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RESUMO

O exame anatomopatoldgico da placenta é crucial para elucidar desfechos perinatais
adversos, mas sua solicitacdo sistematica € inviavel devido aos altos custos e demanda
operacional. A triagem inicial, baseada na avaliagdo macroscépica no momento do
parto, é fundamental, mas sofre com a subjetividade e a ndo-padronizagédo. Diante
dessa limitacao, este trabalho prop6s e validou um pipeline computacional de Deep
Learning (DL) para a analise automatizada de imagens macroscépicas de placentas, vi-
sando fornecer um sistema de suporte a deciséo para a triagem clinica. A metodologia
incluiu o desenvolvimento e documentacao de um Protocolo de Captura de Imagens
(PCI) padronizado para a sala de parto, o que permitiu a construgdo de um dataset
proprietario, abrangente e anotado por especialistas em nove classes morfoldgicas. Fo-
ram exploradas e comparadas quatorze arquiteturas de DL, focadas em segmentacao
semantica e segmentacao por instancia, para estabelecer um benchmark de desempe-
nho. Os resultados mostraram que a arquitetura U-Net com backbone ResNet34 obteve
o melhor desempenho global em segmentacdo semantica, com Dice Coefficient de
80,71% e Intersection over Union (loU) de 70,01%. A U-Net com EfficientNet-B7 alcan-
cou a maior acuracia global (91,33%) e o0 menor tempo de execucao entre as redes
U-Net avaliadas. No que concerne a segmentacgao por instancia, o modelo YOLOv11
obteve um mAP50 de 69,5% e mAP50-95 de 52,8%. Conclui-se que os modelos de-
monstram viabilidade técnica e bom desempenho quantitativo, avangando em direcéo a
robustez necessaria para apoiar a triagem automatizada, embora a generalizacao e ro-
bustez plena dependam da expansao e diversificacdo do conjunto de dados. O estudo
estabelece uma base sélida para o desenvolvimento futuro de ferramentas assistivas
que podem otimizar a alocac¢ao de recursos hospitalares e contribuir diretamente para
a saude materno-fetal

Palavras-chave: Placenta. Patologia. Rede Neural Convolucional. Segmentagéao de
Imagem. Exame pds-parto. Visdo Computacional.



ABSTRACT

Histopathological examination of the placenta is crucial for clarifying adverse perinatal
outcomes, but its systematic request is unfeasible due to high costs and operational
demands. Initial screening, based on macroscopic evaluation at the time of delivery, is
fundamental but suffers from subjectivity and non-standardization. Given this limitation,
this work proposed and validated a Deep Learning (DL) computational pipeline for the
automated analysis of macroscopic placental images, aiming to provide a clinical triage
decision support system. The methodology included the development and documen-
tation of a standardized Protocol for Image Capture (PCIl) in the delivery room, which
allowed for the construction of a proprietary, comprehensive dataset annotated by spe-
cialists into nine morphological classes. Fourteen DL architectures were explored and
compared, focusing on semantic segmentation and instance segmentation, to establish
a performance benchmark. The results showed that the U-Net architecture with the
ResNet34 backbone achieved the best overall performance in semantic segmentation,
with a Dice Coefficient of 80.71% and an Intersection over Union (loU) of 70.01%.
The U-Net with EfficientNet-B7 achieved the highest global accuracy (91.33%) and the
shortest execution time among the evaluated U-Net networks. Regarding instance seg-
mentation, the YOLOv11 model achieved an mAP50 of 69.5% and mAP50-95 of 52,8%.
It is concluded that the models demonstrate technical feasibility and good quantitative
performance, advancing toward the necessary robustness to support automated triage,
although full generalization and robustness depend on the expansion and diversifica-
tion of the dataset. The study establishes a solid foundation for the future development
of assistive tools that can optimize the allocation of hospital resources and directly
contribute to maternal and fetal health.

