ ŵodel. OŶĐe the ilteƌs ǁeƌe ƌeduĐed ďǇ half at 
eaĐh leǀel of the U-NET ŵodel, ǁe oďtaiŶed the folloǁiŶg iŵiŶg ƌesults.  
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Model ǁith reduĐed ilter 
sizes 

MeaŶ MilliseĐoŶds Per 
SegŵeŶtaioŶ 

StaŶdard DeǀiaioŶ 

U-NET ϭϰϭ ϭϮ 

U-NET ϯ+ ϰϰϭ ϰϳ 

U-NET ϯ+ Deep SupeƌǀisioŶ ϰϳϰ Ϯϴ 

U-NET ϯ+ Deep SupeƌǀisioŶ 
Class Guided Module 

ϱϭϯ ϯϮ 

 

These ƌesults ǁeƌe geŶeƌallǇ saisfaĐtoƌǇ, shoǁiŶg aŶ aǀeƌage peƌfoƌŵaŶĐe uŶdeƌ the goal of Ϭ.ϱ 
seĐoŶds oƌ ϱϬϬ ŵilliseĐoŶds. Hoǁeǀeƌ, these ƌesults ǁeƌe geŶeƌated usiŶg aŶ iŶput foƌ ‘GB iŵages. 
This ŵeaŶs that eaĐh piǆel is ƌepƌeseŶted ďǇ a tuple of thƌee disiŶĐt ǀalues iŶ the ƌaŶge Ϭ-Ϯϱϱ. 
UltƌasouŶd iŵages ďeiŶg eŶiƌelǇ gƌeǇsĐale, this seeŵed uŶŶeĐessaƌǇ. The folloǁiŶg ƌesults ǁeƌe 
geŶeƌated ǁith a siŶgle iŶput ĐhaŶŶel, ǀeƌsus a ŵodel ǁith thƌee iŶput ĐhaŶŶels.  

Model ǁith reduĐed ilter 
sizes aŶd graǇsĐale iŶput 

MeaŶ MilliseĐoŶds Per 
SegŵeŶtaioŶ 

StaŶdard DeǀiaioŶ 

U-NET ϭϮϬ ϭϱ 

U-NET ϯ+ ϰϬϴ ϯϳ 

U-NET ϯ+ Deep SupeƌǀisioŶ ϰϭϵ ϯϴ 

U-NET ϯ+ Deep SupeƌǀisioŶ 
Class Guided Module 

ϰϳϴ Ϯϰ 

 

I ďelieǀe this is the ideal foƌŵat of a U-NET ϯ+ ŵodel foƌ ateŵpiŶg Ŷeaƌ ƌeal iŵe segŵeŶtaioŶ of 
luŶg ultƌasouŶd iŵages, ǁith the ďest ƌesults ĐoŶsisteŶtlǇ uŶdeƌ Ϭ.ϱ seĐoŶds oŶ a CPU eǆeĐuioŶ 
pƌoǀideƌ.   

U-NET VeƌsioŶs 

OŶe of the laƌgest ĐoŵpoŶeŶts of eaĐh tƌaiŶiŶg ƌuŶ is the ŵodel aƌĐhiteĐtuƌe. IŶ oƌdeƌ to fullǇ 
eǆploƌe difeƌeŶt stƌuĐtuƌes, I tested seǀeƌal difeƌeŶt ŵodels tƌaiŶed oŶ difeƌeŶt U-NET ǀeƌsioŶs iŶ 
oƌdeƌ to assess the segŵeŶtaioŶ aĐĐuƌaĐǇ. All ƌuŶs ǁeƌe doŶe usiŶg the halǀed ilteƌ aƌĐhiteĐtuƌe 
aŶd the saŵe loss fuŶĐioŶ.  

 

Model 
Class IŶterseĐioŶ Oǀer UŶioŶ 

A-LiŶes B-LiŶes CoŶsolidaioŶs EfusioŶs Pleura Riďs Aǀerage 

U-NET Ϭ.ϱϯϴ Ϭ.ϲϲϵ Ϭ.ϴϴϭ Ϭ.ϵϳϲ Ϭ.Ϭϯ Ϭ.ϭϱϲ Ϭ.ϱϰϮ 

U-NET ϯ+ Ϭ.ϱϯϳ Ϭ.ϲϱϰ Ϭ.ϴϴϭ Ϭ.ϵϳϲ Ϭ.ϲϵϵ Ϭ.ϲϳϲ Ϭ.ϳϯϳ 

U-NET ϯ+ 

Deep Sup 

Ϭ.ϴϬϴ Ϭ.ϴϮϴ Ϭ.ϵϲϭ Ϭ.ϵϳϲ Ϭ.ϳϯϯ Ϭ.ϳϬϱ Ϭ.ϴϯϱ 

 

Theƌe is a ǀeƌǇ Đleaƌ difeƌeŶĐe ďetǁeeŶ the difeƌeŶt U-NET ǀeƌsioŶ, ǁith eaĐh ŵodel iŵpƌoǀeŵeŶt 
ĐaƌƌǇiŶg aŶ oǀeƌall iŵpƌoǀeŵeŶt iŶ IOU. Although U-NET ϯ+ has a slight dip iŶ A-LiŶes aŶd B-LiŶes 
IOU, the iŶĐƌeased segŵeŶtaioŶ of ďoth the Pleuƌa aŶd ‘iďs ŵoƌe thaŶ ŵake up foƌ this. This Đould 
ďe eǆplaiŶed ďǇ the ŶeĐessitǇ of kŶoǁiŶg the otheƌ iŵage featuƌes iŶ oƌdeƌ to ĐoƌƌeĐtlǇ ĐlassifǇ a 
piǆel as Pleuƌa aŶd ‘iďs, aŶd the iŵpƌoǀed skip ĐoŶŶeĐioŶs iŶ U-NET ϯ+ Đould ďe pƌoǀidiŶg this.  



ϯϯ 

 

The deeplǇ supeƌǀised appƌoaĐh shoǁs iŵpƌoǀeŵeŶts aĐƌoss all Đlasses, suggesiŶg that it has 
ǁoƌked ǁell aŶd is a useful addiioŶ to the ŵodel. This seeŵs to haǀe the gƌeatest efeĐt oŶ the 
Đlasses that Ŷeed the least aŵouŶt of ǁhole iŵage iŶfoƌŵaioŶ to ŵake a ĐlassiiĐaioŶ. CoŶsideƌiŶg 
that the deeplǇ supeƌǀised appƌoaĐh ǁoƌks ďǇ updaiŶg ŵodel ǁeights fuƌtheƌ doǁŶ the ŵodel path 
ǁheƌe ŵoƌe iŶe gƌaiŶed featuƌes aƌe pƌeseŶt, this is ǁoƌkiŶg as eǆpeĐted.  

Loss FuŶĐioŶs 

The Ŷeǆt logiĐal test is to ask ǁhiĐh loss fuŶĐioŶ ǁill pƌoduĐe the ďest ƌesults. ChoosiŶg the ĐoƌƌeĐt 
loss fuŶĐioŶ deteƌŵiŶes hoǁ the ŵodel eǀaluates its oǁŶ peƌfoƌŵaŶĐe, aŶd ǁhiĐh featuƌes it leaƌŶs 
ďest. HuaŶg, H. et al pƌoposed that U-NET ϯ+ should ďe tƌaiŶed oŶ a hǇďƌid loss fuŶĐioŶ, ĐoŶsisiŶg 
of iŶteƌseĐioŶ oǀeƌ uŶioŶ loss, foĐal loss aŶd MS-SSIM loss. I felt it ŶeĐessaƌǇ to eǆploƌe this duƌiŶg 
ŵǇ pƌojeĐt. 

 

Loss 

Class IŶterseĐioŶ Oǀer UŶioŶ 

A-
LiŶes 

B-
LiŶes 

CoŶsolidaioŶs EfusioŶs Pleura Riďs Aǀerage 

IŶteƌseĐioŶ Oǀeƌ 
UŶioŶ ;IOUͿ 

Ϭ.ϱϯϴ Ϭ.ϳϴϴ Ϭ.ϴϱϵ Ϭ.ϵϳϱ Ϭ.Ϭϯ Ϭ.ϭϲϮ Ϭ.ϱϱϵ 

Cƌoss EŶtƌopǇ ;CEͿ Ϭ.ϱϯϴ Ϭ.ϳϵϰ Ϭ.ϴϴϭ Ϭ.ϵϳϲ Ϭ.Ϭϯ Ϭ.ϭϱϲ Ϭ.ϱϬϱ 

Muli SĐale 
StƌuĐtuƌal 

SiŵilaƌitǇ ;MS-
SIMͿ  

Ϭ.ϳϵϲ Ϭ.ϴϮϰ Ϭ.ϵϱϳ Ϭ.ϵϳϲ Ϭ.ϳϯϰ Ϭ.ϳϬϯ Ϭ.ϴϯϭ 

JaĐĐaƌd Ϭ.ϳϴϴ Ϭ.ϳϴϰ Ϭ.ϵϲϭ Ϭ.ϵϴϳ Ϭ.ϲϴϮ Ϭ.ϲϱϲ Ϭ.ϳϵϱ 

FoĐal ߙ = ሺͲ.ͳ, Ͳ.ͷ… ሻ ߛ = ʹ 

Ϭ.ϳϲϵ Ϭ.ϳϴϰ Ϭ.ϵϲϱ Ϭ.ϵϳϴ Ϭ.ϲϱϵ Ϭ.ϲϱϳ Ϭ.ϳϴϴ 

FoĐal ߙ = ሺͲ.ͳ, Ͳ.ͷ… ሻ ߛ = ͵ 

Ϭ.ϳϴϲ Ϭ.ϳϴϭ Ϭ.ϵϲϱ Ϭ.ϵϳϳ Ϭ.ϲϲϮ Ϭ.ϲϱϭ Ϭ.ϳϴϵ 

FoĐal ߙ =;Ϭ.ϭ, Ϭ.ϱ …Ϳ ߛ = Ͷ 

Ϭ.ϳϵϮ Ϭ.ϳϴϭ Ϭ.ϵϲϯ Ϭ.ϵϴϰ Ϭ.ϲϱϳ Ϭ.ϲϱϮ Ϭ.ϴϬϰ 

FoĐal ߙ =; Ϭ.ϭ, Ϭ.ϴ, Ϭ.ϴ, 
Ϭ.ϳ, Ϭ.ϳ, Ϭ.ϱ, Ϭ.ϱ, Ϳ ߛ =Ϯ 

Ϭ.ϳϵϲ Ϭ.ϳϲϴ Ϭ.ϵϲϰ Ϭ.ϵϳϰ Ϭ.ϲϮϮ Ϭ.ϲϭϵ Ϭ.ϳϵϬ 

FoĐal ߙ =; Ϭ.ϭ, Ϭ.ϯ, Ϭ.ϯ, 
Ϭ.ϱ, Ϭ.ϱ, Ϭ.ϳ, Ϭ.ϳͿ ߛ =Ϯ 

Ϭ.ϳϴϲ Ϭ.ϳϴϮ Ϭ.ϵϲϰ Ϭ.ϵϴϰ Ϭ.ϲϴϭ Ϭ.ϲϱϳ Ϭ.ϴϬϵ 

IOU, CE aŶd MS-
SSIM 

Ϭ.ϳϲϭ Ϭ.ϴϭϮ Ϭ.ϴϴϭ Ϭ.ϵϳϲ Ϭ.ϳϭϭ Ϭ.ϳϬϲ Ϭ.ϳϵϯ 

IOU, FoĐal, aŶd 
MS-SSIM 

Ϭ.ϴϬϱ Ϭ.ϴϯϭ Ϭ.ϵϱϳ Ϭ.ϵϳϲ Ϭ.ϳϯϰ Ϭ.ϳϬϵ Ϭ.ϴϯϱ 
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JaĐĐaƌd, FoĐal aŶd 
MS-SSIM 

Ϭ.ϴϬϵ Ϭ.ϴϮϱ Ϭ.ϵϲϳ Ϭ.ϵϴϱ Ϭ.ϳϮϴ Ϭ.ϳϬϱ Ϭ.ϴϯϳ 

 

Fƌoŵ lookiŶg at the ƌesults, ĐleaƌlǇ IOU aŶd Cƌoss EŶtƌopǇ loss aƌe suďpaƌ fuŶĐioŶs, aŶd ĐoŵpletelǇ 
fail to leaƌŶ the ‘iďs aŶd Pleuƌa Đlasses. Although JaĐĐaƌd loss is theoƌeiĐallǇ ĐalĐulated ďǇ the saŵe 
ŵethod as IOU, ǁe ĐaŶ see that the iŵpleŵeŶtaioŶ ďǇ Silǀa, J. is ŵuĐh iŵpƌoǀed. This pƌoduĐes a 
suiĐieŶt, ďut Ŷot opiŵised ƌesult ďǇ itself. Muli sĐale stƌuĐtuƌal siŵilaƌitǇ loss hoǁeǀeƌ pƌoduĐes 
aŶ eǆtƌeŵelǇ good ƌesult, stƌoŶglǇ jusifǇiŶg its plaĐe as a ĐoŵpoŶeŶt of a hǇďƌid loss fuŶĐioŶ.  

Moƌe iŶteƌesiŶg ƌesults Đoŵe fƌoŵ the FoĐal loss ƌuŶs. We ĐaŶ see that the ǀaƌiaioŶ of the gaŵŵa 
ǀaƌiaďle has ǀeƌǇ litle efeĐt oŶ the oǀeƌall IOU ǀalues. This suggests that the ŵajoƌitǇ of iŵages ĐaŶ 
ďe Đlassiied easilǇ, aŶd ouƌ ŵodel is alƌeadǇ peƌfoƌŵiŶg geŶeƌallǇ ǁell. Hoǁeǀeƌ ǁe ĐaŶ see soŵe 
ŵiŶute oǀeƌall iŵpƌoǀeŵeŶt foƌ a higheƌ gaŵŵa ǀalue of ϰ. 

ChaŶgiŶg the alpha ǀaƌiaďle also leads to a ŵiŶiŵal ĐhaŶge iŶ eǀaluaioŶ. Fƌoŵ ouƌ ƌesults so faƌ, ǁe 
ĐaŶ geŶeƌallǇ saǇ that the ŵodels aƌe stƌuggliŶg to segŵeŶt the ‘iďs aŶd Pleuƌa Đlasses the ŵost, 
ǁhile the CoŶsolidaioŶs aŶd EfusioŶs aƌe the easiest, ǁith A-LiŶes aŶd B-LiŶes soŵeǁheƌe iŶ 
ďetǁeeŶ. Hoǁeǀeƌ, theƌe aƌe the ŵost eǆaŵples ďǇ faƌ of the ‘iďs aŶd Pleuƌa Đlasses, folloǁed ďǇ A-
LiŶes aŶd B-LiŶes, aŶd the feǁest eǆaŵples of CoŶsolidaioŶs aŶd EfusioŶs. The diiĐultǇ of 
ĐlassifǇiŶg the ŵoƌe ĐoŵŵoŶ Đlasses seeŵs to ďe ƌoughlǇ ďalaŶĐed out ďǇ theiƌ pƌeǀaleŶĐe iŶ the 
dataset, at least ǁithiŶ the foĐal loss fuŶĐioŶ. The ďest ƌesults ǁeƌe ǁith aŶ alpha ǀalue of  ;Ϭ.ϭ, Ϭ.ϯ, 
Ϭ.ϯ, Ϭ.ϱ, Ϭ.ϱ, Ϭ.ϳ, Ϭ.ϳͿ, ǁhiĐh aiŵs to uŶdeƌeŵphasise the ŵoƌe ĐoŵŵoŶ eǆaŵples iŶ the dataset. 
Hoǁeǀeƌ, this ǁas oŶlǇ a ŵaƌgiŶal iŵpƌoǀeŵeŶt of Ϭ.ϬϮ. 

WithiŶ the tested hǇďƌid loss fuŶĐioŶs, the loǁest sĐoƌiŶg ǁas the ĐoŵďiŶaioŶ of Đƌoss eŶtƌopǇ, 
iŶteƌseĐioŶ oǀeƌ uŶioŶ aŶd ŵuli sĐale stƌuĐtuƌal siŵilaƌitǇ. This is uŶsuƌpƌisiŶg as foĐal loss is iŶ 
alŵost all Đases aŶ iŵpƌoǀed ǀeƌsioŶ of Đƌoss eŶtƌopǇ loss. The pƌoposed hǇďƌid fuŶĐioŶ foƌ U-NET 
ϯ+ of foĐal, iŶteƌseĐioŶ oǀeƌ uŶioŶ aŶd MS-SSIM ǁoƌks ďeteƌ. Hoǁeǀeƌ the ďest ƌesults aƌe aĐhieǀed 
ǁith JaĐĐaƌd, foĐal aŶd MS-SSIM. Although this is oŶlǇ a Ϭ.ϬϬϮ iŶĐƌease, it suggests that theƌe is 
fuƌtheƌ opiŵisaioŶ possiďle ďǇ iŵpƌoǀiŶg upoŶ the IOU loss fuŶĐioŶ. Theƌe aƌe seǀeƌal alteƌŶaiǀes 
ǁithiŶ the liteƌatuƌe, aŶd this is aŶ iŶteƌesiŶg poiŶt of iŶǀesigaioŶ foƌ futuƌe ƌeseaƌĐh.  