Keywords: Placenta. Pathology. Deep Learning. Image Segmentation. Postpartum
Screening. Computer Vision.
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1 INTRODUGAO

A placenta € um 6rgao transitorio fundamental para a troca de nutrientes, oxi-
génio e metabdlitos entre mae e feto, além de atuar na produgdo hormonal e no
desenvolvimento da barreira imunoldgica fetal (ROBERTS, 2008). Alteracdes na mor-
fologia placentéria podem estar associadas a complicages gestacionais e desfechos
perinatais adversos, sendo responsaveis por até 65% das causas de oObito fetal (PTA-
CEK et al., 2014). A andlise da placenta, portanto, € um procedimento essencial para
a investigacao de eventos patolégicos ocorridos durante a gestacao (KHONG et al.,
2016).

A avaliagdo macroscoépica da placenta permite a identificacdo de alteragdes
estruturais do disco placentario e do cordao umbilical, bem como anomalias na co-
loragéo e integridade das membranas amnidticas. Em muitos casos, essa analise é
determinante para a solicitacdo do exame anatomopatoldgico, realizado por patolo-
gistas mediante indicacao do obstetra assistente (SILVA, T. et al., 2016). No entanto,
a solicitacao sistematica do exame para todas as placentas é inviavel devido a seu
alto custo e demanda operacional. Assim, a decisdo de envio para analise laboratorial
e feita com base em critérios clinicos e caracteristicas morfoldgicas observadas no
momento do parto. No entanto, a subjetividade na avaliacdo macroscopica e a varia-
cao entre protocolos hospitalares podem impactar a deteccao precoce de patologias
placentarias (SILVA, T. et al., 2016).

O avancgo da Inteligéncia Artificial (IA) na area médica tem impulsionado o de-
senvolvimento de ferramentas computacionais para a analise de imagens médicas,
incluindo exames pré-natais como ultrassonografia e ressonancia magnética, e a avali-
acao tecidual por cortes histolégicos. No entanto, no contexto da analise macroscépica
pbs-parto, observa-se uma lacuna na literatura quanto ao desenvolvimento de métodos
automatizados para a identificacdo de padrées morfologicos em registros fotograficos
de placentas.

Neste cenario de restricdo, emerge a necessidade de ferramentas de triagem
eficientes, rapidas e de baixo custo que possam auxiliar na selegcdo dos espécimes
que, de fato, necessitam de investigacdo aprofundada. A IA, e em particular o Deep Le-
arning (DL), tem se consolidado como uma metodologia promissora para a automacao
de processos de analise de imagens médicas (LE CUN; BENGIO; HINTON, 2015). A
aplicacdo dessas técnicas a Visdo Computacional (VC) na analise de imagens macros-
coOpicas da placenta pds-parto representa uma oportunidade tecnoldgica para criar um
sistema de suporte a decisao clinica no ponto de atendimento.
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1.1 MOTIVACAO E JUSTIFICATIVA

Embora o potencial da VC em auxiliar a Placentologia seja reconhecido, sua
aplicacao pratica na analise macroscopica pds-parto ainda enfrenta desafios criticos.
A Revisao Sistematica da Literatura (RSL) (LOPES; SILVA, B. Q. T.; WANGENHEIM,
A. von, 2025b), anexada integralmente no Apéndice A revelou uma notavel lacuna
de pesquisa no estado da arte: a maior parte dos estudos concentra-se em imagens
pré-natais (ultrassom) ou em fotografias de alta qualidade obtidas em ambientes con-
trolados (laboratério de patologia).

O principal obstaculo reside na auséncia de robustez e adaptabilidade em me-
todologias existentes, que falham ao processar a variabilidade e a ndo-padronizacao
inerente a imagens capturadas em condicdes clinicas adversas (e.g., iluminacao incon-
sistente, artefatos e enquadramento ndo padronizado na sala de parto). A variabilidade
inerente a aquisicao de imagens no ambiente clinico — incluindo a iluminag¢éo inconsis-
tente e a falta de enquadramento padronizado — compromete a qualidade dos dados e
torna o processo de anotacéo por especialistas complexo e demorado.