Colouƌ aŶd GƌaǇsĐale 

With aŶ iŵpƌoǀed pƌoĐessiŶg iŵe foƌ gƌaǇsĐale iŵages oǀeƌ Đolouƌ iŵages, it is ŶeĐessaƌǇ to ĐoŶiƌŵ 
ǁhetheƌ theƌe is a difeƌeŶĐe ďetǁeeŶ gƌaǇsĐale aŶd Đolouƌ segŵeŶtaioŶ ƌesults.  

 

Colour 

Class IŶterseĐioŶ Oǀer UŶioŶ 

A-
LiŶes 

B-
LiŶes 

CoŶsolidaioŶs EfusioŶs Pleura Riďs Aǀerage 

GƌaǇsĐale Ϭ.ϳϵϭ Ϭ.ϴϭϮ Ϭ.ϵϱϴ Ϭ.ϵϳϭ Ϭ.ϳϯϬ Ϭ.ϳϭϰ Ϭ.ϴϮϵ 

‘GB Colouƌ Ϭ.ϴϬϱ Ϭ.ϴϯϭ Ϭ.ϵϱϳ Ϭ.ϵϳϲ Ϭ.ϳϯϰ Ϭ.ϳϬϵ Ϭ.ϴϯϱ 

 

The ‘GB Đolouƌ sĐale has a ǀeƌǇ sŵall aǀeƌage iŵpƌoǀeŵeŶt of Ϭ.ϬϬϲ IOU. IŶdiǀiduallǇ eaĐh Đlass is 
segŵeŶted to a siŵilaƌ ƋualitǇ, aŶd ĐaŶ ďe ĐoŶĐluded that theƌe is litle to Ŷo ĐhaŶge iŶ oǀeƌall 
segŵeŶtaioŶ ƌesults. 

 



ϯϱ 

 

Data AugŵeŶtaioŶs 

I eǆpeƌiŵeŶted ǁith seǀeƌal difeƌeŶt data augŵeŶtaioŶs, ǁith the goal of iŵpƌoǀiŶg the ƌoďustŶess 
of the ŵodel oŶĐe tƌaiŶed.  

‘eleĐioŶ ǁas doŶe oŶlǇ aloŶg the ǀeƌiĐal Ǉ aǆis, iŶ oƌdeƌ to pƌeseƌǀe the ƌelaioŶship ďetǁeeŶ the 
Pleuƌal LiŶe aŶd the A-LiŶes, aŶd ƌotaioŶ ǁas applied to a ŵaǆiŵuŵ of ϯϱ degƌees iŶ eaĐh diƌeĐioŶ, 
iŶ oƌdeƌ to fuƌtheƌ pƌeseƌǀe the ǀeƌiĐal ƌelaioŶship ďetǁeeŶ luŶg aƌtefaĐts.  

CoŶtƌast aŶd ďƌightŶess is applied ǁith a pƌoďaďilitǇ of ϭ to all piǆels. Both haǀe faĐtoƌ liŵits of Ϭ.Ϯ iŶ 
oƌdeƌ to pƌeseƌǀe the iŵage iŶfoƌŵaioŶ. 

The GaussiaŶ Ŷoise added has a ŵeaŶ of Ϭ, aŶd a ǀaƌiaŶĐe liŵit of ϮϬ foƌ a piǆel ďƌightŶess ǀalue. 
This is applied ǁith pƌoďaďilitǇ ϭ to all piǆels. 

 

AugŵeŶtaioŶs 

Class IŶterseĐioŶ Oǀer UŶioŶ 

A-
LiŶes 

B-
LiŶes 

CoŶsolidaioŶs EfusioŶs Pleura Riďs Aǀerage 

NoŶe 

 

Ϭ.ϴϵϭ Ϭ.ϴϲϱ Ϭ.ϵϴϯ Ϭ.ϵϳϲ Ϭ.ϴϲϬ Ϭ.ϴϲϳ Ϭ.ϵϬϳ 

‘otaioŶ aŶd 
VeƌiĐal ‘eleĐioŶ 

Ϭ.ϳϵϱ Ϭ.ϴϮϯ Ϭ.ϵϱϳ Ϭ.ϵϳϲ Ϭ.ϳϯϭ Ϭ.ϳϬϳ Ϭ.ϴϯϳ 

‘otaioŶ, VeƌiĐal 
‘eleĐioŶ, 

BƌightŶess aŶd 
CoŶtƌast 

Ϭ.ϳϯϮ Ϭ.ϳϯϰ Ϭ.ϴϴϬ Ϭ.ϵϳϲ Ϭ.ϱϴϬ Ϭ.ϱϲϰ Ϭ.ϳϲϮ 

‘otaioŶ, VeƌiĐal 
‘eleĐioŶ, 
BƌightŶess, 

CoŶtƌast aŶd 
GaussiaŶ Noise 

Ϭ.ϲϰϬ Ϭ.ϲϱϵ Ϭ.ϴϴϭ Ϭ.ϵϳϲ Ϭ.ϯϮϳ Ϭ.ϯϮϯ Ϭ.ϲϯϰ 

 

Oǀeƌall, ǁe ĐaŶ see that the ŵodel peƌfoƌŵs sigŶiiĐaŶtlǇ ǁoƌse depeŶdiŶg oŶ the augŵeŶtaioŶs 
applied. While CoŶsolidaioŶs aƌe sill easilǇ ideŶiied ateƌ all data augŵeŶtaioŶs, the aǀeƌage 
sufeƌs gƌeatlǇ. ‘otaioŶ aŶd ƌeleĐioŶ aƌe failiŶg to iŵpƌoǀe the ŵodel s͛ peƌfoƌŵaŶĐe, although aƌe 
ŵaiŶlǇ ĐausiŶg haƌŵ to the ideŶiiĐaioŶ of the ‘iďs, Pleuƌa aŶd A-LiŶes. As these aƌe all geŶeƌallǇ 
ǀeƌiĐal aƌtefaĐts, it ǁould ďe logiĐal to suggest that this is Đaused ďǇ oǀeƌ ƌotaioŶ ƌatheƌ thaŶ 
ƌeleĐioŶ.  

AddiioŶallǇ ďƌightŶess aŶd ĐoŶtƌast afeĐts all Đlasses otheƌ thaŶ efusioŶs, ƌeduĐiŶg the IOU ǀalue 
ďǇ aƌouŶd Ϭ.ϭ eaĐh. This seeŵs to shoǁ that the iŵages lose too ŵuĐh iŶfoƌŵaioŶ ďǇ ƌeduĐiŶg the 
ďƌightŶess aŶd ĐoŶtƌast, aŶd theƌefoƌe the ŵodel stƌuggles to leaƌŶ a good segŵeŶtaioŶ. 

GaussiaŶ Ŷoise agaiŶ has Ŷo efeĐt oŶ the efusioŶ Đlass, aŶd eǀeŶ slightlǇ iŵpƌoǀes the ĐoŶsolidaioŶ 
segŵeŶtaioŶ. Hoǁeǀeƌ, this is easilǇ ĐouŶteƌaĐted ďǇ the sigŶiiĐaŶt IOU ƌeduĐioŶ iŶ all the 
ƌeŵaiŶiŶg segŵeŶtaioŶ laďels. The iŵpƌoǀeŵeŶt of the CoŶsolidaioŶs Đlass is a pƌoŵisiŶg sigŶ 
hoǁeǀeƌ, ďeiŶg the oŶlǇ diƌeĐt iŵpƌoǀeŵeŶt iŶ segŵeŶtaioŶ ƌesults fƌoŵ ŵǇ applied 
augŵeŶtaioŶs. 
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Iŵage Size 

Due to the possiďilitǇ of iŶĐƌeasiŶg oƌ ƌeduĐiŶg the iŵage size duƌiŶg pƌepƌoĐessiŶg, it is iŵpoƌtaŶt to 
eǆaŵiŶe the diƌeĐt iŵpaĐt of ĐhaŶgiŶg the size of the iŵage fed iŶto the Ŷetǁoƌk iŶ oƌdeƌ to 
deteƌŵiŶe ǁhetheƌ aŶǇ poteŶial iŵpƌoǀeŵeŶts ĐaŶ ďe ŵade. It is also possiďle duƌiŶg tesiŶg that 
ǁe ŵaǇ see eitheƌ a higheƌ oƌ loǁeƌ iŶfeƌeŶĐe iŵe thaŶ eǆpeĐted. If higheƌ, theŶ the siŵplest iǆ 
ŵaǇ ďe to siŵplǇ ƌeduĐe this iŵage size, aŶd if loǁeƌ ǁe ŵaǇ ďe aďle to iŶĐƌease the iŵage 
diŵeŶsioŶs iŶ oƌdeƌ to iŵpƌoǀe the segŵeŶtaioŶ.  

 

Nuŵďer of Iŵage 
Piǆels ;Height aŶd 

WidthͿ 

Class IŶterseĐioŶ Oǀer UŶioŶ 

A-
LiŶes 

B-
LiŶes 

CoŶsolidaioŶs EfusioŶs Pleura Riďs Aǀerage 

ϭϮϴ ďǇ ϭϮϴ 

 

Ϭ.ϲϯϯ Ϭ.ϳϭϳ Ϭ.ϴϵϵ Ϭ.ϵϬϵ Ϭ.ϱϭϴ Ϭ.ϰϰϯ Ϭ.ϲϯϱ 

Ϯϱϲ ďǇ Ϯϱϲ Ϭ.ϳϵϱ Ϭ.ϴϮϯ Ϭ.ϵϱϳ Ϭ.ϵϳϲ Ϭ.ϳϯϭ Ϭ.ϳϬϳ Ϭ.ϴϯϳ 

ϯϴϰ ďǇ ϯϴϰ Ϭ.ϲϰϳ Ϭ.ϳϲϴ Ϭ.ϵϬϱ Ϭ.ϵϳϲ Ϭ.ϱϬϵ Ϭ.ϯϴϯ Ϭ.ϲϵϴ 

ϱϭϮ ďǇ ϱϭϮ Ϭ.ϱϭϳ Ϭ.ϱϭϱ Ϭ.ϴϳϳ Ϭ.ϵϳϲ Ϭ.ϰϰϵ Ϭ.ϭϱϲ Ϭ.ϱϴϮ 

 

These ƌesults suggest that the pƌeǀiouslǇ pƌoposed Ϯϱϲ ďǇ Ϯϱϲ diŵeŶsioŶ iŵage is Đlose to the 
opiŵal. The loǁeƌ ŵodel tƌaiŶed oŶ a ϭϮϴ sƋuaƌe piǆel iŵage does Ŷot appeaƌ to Đaptuƌe eŶough 
details fƌoŵ the souƌĐe iŵage, pƌoduĐiŶg a ǁoƌse segŵeŶtaioŶ. CoŶǀeƌselǇ the iŶĐƌease iŶ iŵage 
size does Ŷot appeaƌ to iŶĐƌease the segŵeŶtaioŶ sigŶiiĐaŶtlǇ. 

Class Guided Module 

I also eǆpeƌiŵeŶted ǁith aŶ iŵpleŵeŶtaioŶ of the Đlass guided ŵodule ŵodel foƌ ŵuli laďel 
segŵeŶtaioŶ, aŶd Đoŵpaƌed it agaiŶst the saŵe ŵodel ǁith Ŷo suĐh ŵodule. 

 

Model TǇpe 

Class IŶterseĐioŶ Oǀer UŶioŶ 

A-
LiŶes 

B-
LiŶes 

CoŶsolidaioŶs EfusioŶs Pleura Riďs Aǀerage 

Deep SupeƌǀisioŶ 

 

Ϭ.ϳϵϴ Ϭ.ϴϮϮ Ϭ.ϵϰϳ Ϭ.ϵϳϲ Ϭ.ϳϯϱ Ϭ.ϳϬϱ Ϭ.ϴϯϭ 

Deep SupeƌǀisioŶ 
aŶd Class-Guided 

Module 

Ϭ.ϱϬϵ Ϭ.ϳϭϬ Ϭ.ϴϵϰ Ϭ.ϵϴϬ Ϭ.ϳϭϲ Ϭ.ϱϱϳ Ϭ.ϳϮϴ 

 

These ƌesults ǁeƌe ǀeƌǇ iŶteƌesiŶg. OŶ aǀeƌage, the segŵeŶtaioŶ ƌesults dƌopped ďǇ Ϭ.ϭϬϯ IOU. 
Hoǁeǀeƌ, the EfusioŶs Đlass ƌeĐeiǀed a ďoost, ǁith the Pleuƌa aŶd CoŶsolidaioŶs Đlass ƌeŵaiŶiŶg 
ƌoughlǇ eƋuiǀaleŶt. Hoǁeǀeƌ A-LiŶes aŶd ‘iďs saǁ ǀeƌǇ sigŶiiĐaŶt deĐƌeases.  

TƌaiŶ Test Split 

DuƌiŶg this ǁoƌk I used a ƌaŶdoŵised split fuŶĐioŶ oŶ ŵǇ dataset to sepaƌate theŵ iŶto a tƌaiŶiŶg 
aŶd ǀalidaioŶ set. Theƌefoƌe the ǀalidaioŶ data ǁould likelǇ haǀe soŵe iŶstaŶĐes of ǀeƌǇ siŵilaƌ 
iŵages ǁithiŶ the tƌaiŶiŶg data due to the saŵe paieŶts aŶd ǀideos ďeiŶg pƌeseŶt iŶ eaĐh dataset.  
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To test foƌ the ŵodel oǀeƌiiŶg, I seleĐted seǀeƌal paieŶts to ďe ƌeŵoǀed eŶiƌelǇ fƌoŵ the tƌaiŶiŶg 
dataset. These paieŶts ǁeƌe seleĐted to pƌoǀide Đoǀeƌage of all difeƌeŶt luŶg ultƌasouŶd aƌtefaĐts, 
iŶ oƌdeƌ to pƌoǀide a ŵeasuƌed esiŵate of the ŵodels aďilitǇ to segŵeŶt eaĐh Đlass oŶ a ĐoŵpletelǇ 
uŶseeŶ paieŶt. 

The paieŶts ĐhoseŶ ǁeƌe segPaieŶtϬϬϬϬϬ, segPaieŶtϬϬϬϬϰ, segPaieŶtϬϬϬϬϲ, segPaieŶtϬϬϬϬϴ aŶd 
segPaieŶtϬϬϬϱϭ. 

 

Dataset 
Class IŶterseĐioŶ Oǀer UŶioŶ 

A-
LiŶes 

B-
LiŶes 

CoŶsolidaioŶs EfusioŶs Pleura Riďs Aǀerage 

TƌaiŶiŶg 

 

Ϭ.ϴϯϵ Ϭ.ϴϮϭ Ϭ.ϵϱϱ Ϭ.ϵϳϯ Ϭ.ϳϯϯ Ϭ.ϳϭϱ Ϭ.ϴϯϵ 

‘aŶdoŵised 
ValidaioŶ 

Ϭ.ϴϯϬ Ϭ.ϴϭϱ Ϭ.ϵϱϰ Ϭ.ϵϳϭ Ϭ.ϳϮϴ Ϭ.ϳϭϭ Ϭ.ϴϯϱ 

SeleĐted Holdout Ϭ.ϯϵϮ Ϭ.ϴϰϳ Ϭ.ϵϳϴ Ϭ.ϵϴϲ Ϭ.ϰϳϱ Ϭ.ϯϮϬ Ϭ.ϲϲϲ 

 

The tƌaiŶiŶg set aŶd ƌaŶdoŵised ǀalidaioŶ set haǀe a ǀeƌǇ siŵilaƌ aĐĐuƌaĐǇ, difeƌeŶt oŶlǇ ďǇ Ϭ.ϬϬϰ 
IOU. The difeƌeŶĐes iŶ the seleĐted holdout set aƌe dƌasiĐallǇ difeƌeŶt, ǁith the CoŶsolidaioŶ, B-
LiŶes aŶd EfusioŶs Đlasses peƌfoƌŵiŶg siŵilaƌlǇ ǁell to the ƌaŶdoŵised ǀalidaioŶ aŶd tƌaiŶiŶg sets. 
The A-LiŶes, Pleuƌa aŶd ‘iďs hoǁeǀeƌ dƌasiĐallǇ uŶdeƌpeƌfoƌŵ, ǁith aŶ aǀeƌage difeƌeŶĐe ďetǁeeŶ 
the thƌee Đlasses of Ϭ.ϯϲϭ IOU Đoŵpaƌed to the ƌaŶdoŵised ǀalidaioŶ set.  
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CoŶĐlusioŶ 