Com o objetivo de mitigar esse déficit, desenvolvemos um Protocolo de Captura
de Imagem (PCI) padronizado para a placenta ainda na sala de parto (LOPES; SILVA,
B. Q. T.; WANGENHEIM, A. von, 2025a), contemplando parametros como contraste
de fundo, distancia da caAmera, iluminacdo e enquadramento. A partir desse protocolo,
foi constituido um Banco de Dados (BD) préprio com imagens reais anotadas por
patologistas, representando diferentes padroes morfoldgicos. A Figura 1 ilustra o fluxo
de trabalho completo e a integragao do pipeline proposto para a triagem placentaria
automatizada no ambiente clinico.

Diante disso, a motivagao central deste trabalho é demonstrar a viabilidade
técnica da triagem placentaria automatizada no ambiente clinico real. A justificativa
deste trabalho reside na urgéncia de transpor a barreira metodologica entre 0s avangos
da Ciéncia da Computacéo e a aplicagao clinica, fornecendo uma ferramenta que
otimiza a alocacdo de recursos hospitalares e contribui diretamente para a saude
materno-fetal mediante a triagem objetiva.

1.2 HIPOTESE

A avaliacao macroscopica da placenta € um procedimento clinico fundamental,
porém, a subjetividade inerente a analise manual e a auséncia de protocolos padroni-
zados resultam em inconsisténcia na triagem e em subaproveitamento dos recursos de
anatomopatologia. Embora o potencial da VC tenha sido demonstrado, as abordagens
existentes, frequentemente testadas em condicées controladas, atingem um limite de
generalizagao e robustez frente a variabilidade das imagens clinicas reais.

Neste contexto de restricao e desafio, a pergunta de pesquisa central que este
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Figura 1 — Fluxo de trabalho proposto para a triagem placentaria automatizada.

FLUXO DE TRABALHO DE TRIAGEM PLACENTARIA
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e potencial suporte clinico. metadados clinicos associados.

Fonte: Elaboradado pela autora (2025).

trabalho se propde a responder é: E possivel desenvolver e validar um modelo com-
putacional de DL, baseado em técnicas de segmentacao, que ofereca um benchmark
de precisdo e uma robustez suficiente para suportar a decisdo clinica na triagem
automatizada de alteracdes macroscépicas placentarias em ambientes clinicos reais?

1.3 OBJETIVOS

1.3.1 Objetivo Geral

Desenvolver um pipeline computacional de DL para a analise automatizada
de imagens macroscépicas de placentas, explorando e comparando abordagens de
segmentacdao semantica e segmentacao de instancia, com o intuito de estabelecer
um benchmark de desempenho e avaliar a viabilidade operacional da solugdo em um
contexto clinico real.

1.3.2 Objetivos Especificos

De maneira especifica, este trabalho busca:
» Consolidar o estado da arte através da RSL para fundamentar a lacuna de
pesquisa e a proposta metodolégica.
» Desenvolver e documentar um PCI placentarias padronizado, garantindo a

obtencao de dados de alta qualidade e otimizando o processo de anotacéo
clinica.
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» Constituir e anotar um BD abrangente de imagens macroscépicas de pla-
centas, coletadas sob diferentes condi¢des (imagens nédo padronizadas e
imagens obtidas conforme o protocolo), incluindo a anotacdo multiclasse por
especialistas.

» Implementar e experimentar multiplas arquiteturas de DL.

« Avaliar o desempenho dos modelos computacionais obtidos e estabelecer
um benchmark para a analise morfolégica placentaria, demonstrando a via-
bilidade técnica da solucéo.

* Recomendar as arquiteturas mais promissoras e propor as diretrizes formais
para a validacao clinica (Trabalhos Futuros).