 

FiŶal EǀaluaioŶ 

Oǀeƌall the ŵodels I haǀe tƌaiŶed oǀeƌ the Đouƌse of this pƌojeĐt haǀe peƌfoƌŵed ǁell, although shoǁ 
sigŶs foƌ possiďle iŵpƌoǀeŵeŶts. The ďest ŵodels ǁeƌe tƌaiŶed ǁith the U-NET ϯ+ DeeplǇ Supeƌǀised 
ŵodel, ǁithout the use of the Đlass-guided ŵodule. The ŵodel took iŶ a gƌaǇsĐale iŶput, aŶd ƌesized 
the iŶput iŵages to Ϯϱϲ ďǇ Ϯϱϲ piǆels ďefoƌe pƌoĐessiŶg. This ŵade use of a loss fuŶĐioŶ ĐoŵpƌisiŶg 
of foĐal loss, JaĐĐaƌd loss aŶd ŵuli sĐale stƌuĐtuƌal siŵilaƌitǇ loss, all ǁith eƋual ǁeighiŶg. The foĐal 
loss paƌaŵeteƌs had a gaŵŵa ǀalue of Ϯ, aŶd aŶ alpha ǀalue of Ϭ.ϭ foƌ the ďaĐkgƌouŶd Đlass, ǁith Ϭ.ϯ 
foƌ ‘iďs aŶd Pleuƌa, Ϭ.ϱ foƌ A-LiŶes aŶd B-LiŶes, aŶd Ϭ.ϳ foƌ EfusioŶs aŶd CoŶsolidaioŶs. The ďest 
ƌesults ǁeƌe oďtaiŶed ǁith Ŷo augŵeŶtaioŶs, aŶd ǁeƌe tƌaiŶed usiŶg a ďatĐh size of ϰ iŵages 
thƌough Ϯϱ epoĐhs. Due to iŵe aŶd ƌesouƌĐe ĐoŶstƌaiŶts oŶ the IŶtelligeŶt UltƌasouŶd GPU Đlusteƌ, 
suĐh a ŵodel Đould Ŷot ďe tƌaiŶed foƌ this pƌojeĐt. Hoǁeǀeƌ, fƌoŵ the ƌesults gatheƌed suĐh a ŵodel 
Đould ďe eǆpeĐted to haǀe aŶ aǀeƌage IOU segŵeŶtaioŶ of Đlose to Ϭ.ϵ oǀeƌ all Đlasses oŶ a 
ƌaŶdoŵised ǀalidaioŶ dataset. The eǀaluaioŶs foƌ the CoŶsolidaioŶ aŶd EfusioŶ Đlasses aƌe 
ĐoŶsisteŶtlǇ oǀeƌ Ϭ.ϵϱ, ǁhile the ƌesults foƌ the B-LiŶes aŶd Pleuƌa aƌe ĐoŶsisteŶtlǇ oǀeƌ Ϭ.ϴ oŶ suĐh a 
ŵodel. While the ‘iďs aŶd A-LiŶes Đlasses aƌe ŵoƌe diiĐult foƌ the ŵodel to segŵeŶt, theǇ sill shoǁ 
oǀeƌ Ϭ.ϳ aŶd Ϭ.ϳϱ ĐoŶsisteŶtlǇ oŶ the ďest tƌaiŶed ŵodels.  

OŶe laƌge ƋuesioŶ is hoǁ suĐh a ŵodel ǁill eǆteŶd to a ĐoŵpletelǇ uŶseeŶ paieŶt. The tests ƌuŶ 
shoǁ that ǁe ĐaŶ ďe ĐoŶideŶt iŶ the segŵeŶtaioŶ of the CoŶsolidaioŶ, EfusioŶ aŶd B-LiŶes Đlasses 
sill, hoǁeǀeƌ the ‘iďs, Pleuƌa aŶd A-LiŶes shoǁ sigŶiiĐaŶtlǇ ǁoƌse ƌesults ǁith sigŶs of the ŵodel 
oǀeƌiiŶg the dataset. Theƌe is sill sigŶiiĐaŶt ǁoƌk to ďe doŶe iŶ eŶsuƌiŶg that good ƌesults aƌe 
possiďle oŶ uŶseeŶ data, aŶd a sŵaƌt appƌoaĐh to data augŵeŶtaioŶ is ŶeĐessaƌǇ keepiŶg iŶ ŵiŶd 
the pƌeseƌǀaioŶ of iŶfoƌŵaioŶ ŶeĐessaƌǇ to segŵeŶt these Đlasses iŶ the oƌigiŶal iŵage. The 
deǀelopeƌ should also ďe ǁilliŶg to saĐƌiiĐe soŵe oǀeƌall IOU ƌesults iŶ oƌdeƌ to eŶsuƌe a ďeteƌ it to 
uŶseeŶ data. The paieŶt speĐiiĐ holdout dataset ŵeŶioŶed iŶ the test seĐioŶ should also ďe 
ĐheĐked aŶd eǆpaŶded iŶ oƌdeƌ to eŶsuƌe that it ƌepƌeseŶts the oǀeƌall dataset ǁell, aŶd does Ŷot 
ĐoŶtaiŶ aŶǇ uŶusual pateƌŶs oƌ data poiŶts that ŵaǇ afeĐt the segŵeŶtaioŶ ƌesults.  

The iŶal ŵodel usiŶg U-NET ϯ+ DeeplǇ Supeƌǀised aƌĐhiteĐtuƌe, ǁith a siŶgle ĐhaŶŶel iŶput aŶd 
seǀeŶ ĐhaŶŶel output ĐaŶ ďe eǆpeĐted to segŵeŶt iŵages iŶ Ŷeaƌ ƌeal iŵe oŶ ŵodest haƌdǁaƌe. 
CoŶiƌŵaioŶ of this ŵust ďe aĐƋuiƌed thƌough ŵoƌe thoƌough tesiŶg of a deploǇed ŵodel, ǁhiĐh is 
ďeǇoŶd the sĐope of this pƌojeĐt. 

This pƌojeĐt also ŵakes Ŷo assuŵpioŶs aďout the ŵediĐal ǀalue of eaĐh Đlass laďel that is ďeiŶg 
segŵeŶted foƌ. Moƌeoǀeƌ, the ǀalue of eaĐh luŶg ultƌasouŶd aƌtefaĐt ŵaǇ eǀeŶ ĐhaŶge depeŶdiŶg oŶ 
pƌioƌ ŵediĐal iŶfoƌŵaioŶ eǆtƌaĐted ďǇ a ŶoŶ-ultƌasouŶd ŵediĐal assessŵeŶt. Foƌ eǆaŵple, a 
ĐliŶiĐiaŶ ǁill iŶ ŵost Đases ďe aďle to ideŶifǇ the paieŶt s͛ ƌiďs thƌough aŶ eǆteƌŶal iŶspeĐioŶ of the 
toƌso, ǁithout ŶeĐessitaiŶg seeiŶg theŵ oŶ the ultƌasouŶd sĐaŶ. Thƌough the use of loss fuŶĐioŶ 
adjustŵeŶts aŶd ŵeƌgiŶg uŶŶeĐessaƌǇ Đlasses iŶto the ďaĐkgƌouŶd, the pƌoposed ŵodel ĐaŶ ďe 
easilǇ ŵodiied ǁith pƌofessioŶal ŵediĐal feedďaĐk. 

AŶotheƌ uŶfoƌtuŶate loss of a staiĐ iŵage appƌoaĐh to luŶg ultƌasouŶd segŵeŶtaioŶ is the loss of a 
dǇŶaŵiĐ ǀieǁ of the luŶgs iŶ ŵoioŶ. As the dataset aŶd tƌaiŶed ŵodels oŶlǇ leŶd theŵselǀes to 
iŶdiǀidual iŵage segŵeŶtaioŶs, theƌe is litle to Ŷo iŶfoƌŵaioŶ gaiŶed fƌoŵ the ĐoŶiŶuous 
pƌoĐessiŶg of ĐoŶseĐuiǀe luŶg iŵages. The ĐliŶiĐiaŶs ǀieǁ of the dǇŶaŵiĐ ŵoioŶ ŵaǇ ďe eŶhaŶĐed 
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ďǇ ǀieǁiŶg aŶ ultƌasouŶd sĐaŶ ǁith ƌeal iŵe segŵeŶtaioŶ, ďut this is also aŶotheƌ aǀeŶue foƌ 
fuƌtheƌ eǆploƌaioŶ.  