1.4 METODOLOGIA

Conforme a taxonomia estabelecida por Antonio C. Gil (GIL, 2002), o presente
trabalho é classificado quanto a sua natureza, objetivos e abordagem. A Figura 2
mostra os tipos de pesquisas que serao utilizados neste trabalho.

Figura 2 — Metodologia adotada.

Natureza

Aplicada

Explcratorla
CLASSIFICACAO DA PESQUISA
o +

Fonte: Elaboradado pela autora (2025).

Quanto a natureza (finalidade):

A pesquisa é classificada como Aplicada. Seu objetivo é gerar conhecimento
que sera aplicado diretamente na solucdo de um problema concreto e de interesse
pratico: o desenvolvimento de um pipeline computacional que sirva de apoio a deciséo
clinica na triagem placentaria, otimizando recursos hospitalares.

Quanto aos objetivos (meios):
O estudo combina duas classificacbes distintas:
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» Pesquisa Exploratéria: Na fase inicial de RSL e no desenvolvimento do PCI,
o estudo é Exploratério. Esta abordagem foi necessaria devido a lacuna de
conhecimento identificada na literatura sobre a aplicagédo de DL em imagens
macroscoépicas placentarias obtidas em ambientes clinicos reais, visando
familiarizar-se com o problema e levantar hipoteses de trabalho.

» Pesquisa Explicativa (ou Experimental): Na fase de experimentagdo com
DL, o trabalho assume um carater Explicativo. O objetivo é identificar os fato-
res que influenciam o desempenho dos modelos. Por meio do controle e da
manipulacao das variaveis (as diferentes arquiteturas de Redes Neurais Con-
volucionais (CNN)), busca-se determinar e explicar qual modelo estabelece
0 benchmark de desempenho mais elevado para a triagem.

Quanto a abordagem:

A pesquisa adota uma perspectiva predominantemente Quantitativa. A valida-
cao da hipotese central da pesquisa é baseada na coleta e andlise de dados numéricos
(métricas como Dice Score, loU, mAP e etc), utilizando o tratamento estatistico para
comparar o desempenho das arquiteturas e estabelecer o benchmark de forma obje-
tiva.

Pipeline de Execucao:
A pesquisa € executada por meio de um pipeline estruturado em trés fases
principais, conforme ilustrado na Figura 3.

Figura 3 — Fases da Pesquisa.

/—-@-O—[ Revisao Sistematica da Literatura ] —O—[ Protocolo de Fotografia ]

FASES DA PESQUISA Aquisi¢do das Imagens Preparagio de Dados

k —O—| Experimentagdo |—=(—| Avaliagio

Fonte: Elaboradado pela autora (2025).

» Fase |l - Revisao e Protocolo: Envolveu a RSL e o desenvolvimento do PCI.

 Fase Il - Aquisicao e Preparacao de Dados: Incluiu a coleta do BD abran-
gente e a anotagao das classes morfolégicas.

» Fase lll - Experimentacao e Avaliacao: Consistiu na implementagéao e
comparacao de multiplas arquiteturas de DL para estabelecer o benchmark.
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1.5 ESTRUTURA DA DISSERTACAO

O presente trabalho esta organizado em uma sequéncia légica de seis capitu-
los, além dos elementos po6s-textuais (Referéncias e Apéndices), conforme descrito a

sequir:

Capitulo 1 (Introducao): Apresenta o contexto da pesquisa, a motivacao
e justificativa do trabalho, a hipétese central, os objetivos, a abordagem
metodoldgica adotada e, por fim, a estrutura da Dissertacao.

Capitulo 2 (Fundamentacao Teoérica): Discute os conceitos tedricos essen-
ciais que sustentam a pesquisa.

Capitulo 3 (Trabalhos Correlatos): Apresenta a RSL de forma concisa.

Capitulo 4 (Desenvolvimento): Detalha o pipeline metodol6gico da pes-
quisa.

Capitulo 5 (Resultados): Apresenta os resultados da experimentagdo com
as multiplas arquiteturas de DL.

Capitulo 6 (Consideracoes Finais): Sumariza as principais conclusées
do trabalho, valida a hipétese central com base nos resultados, discute as
limitagbes da pesquisa e propde as diretrizes para trabalhos futuros.
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2 FUNDAMENTAGCAO TEORICA

O presente capitulo visa delinear os fundamentos tedricos e conceitos essenci-
ais que dao suporte a pesquisa, estabelecendo o referencial necessario para a com-
preensao integral da metodologia e da analise de resultados.

2.1 PLACENTA

A placenta é um 6rgao complexo e transitorio, essencial para a manutencao da
gestacao e para a saude materno-fetal, atuando como interface vital para a troca ga-
sosa, nutrientes, hormonios e residuos entre a circulagdo materna e fetal. Sua analise
pds-parto é crucial, pois alteracbes morfolégicas ou patoldgicas estao frequentemente
associadas a desfechos adversos da gravidez, como restricdo de crescimento fetal,
pré-eclampsia e ébito fetal (ROBERTS, 2008; PTACEK et al., 2014).

Para uma triagem macroscoépica eficaz, é fundamental compreender suas prin-
cipais estruturas visiveis. Tipicamente, a placenta é um érgao discéide composto por
trés componentes principais:

» Disco Placentario: Constitui a massa principal do érgao, comumente me-
dindo entre 15 a 20 cm de didmetro. Apresenta duas faces distintas:

— Face Fetal (Corial): Caracteriza-se por ser lisa e brilhante, coberta
pela membrana amniética. E por esta face que os vasos coriais
(artérias e veias) se irradiam do corddo umbilical até a periferia,
formando a "arvore"vascular.

— Face Materna (Basal): Possui uma aparéncia lobulada e irregular,
sendo dividida em cotilédones. Esta € a face que estava em contato
direto com o Utero e é inspecionada quanto a sua integridade e a
presenca de lesoes.

« Cordao Umbilical: Representa a conexao vital entre o feto e a placenta, fun-
damental para o transporte sanguineo. A avaliagao da sua insergéao no disco
(central, marginal ou velamentosa) é um critério fundamental de triagem.
A insercéao velamentosa, por exemplo, € um achado que frequentemente
exige exame anatomopatolégico aprofundado devido aos riscos associados
(KHONG et al., 2016).

* Membranas: O amnio e o corion sdo as membranas que circundam o feto.
Devem ser cuidadosamente inspecionadas quanto a sua integridade e ao
ponto de ruptura, que podem fornecer informacdes sobre o parto e possiveis
infeccoes.
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Figura 4 — Andlise macroscopica da placenta através de representagdes esquemati-
cas (A) e imagens reais (B). Lado fetal brilhante com vasos sanguineos
dispostos em padrao arboriforme e corddo umbilical conectado ao centro do
disco. Lado materno intacto e discoide, com textura esponjosa cor de vinho
coberta por tecido uterino (decidua) e contendo alguns coagulos.

FETAL SIDE MATERNAL SIDE

Fonte: Elaborado pelos autores (SILVA, B. Q. T. et al., 2025).

2.1.1 Analise Macroscopica e Alteracoes Placentarias

A avaliagdo macroscoépica da placenta é o exame visual do 6rgao realizado a
olho nu imediatamente apds o parto. Este procedimento permite a identificacdo de alte-
racOes estruturais no disco placentario e no corddao umbilical, bem como anomalias na
coloragéo e na integridade das membranas amnioticas. Tais observagdes sédo cruciais
para a investigacdo de eventos patolégicos ocorridos durante a gestacéo e sao fre-
quentemente determinantes para a decisao de solicitar um exame anatomopatolégico
aprofundado (KHONG et al., 2016; SILVA, T. et al., 2016).