UliŵatelǇ, hoǁeǀeƌ efeĐiǀe the ŵodel ŵaǇ ďe it should ďe fuƌtheƌ stƌessed that it ĐaŶŶot ƌeplaĐe a 
tƌaiŶed ŵediĐal pƌaĐiioŶeƌ. SuĐh a tool does Ŷot possess the aďilitǇ to diagŶose ŵediĐal ĐoŶdiioŶs, 
ǁhiĐh ŵust ďe ŵade ďǇ a pƌofessioŶal. This tool ǁill hoǁeǀeƌ ďe aďle to aid a ĐliŶiĐiaŶ iŶ ŵakiŶg 
suĐh deĐisioŶs, easiŶg tƌaiŶiŶg aŶd iŵpƌoǀiŶg deĐisioŶ ŵakiŶg, leadiŶg to ďeteƌ paieŶt Đaƌe.  

Futuƌe Woƌk 

Thƌoughout the Đouƌse of this pƌojeĐt, I ǁas aďle to ideŶifǇ a ƌaŶge of poteŶial aƌeas of 
iŶǀesigaioŶ foƌ ŵǇ ǁoƌk that due to iŵe ĐoŶstƌaiŶts ǁas uŶaďle to ďe Đoŵpleted. Theƌe aƌe likelǇ 
to ďe ŵethods that ǁould fuƌtheƌ iŶĐƌease the aĐĐuƌaĐǇ of ŵǇ iŶal segŵeŶtaioŶ, as ǁell as ŵake it 
ŵoƌe useful foƌ ŵediĐal pƌaĐiioŶeƌs iŶ poteŶiallǇ eǀeƌǇdaǇ use. AddiioŶallǇ theƌe aƌe soŵe 
ƌeseaƌĐh ƋuesioŶs that aƌe uŶaŶsǁeƌed, aŶd ǁaƌƌaŶt iŶǀesigaioŶ.  

The IŶtelligeŶt UltƌasouŶd dataset ĐoŶtaiŶs a ǀeƌǇ laƌge seleĐioŶ of iŵages, hoǁeǀeƌ Ŷot all of these 
aƌe laďelled ǁith aŶ appƌoǀed ŵask. It ŵaǇ ďe possiďle to use aŶ uŶsupeƌǀised ŵaĐhiŶe leaƌŶiŶg 
appƌoaĐh that does Ŷot ƌelǇ oŶ laďelled data iŶ oƌdeƌ to deǀelop a segŵeŶtaioŶ ŵodel. Thƌough the 
ĐoŵďiŶaioŶ of ŵǇ supeƌǀised appƌoaĐh aŶd aŶ uŶsupeƌǀised ŵethod, a fuƌtheƌ iŵpƌoǀed seŵi 
supeƌǀised deep leaƌŶiŶg ŵodel Đould ŵake use of all the data aǀailaďle aŶd has the poteŶial to 
iŵpƌoǀe upoŶ ŵǇ ƌesults.  

AddiioŶallǇ, fuƌtheƌ eǆpeƌt appƌoǀed iŵage segŵeŶtaioŶ ŵasks Đould ďe Đƌeated foƌ the uŶlaďelled 
data. I eǆpeĐt iŶĐoƌpoƌaiŶg Ŷeǁ data ǁould fuƌtheƌ iŵpƌoǀe ŵǇ ŵodel, hoǁeǀeƌ this is likelǇ to ďe a 
Đase of diŵiŶishiŶg ƌetuƌŶs. The dataset is alƌeadǇ Ƌuite laƌge, aŶd to see a sigŶiiĐaŶt iŵpƌoǀeŵeŶt 
iŶ segŵeŶtaioŶ aĐĐuƌaĐǇ it is likelǇ that the dataset ǁould haǀe to ďe gƌeatlǇ eǆpaŶded. If this ǁas 
to ďe doŶe, pƌioƌitǇ should ďe giǀeŶ to a seleĐt Ŷuŵďeƌ of iŵages fƌoŵ difeƌeŶt paieŶts aŶd ǀideos. 
This ǁould iŶĐƌease the data diǀeƌsitǇ at the loǁest efoƌt to segŵeŶt the data, haǀiŶg the gƌeatest 
poteŶial efeĐt oŶ the ŵodel.  

A fuƌtheƌ iŵpƌoǀeŵeŶt of the dataset Đould ďe aŶ efoƌt to disĐeƌŶ ďetǁeeŶ CoŶlueŶt B-LiŶes aŶd B-
LiŶes as disiŶĐt Đlasses. It is uŶĐleaƌ the aŵouŶt of efoƌt ǀeƌsus the poteŶial ĐliŶiĐal ƌeǁaƌd foƌ this 
task, ǁhiĐh should ďe put to healthĐaƌe pƌofessioŶals ďefoƌe ďeiŶg deĐided upoŶ. IŶǀesigaiŶg the 
iŵages ǁith a gƌeateƌ height thaŶ ǁidth Đould also iŵpƌoǀe the dataset if theǇ ĐaŶ ďe ŵodiied iŶto a 
ƌoughlǇ uŶifoƌŵ pƌopoƌioŶ ǁith the ƌest of the data. This ǁould alloǁ us to tƌaiŶ the ŵodel iŶ a 
ŵoƌe uŶifoƌŵ fashioŶ, aŶd eǆtƌaĐt the saŵe aŵouŶt of iŶfoƌŵaioŶ fƌoŵ eaĐh iŵage ďǇ ǁaƌpiŶg the 
oƌigiŶal sĐaŶ less. Fuƌtheƌ to this poiŶt, ideŶifǇiŶg hoǁ to get the ŵaǆiŵuŵ aŵouŶt of iŶfoƌŵaioŶ 
fƌoŵ iŵages ǁith gƌeat ǀaƌiaioŶs iŶ piǆel Ŷuŵďeƌs is aŶ iŵpoƌtaŶt task ǁithiŶ suĐh a ǀaƌied dataset. 
Theƌe eǆist a ƌaŶge of augŵeŶtaioŶs to adjust iŵage ƋualitǇ ǁhiĐh Đould ďe useful. hoǁeǀeƌ if the 
aďsolute Ŷuŵďeƌ of piǆels dediĐated to displaǇiŶg the luŶgs iŶ these iŵages aƌe all siŵilaƌ, theŶ a 
ŵoƌe sophisiĐated appƌoaĐh ŵaǇ ďe ƌeƋuiƌed foƌ ĐƌoppiŶg out ĐeƌtaiŶ seĐioŶs of the ďaĐkgƌouŶd 
Đlass.  

The use of the JaĐĐaƌd fuŶĐioŶ iŶ plaĐe of iŶteƌseĐioŶ oǀeƌ uŶioŶ iŶ the hǇďƌid loss fuŶĐioŶ 
suggests that theƌe Đould ďe a ŵoƌe opiŵal loss fuŶĐioŶ. A ƋuiĐk seaƌĐh of the liteƌatuƌe ofeƌs 
soŵe siŵilaƌ IOU ďased alteƌŶaiǀes, siŵilaƌ to the iŵpƌoǀeŵeŶt of usiŶg foĐal loss oǀeƌ Đƌoss 
eŶtƌopǇ loss. Fuƌtheƌŵoƌe, the staŶdaloŶe loss fuŶĐioŶs iŶ the hǇďƌid loss pƌoduĐe ǀeƌǇ dissiŵilaƌ 
aĐĐuƌaĐies. This suggests that a ǁeighted hǇďƌid loss fuŶĐioŶ Đould pƌoduĐe eǀeŶ ďeteƌ 
segŵeŶtaioŶs. UsiŶg soŵe ǀalues ߙ, ,ߚ  saǇ ǁe Đould deiŶe ouƌ hǇďƌid loss as ďeloǁ, giǀiŶg ŵoƌe ߛ
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ǁeight to seeŵiŶglǇ ďeteƌ loss fuŶĐioŶs. This ǁould ƌeƋuiƌe a laƌge Ŷuŵďeƌ of ƌuŶs iŶ oƌdeƌ to iŶd 
the opiŵal ƌaios aŶd ďest ƌesults. ݈ℎ௬௕௥௜ௗ = ௜௢௨݈ߙ + ߚ ௙݈௢௖௔௟ +  ௠௦−௦௦௜௠݈ߛ

AddiioŶallǇ, theƌe ŵaǇ ďe fuƌtheƌ opiŵisaioŶs aĐhieǀaďle ďǇ ĐoŶiguƌiŶg the alpha aŶd gaŵŵa 
paƌaŵeteƌs of the foĐal loss fuŶĐioŶ. Hoǁeǀeƌ it ŵaǇ ďe ƌeƋuiƌed to eŵphasise ĐeƌtaiŶ Đlasses foƌ 
pƌaĐiĐal ƌeasoŶs, iŶĐludiŶg hoǁ ĐƌiiĐal to paieŶt Đaƌe ŵisĐlassifǇiŶg a ĐeƌtaiŶ featuƌe Đould ďe.  

The Đlass guided ŵodule shoǁed aŶ iŵpƌoǀeŵeŶt foƌ soŵe Đlasses, aŶd ŵaǇ sill ďe useful at a 
fuƌtheƌ poiŶt iŶ the pƌojeĐt. IŶ geŶeƌal, the ŵodule aiŵ to solǀe the pƌoďleŵ of ŵoƌe aggƌessiǀe 
segŵeŶtaioŶ that iŶĐoƌƌeĐtlǇ Đlassiies the iŵages. Hoǁeǀeƌ, the ƌesults suggest that ŵost Đlasses 
aƌe eǆpeƌieŶĐiŶg the opposite uŶdeƌ segŵeŶtaioŶ pƌoďleŵ. If the ŵodel ǁas iŵpƌoǀed to suĐh aŶ 
eǆteŶt that it ǁas oǀeƌ segŵeŶiŶg iŵages, theŶ this Đould ďe a useful tool iŶ iŵpƌoǀiŶg ƌesults. IŶ 
the ŵeaŶiŵe, it ŵaǇ ďe possiďle to adjust the ŵodel aƌĐhiteĐtuƌe to oŶlǇ pƌoǀide the ĐlassiiĐaioŶ 
ŵodule foƌ the Đlasses ǁheƌe ƌesults aƌe shoǁŶ to haǀe ďeeŶ iŵpƌoǀed ďǇ ƌeduĐiŶg the false posiiǀe 
ĐlassiiĐaioŶ ƌate.  

A ǁide ƌaŶge of addiioŶal data augŵeŶtaioŶs aƌe aǀailaďle aŶd suitaďle to use foƌ luŶg ultƌasouŶd, 
aŶd those used ǁithiŶ this pƌojeĐt Đould ďe eǆpaŶded aŶd iŵpƌoǀed upoŶ. Theƌe aƌe ǀaƌious aǀeŶues 
to eǆploƌe ǁithiŶ the tƌaŶsfoƌŵs used iŶ this pƌojeĐt, aŶd eǆpaŶdiŶg this to iŶĐlude otheƌ 
augŵeŶtaioŶ teĐhŶiƋues.  

 The ŵaǆiŵuŵ ƌotaioŶ ǀalues aŶd the pƌoďaďiliies of applǇiŶg ouƌ eǆisiŶg tƌaŶsfoƌŵs Đould ďe 
opiŵised. It seeŵs that a ŵaǆiŵuŵ ƌotaioŶ of ϯϱ degƌees is too high, aŶd is leadiŶg to ƌeduĐed 
segŵeŶtaioŶ ƌesults. BƌightŶess aŶd ĐoŶtƌast ĐhaŶges shoǁed Ŷo iŵpƌoǀeŵeŶt, hoǁeǀeƌ ƌeduĐiŶg 
the pƌoďaďilitǇ aŶd ŵagŶitude of these ĐhaŶges is sill ǁoƌth iŶǀesigaiŶg foƌ iŵpƌoǀeŵeŶts. 
IŶtƌoduĐiŶg GaussiaŶ Ŷoise iŶto the iŵage shoǁs the poteŶial to iŶĐƌease the ŵodel s͛ ƌoďustŶess, 
hoǁeǀeƌ the aŵouŶt of Ŷoise likelǇ Ŷeeds ƌeduĐiŶg. Theƌe aƌe also otheƌ ŵethods aǀailaďle to add 
Ŷoise iŶto aŶ iŵage, ǁhiĐh aƌe ǁoƌth eǆpeƌiŵeŶiŶg ǁith.   

Theƌe aƌe also ŵaŶǇ otheƌ augŵeŶtaioŶ teĐhŶiƋues ǁhiĐh eǆist iŶ the liteƌatuƌe foƌ luŶg iŵage 
stƌuĐtuƌes aŶd ultƌasouŶds ǁhiĐh should ďe ŵoƌe thoƌoughlǇ iŶǀesigated to eǆpaŶd the aǀailaďle 
data. A ƌaŶdoŵ ĐƌoppiŶg teĐhŶiƋue Đould alloǁ us to fuƌtheƌ eǆpaŶd ouƌ dataset foƌ eǆaŵple. 
Hoǁeǀeƌ this ǁould ŶeĐessitate that the eŶiƌe segŵeŶtaioŶ ŵask is pƌeseƌǀed iŶ the Ŷeǁ iŵage to 
alloǁ foƌ full sĐale iŶfoƌŵaioŶ, ǁhiĐh is ƌeƋuiƌed iŶ oƌdeƌ to pƌopeƌlǇ ĐlassifǇ paƌts of the iŵage. IŶ 
geŶeƌal ǁe ĐaŶ ĐoŶĐlude that foƌ ouƌ dataset ǁe ŵust ďe ǀeƌǇ Đaƌeful to pƌeseƌǀe all the ŶeĐessaƌǇ 
iŶfoƌŵaioŶ Ŷeeded to segŵeŶt the iŵage.  

As U-NET is oŶlǇ oŶe ŵodel ǁithiŶ a ďƌoad ield of iŵage segŵeŶtaioŶ, it is iŵpoƌtaŶt to ĐoŶsideƌ a 
ǁide ƌaŶge of possiďle Ŷeuƌal Ŷetǁoƌk stƌuĐtuƌes foƌ ouƌ ŵodel. U-NET itself has ŵaŶǇ difeƌeŶt 
ǀaƌiaŶts, aŶd a thoƌough eǆploƌaioŶ of the liteƌatuƌe ŵaǇ shoǁ otheƌ iŵpƌoǀeŵeŶts that ĐaŶ ďe 
iŶĐoƌpoƌated iŶto the ŵodel. Fuƌtheƌ eŶhaŶĐeŵeŶts to the U-NET aƌĐhiteĐtuƌe Đould Đoŵe fƌoŵ 
iŵpƌoǀed skip ĐoŶŶeĐioŶs aŶd a fasteƌ pƌoĐessiŶg iŵe. The dataset should also ďe eǆaŵiŶed ǁith 
ƌespeĐt to ŵodels otheƌ thaŶ U-NET iŶ oƌdeƌ to fullǇ uŶdeƌstaŶd the adǀaŶtages aŶd disadǀaŶtages 
of usiŶg difeƌeŶt aƌĐhiteĐtuƌes ďǇ ĐoŵpaƌiŶg ƌesults, aŶd U-NET should Ŷot ďe assuŵed to ďe the 
ŵodel tǇpe ďest suited to luŶg ultƌasouŶd segŵeŶtaioŶ ǁithout a full eǆploƌaioŶ of difeƌeŶt 
aƌĐhiteĐtuƌes oŶ the dataset.  

WheŶ it Đoŵes to assessiŶg the ŵodel s͛ peƌfoƌŵaŶĐe, iŶteƌseĐioŶ oǀeƌ uŶioŶ is a good ďut liŵited 
ŵetƌiĐ. UsiŶg otheƌ ŵethods of eǀaluaioŶ ĐaŶ eǆpose deiĐieŶĐies iŶ segŵeŶtaioŶ pƌediĐioŶs, aŶd 
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a ĐoŵďiŶaioŶ of fuŶĐioŶs suĐh as diĐe ĐoeiĐieŶt aŶd pƌeĐisioŶ ĐaŶ pƌoǀide a ŵoƌe ĐoŵpƌeheŶsiǀe 
oǀeƌǀieǁ of the eǀaluaioŶ, aŶd aŶǇ futuƌe ǁoƌk should iŶǀesigate this aloŶgside IOU. 

The pƌaĐiĐal puƌpose of this pƌojeĐt ŵust also ďe kept iŶ ŵiŶd. IŶ oƌdeƌ to fullǇ ŵeasuƌe the suĐĐess 
of the pƌojeĐt, it should ďe deploǇed aloŶgside a staŶdaƌd ultƌasouŶd pƌoďe iŶ oƌdeƌ to pƌopeƌlǇ 
assess the iŶfeƌeŶĐe iŵe of the ŵodel. If it is peƌfoƌŵiŶg ŵoƌe ƋuiĐklǇ thaŶ eǆpeĐted, it ŵaǇ ďe 
possiďle to ŵake the ŵodel ŵoƌe Đoŵpleǆ ďǇ iŶĐƌeasiŶg the iŵage size oƌ Ŷuŵďeƌ of ilteƌs. Likeǁise, 
if it is uŶdeƌpeƌfoƌŵiŶg theŶ the ŵodel ŵust ďe ŵade siŵpleƌ ďǇ ƌeduĐiŶg these featuƌes.  