No entanto, apesar de sua importancia, a andlise macroscépica tradicional en-
frenta desafios significativos que impactam sua eficacia e consisténcia. A subjetividade
inerente a avaliacdo manual realizada por diferentes profissionais de saude e a varia-
¢ao na adoc¢ao de protocolos hospitalares podem levar a inconsisténcias na triagem e a
subdeteccao de patologias placentarias. Conforme destacado no Capitulo 1, essa falta
de padronizacdo compromete a deteccao precoce e, consequentemente, a tomada
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de decisdes clinicas adequadas (SILVA, T. et al., 2016). E neste cenario de limitagdo
que a necessidade de ferramentas de triagem eficientes, rapidas e de baixo custo
se torna evidente, pavimentando o caminho para o desenvolvimento de metodologias
automatizadas.

2.1.2 Exame Anatomopatolégico

O exame anatomopatoldgico da placenta representa o padrdo ouro para o diag-
néstico definitivo de patologias placentarias, sendo realizado por patologistas através
da analise microscopica dos tecidos. Este exame detalhado € indispenséavel para eluci-
dar a causa de complica¢des obstétricas e neonatais, como restricdo de crescimento
fetal, pré-eclampsia e 6bito fetal, além de fornecer informagdes cruciais para o aconse-
Ihamento genético e o manejo de futuras gestacdes (KHONG et al., 2016; ROBERTS,
2008).

Contudo, a solicitacao sistematica deste exame para todas as placentas é invia-
vel na pratica clinica, principalmente devido ao seu alto custo e a significativa demanda
operacional que impde aos laboratorios de patologia. Assim, a decisao de encaminhar
uma placenta para analise laboratorial é frequentemente baseada em critérios clini-
cos e nas caracteristicas morfoldégicas observadas na avaliagcado macroscopica inicial
(SILVA, T. et al., 2016).

2.2 INTELIGENCIA ARTIFICIAL (IA)

A 1A pode ser definida como o esfor¢go continuo de conferir conhecimento hu-
mano a sistemas computacionais. O propésito central da IA é capacitar maquinas a
pensar, aprender e agir de maneira autbnoma, simulando a inteligéncia natural para
executar tarefas complexas e resolver problemas. A vasta maioria dos sistemas de IA
concentra-se em emular a cognicdo humana para abordar desafios de alta complexi-
dade (JAKHAR; KAUR, 2020).

Atualmente, dentre as diversas abordagens para desenvolver essa capacidade
de resolucédo inteligente de problemas em computadores, o Machine Learning (ML) e o
DL representam as técnicas mais proeminentes. A Figura 5 ilustra claramente a hierar-
quia e a relacao entre esses campos, apresentando a IA como o dominio mais amplo,
que engloba o ML, e este, por sua vez, engloba o DL como uma subdrea especializada.
Sua aplicagao é transversal, abrangendo virtualmente todos os campos da ciéncia. No
contexto da medicina, em particular, as metodologias de |IA sao intensamente utiliza-
das, desempenhando um papel crucial tanto na automagéo de processos quanto no
auxilio ao diagndéstico em exames de imagens médicas.
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Figura 5 — Hierarquia e Relagao entre os Principais Campos da IA.

@

Machine Learning

Deep Learning

@

Generative Al

Fonte: Elaboradado pela autora (2025).

2.2.1 Machine Learning (ML)

O ML é um campo da ciéncia da computagéo focado no desenvolvimento de mo-
delos preditivos. Para tal, o ML emprega algoritmos e utiliza analises estatisticas e com-
putacionais para extrair padroes de dados e solucionar problemas praticos (JAKHAR,;
KAUR, 2020).

Em sua esséncia, o ML representa o desenvolvimento de algoritmos capazes
de aprender diretamente a partir dos dados, sem a necessidade de seguir regras de
programacao estritamente definidas e fixas (SAMUEL, 2000).

Esta técnica é amplamente utilizada, notavelmente em tarefas de classificagao,
onde o sistema aprende a categorizar novas informagdes com base em exemplos
anteriores.

Figura 6 — Fluxo base ML aplicado a classificagdo de imagem.