OŶĐe aŶ appƌopƌiate ŵodel ǁith a suiĐieŶt iŶfeƌeŶĐe iŵe is deploǇed, theŶ the Ŷeǆt step is to 
eǆaŵiŶe its usefulŶess iŶ ŵediĐal pƌaĐiĐe. BǇ assessiŶg the tool iŶ ĐliŶiĐal diagŶosis aŶd tƌaiŶiŶg, this 
Đould pƌoǀide useful diƌeĐioŶs aďout hoǁ the ŵodel ŵaǇ ďe opiŵised foƌ pƌaĐiĐal use ďǇ ĐliŶiĐiaŶs 
of ǀaƌǇiŶg eǆpeƌieŶĐe. WithiŶ paieŶt Đaƌe, ǁe ŵaǇ deĐide to eŵphasise a Đlass ǁith ŵoƌe ĐƌiiĐal 
Đaƌe iŵpliĐaioŶs, ǁhile saĐƌiiĐiŶg otheƌs to iŵpƌoǀe paieŶt diagŶosis. SiŵilaƌlǇ, a tƌaiŶiŶg ŵodel 
ŵaǇ Đhoose to foĐus oŶ ŵoƌe ĐoŵŵoŶlǇ seeŶ Đlasses iŶ oƌdeƌ to guide the tƌaiŶee s͛ leaƌŶiŶg. This 
Đould ďe doŶe ďǇ ŵeƌgiŶg ĐeƌtaiŶ Đlasses iŶto the ďaĐkgƌouŶd if theǇ aƌe deeŵed Ŷot useful, oƌ ďǇ 
tƌaiŶiŶg ouƌ ŵodel to foĐus oŶ ĐeƌtaiŶ aƌeas ŵoƌe ǀia the use of foĐal loss paƌaŵeteƌs. Eǆpeƌt 
feedďaĐk aŶd pƌaĐiĐe should ďe sought foƌ these deĐisioŶs iŶ oƌdeƌ to eŶsuƌe that aŶǇ ĐhaŶges haǀe 
a posiiǀe oǀeƌall efeĐt.  

OŶĐe a good tool is aǀailaďle aŶd appƌoǀed ďǇ ŵediĐal pƌofessioŶals, it ŵust theŶ ďe ŵoƌe 
thoƌoughlǇ tested iŶ paieŶt Đaƌe. Foƌ eǆaŵple, ǁe should seek to aŶsǁeƌ ǁhetheƌ the tool ĐaŶ 
suĐĐessfullǇ segŵeŶt ĐeƌtaiŶ Đlasses iŶ pƌaĐiĐal ĐliŶiĐal seiŶgs. We should also ask ǁhetheƌ the tool 
segŵeŶts all paieŶts to a siŵilaƌ leǀel, oƌ ǁhetheƌ it falls shoƌt foƌ ĐeƌtaiŶ geŶdeƌ, ethŶiĐ oƌ age 
deŵogƌaphiĐs to Ŷaŵe a feǁ. If the ŵodel is Ŷot ĐoŶiƌŵed to peƌfoƌŵ ǁell aĐƌoss all soĐietal gƌoups, 
theŶ ĐeƌtaiŶ paieŶts ǁill ƌeĐeiǀe a difeƌeŶt leǀel of Đaƌe ǁheŶ usiŶg the tool. CliŶiĐal tesiŶg ǁill also 
ďe helpful foƌ pƌoǀidiŶg feedďaĐk as to ǁhetheƌ the ŵodel fails to segŵeŶt aŶǇ ĐoŵŵoŶ sĐeŶaƌios, 
aŶd Đould pƌoǀide iŶsights of poteŶiallǇ ĐoŵŵoŶ ŵisĐlassiiĐaioŶs oƌ gaps iŶ the dataset. The 
oǀeƌall ƌoďustŶess of the ŵodel to Ŷeǁ aŶd uŶseeŶ data Đould ďe ǀeƌǇ ĐoŶideŶtlǇ eǀaluated ďǇ high 
ƋualitǇ ĐliŶiĐal feedďaĐk.  

ReseaƌĐh CoŶtƌiďuioŶ 

This pƌojeĐt has shoǁŶ that it is possiďle to Đƌeate a good deep leaƌŶiŶg ŵodel iŶ oƌdeƌ to segŵeŶt 
luŶg ultƌasouŶd iŵages usiŶg U-NET. We shoǁ a high IOU ƌesult foƌ eaĐh Đlass siŵultaŶeouslǇ, ǁith 
the poteŶial to segŵeŶt iŶ Ŷeaƌ ƌeal iŵe.  

AddiioŶallǇ this pƌojeĐt has ďuilt upoŶ the ƌesults pƌoposed foƌ U-NET ϯ+, shoǁiŶg the a Đlass guided 
ŵodule has liŵitaioŶs, aŶd ŵust ďe applied sŵaƌtlǇ to a suitaďle segŵeŶtaioŶ pƌoďleŵ. 

This pƌojeĐt has also pƌoǀided a iƌst eǆploƌaioŶ of the laďelled poƌioŶ of the luŶg ultƌasouŶd 
dataset. Due to the sheeƌ Ŷuŵďeƌ of iŵage saŵples, this is a uŶiƋue ĐolleĐioŶ of iŵages aŶd 
eǀaluaiŶg the dataset ĐƌiiĐallǇ is iŵpoƌtaŶt iŶ oƌdeƌ to eǆtƌaĐt ŵaǆiŵuŵ ǀalue fƌoŵ it. Oǀeƌ the 
Đouƌse of the pƌojeĐt, I haǀe sought to ĐƌiiĐallǇ eǆaŵiŶe the data iŶ oƌdeƌ to ideŶifǇ ďoth its 
stƌeŶgths aŶd ǁeakŶesses. AŶǇ futuƌe useƌs of this dataset should ďe aďle to eǆaŵiŶe this ǁoƌk iŶ 
oƌdeƌ to ďuild upoŶ ŵǇ pƌogƌess, aŶd gaiŶ a ďeteƌ iŶsight iŶto hoǁ to use the data iŶ oƌdeƌ to tƌaiŶ 
ŵaĐhiŶe leaƌŶiŶg ŵodels.  

As theƌe aƌe Ŷo puďliĐlǇ aǀailaďle datasets of luŶg ultƌasouŶd iŵages, theƌe is aŶ aďseŶĐe of data 
dƌiǀeŶ appƌoaĐhes foƌ segŵeŶiŶg these iŵages iŶ the liteƌatuƌe. This ǁoƌk has shoǁŶ that suĐh aŶ 
appƌoaĐh is possiďle, aŶd fuƌtheƌŵoƌe ĐaŶ segŵeŶt suĐh aŶ iŵage iŶ Đlose to ƌeal iŵe. The 
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deǀelopŵeŶt of ŵaĐhiŶe leaƌŶiŶg appƌoaĐhes foƌ segŵeŶiŶg a luŶg ultƌasouŶd is theƌefoƌe a Ŷoǀel 
step foƌǁaƌds iŶ the liteƌatuƌe, aŶd ŵǇ pƌojeĐt suggests that theƌe is eǀeŶ fuƌtheƌ pƌogƌess to ďe 
ŵade iŶ pƌoduĐiŶg aŶ opiŵal segŵeŶtaioŶ. IŶ addiioŶ, this appƌoaĐh has foĐused oŶ segŵeŶiŶg 
ŵuliple difeƌeŶt iŵage featuƌes, ǁheƌe pƌioƌ ǁoƌk has foĐused oŶ a ŵiŶiŵal Ŷuŵďeƌ of disiŶĐt 
featuƌes. CeƌtaiŶlǇ the IŶtelligeŶt UltƌasouŶd dataset is ǁoƌth eǆploƌiŶg fuƌtheƌ iŶ oƌdeƌ to deǀelop 
aŶ uŶsupeƌǀised oƌ seŵi supeƌǀised appƌoaĐh. This uŶdeƌsĐoƌes the tƌaŶsfoƌŵaiǀe Ŷatuƌe of 
aƌiiĐial iŶtelligeŶĐe tools aŶd the poteŶial of this pƌojeĐt to diƌeĐtlǇ tƌaŶsfoƌŵ paieŶt Đaƌe, ďǇ 
iŶĐƌeasiŶg the efeĐiǀeŶess aŶd aĐĐuƌaĐǇ of diagŶosis ǀia luŶg ultƌasouŶds.  
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