APRENDIZADO DE MAQUINA (MACHINE LEARNING)

-\ = SEeEe — | m—

Entrada Extragéo de Caracteristicas Classificagao Saida

Fonte: Elaborado pela autora (2025).
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2.2.2 Deep Learning (DL)

O DL é uma subarea do ML que se destaca pelo uso de Redes Neurais Artificiais
(RNA). Essas redes sdo concebidas para imitar a estrutura e o funcionamento do
cérebro humano, sendo formadas por multiplas camadas interconectadas.

No DL, a rede recebe informacdes e, com base no conhecimento que adquire
através de vastos conjuntos de exemplos, € capaz de gerar uma saida (JAKHAR,;
KAUR, 2020; ZHANG, W. J. et al., 2018). Dentro dessa estrutura:

» Cada neurdnio artificial resolve uma pequena parte do problema.

» O conhecimento é transmitido entre os neurdnios interconectados, permi-
tindo que a rede, em seu conjunto, resolva o problema inicial e forneca uma
resposta de saida.

Diferenciais do Deep Learning:

Os algoritmos de DL apresentam uma distin¢do crucial em relacédo aos algorit-
mos tradicionais de ML.:

» Aprendizado de Caracteristicas (Feature Learning): O DL possui a capaci-
dade intrinseca de aprender e extrair caracteristicas relevantes diretamente
dos dados brutos (aprendizado de maneira intuitiva), mesmo que esses da-
dos nao sejam estruturados.

* Independéncia de Pré-definicao: O DL nao requer que as caracteristicas
do conjunto de dados sejam previamente inseridas ou definidas por huma-
nos. A rede é capaz de descobrir hierarquicamente as representacées mais
importantes para a tarefa, como ilustrado em uma classificacdo de imagem .

Atualmente, o DL € o campo de maior proeminéncia na area de VC e é a técnica
dominante na analise de imagens médicas.

Figura 7 — Fluxo base DL aplicado a classificacdo de imagem.
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Fonte: Elaboradado pela autora (2025).
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2.2.3 Redes Neurais Artificiais (RNA)

As RNA consistem em um modelo computacional cuja inspiracao reside na
estrutura e no funcionamento biolégico do cérebro humano.

Figura 8 — Representacao do neurdnio bioldgico.
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Fonte: Elaboradado pela autora (2025).

A RNA é composta por um conjunto de unidades de processamento interconec-
tadas, frequentemente denominadas neurénios ou nés, que se organizam em camadas
sequenciais:

+ Camada de Entrada (Input Layer): Responsavel por receber os dados
brutos de entrada do problema.

« Camada(s) Oculta(s) (Hidden Layer(s)): Onde ocorre o processamento
central, focado na extracéo e codificagdo de padrdes nos dados.

« Camada de Saida (Output Layer): Produz o resultado final da tarefa, como
uma predicao de classe ou valor.

A transmissao de informacao entre neurdnios adjacentes € modulada por um
peso associado a cada conexao e um bias, permitindo o ajuste fino do sinal de saida.
O processo de treinamento da rede é a otimizagao iterativa desses pesos e biases,
visando adequar o modelo ao conjunto de entradas e saidas observadas.

Limitacao em Processamento de Imagens:

Um desafio inerente as arquiteturas de RNA convencionais reside na sua es-
trutura frequentemente totalmente conectada (fully connected), onde cada né se liga
a todos os nés da camada subsequente. Ao processar dados visuais, isso obriga a
transformar a matriz 2D de pixels em um vetor unidimensional.

Essa vetorizagdo acarreta duas grandes desvantagens (LECUN et al., 1998):
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Figura 9 — Representacdo RNA.
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Fonte: Elaboradado pela autora (2025).

» Perda de Informacao Espacial: A relacdo crucial entre pixels vizinhos é
desconsiderada, pois eles sdo tratados da mesma forma que pixels distantes.

» Explosao de Parametros: O nimero de pesos na rede aumenta drastica-
mente, elevando o custo computacional e dificultando o treinamento.

Para superar essas deficiéncias no tratamento de dados com estrutura espacial,
foram desenvolvidas as CNN.

2.2.4 Redes Neurais Convolucionais (CNN)

As CNN representam uma classe de redes neurais otimizadas e especializadas
no processamento de dados que possuem uma estrutura espacial, sendo o exem-
plo mais notavel as imagens. Sua criacao teve como objetivo primordial mitigar as
limitacbes das RNA tradicionais ao preservar as relagbes espaciais entre os pixels e,
simultaneamente, reduzir o volume de parametros do modelo (LECUN et al., 1998).
As RNA convencionais, com suas camadas totalmente conectadas, tendem a perder a
informacao contextual e espacial inerente as imagens, transformando-as em vetores
unidimensionais. Além disso, essa abordagem resulta em uma "explosao de parame-
tros", tornando o treinamento computacionalmente proibitivo para imagens de alta
resolugéo.

A inspiragao bioldgica para a arquitetura das CNN remonta aos estudos de Hu-
bel e Wiesel em 1962, que demonstraram como neurdnios no cértex visual de seres
vivos respondem a estimulos visuais especificos, como bordas e linhas em determina-
das orientac¢des. Essa descoberta impulsionou a ideia de que o reconhecimento visual
hierarquico poderia ser emulado computacionalmente. As CNN mimetizam essa orga-
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nizacao do cortex visual, com neurdnios artificiais que respondem a padrdes locais da
imagem e constroem representagdes progressivamente mais complexas.

Uma CNN para classificagdo ou reconhecimento de imagem recebe uma en-
trada que é tipicamente uma matriz tridimensional (altura, largura e profundidade,
sendo esta ultima determinada pela quantidade de canais de cores, como RGB) (LE-
CUN et al., 1998). Ao longo de sua arquitetura, a rede utiliza filtros (também chamados
de kernels ou detectores de caracteristicas) que realizam operagdes de convolugao.
Estes filtros percorrem localmente pequenas regides da imagem de entrada, identifi-
cando padrdes hierarquicos que evoluem de detalhes simples (como bordas e texturas)
a formas e caracteristicas complexas. O principal beneficio é a capacidade de aprender
esses filtros automaticamente durante o treinamento, adaptando-os para as caracteris-
ticas mais relevantes do conjunto de dados.

A arquitetura de uma CNN é tipicamente composta por uma sequéncia de ca-
madas, sendo as mais comuns:

+ Camadas Convolucionais: S40 o nucleo das CNN. Cada neur6nio nesta
camada se conecta apenas a uma pequena regiao da entrada da camada
anterior. Essa operagao de convolucao aplica um filtro (kernel) sobre a ima-
gem de entrada, gerando um mapa de caracteristicas (feature map) que
destaca a presenca de padrdes especificos, como bordas, texturas ou for-
mas. Multiplos filtros podem ser aplicados para extrair diferentes tipos de
caracteristicas.

+ Camadas de Agregacao (Pooling ou Subamostragem): Usualmente inse-
ridas entre camadas convolucionais, as camadas de agregacao tém como
objetivo reduzir a dimensionalidade espacial dos mapas de caracteristicas,
diminuir a quantidade de parametros e computacao, e tornar o modelo mais
robusto a pequenas variagoes e deslocamentos na imagem. As operagoes
mais comuns sdo 0 max pooling e o average pooling, que selecionam o valor
maximo ou a média, respectivamente, dentro de uma janela deslizante.

+ Camadas Totalmente Conectadas (Fully Connected Layers:) Apos varias
camadas convolucionais e de agregacao extrairem e refinarem as caracteris-
ticas da imagem, os mapas de caracteristicas resultantes sdo "achatados"em
um vetor unidimensional. Este vetor é entdo passado para uma ou mais ca-
madas totalmente conectadas, que funcionam como uma RNA tradicional.
Estas camadas séo responsaveis por realizar a classificagéo final ou detec-
cao, utilizando as caracteristicas de alto nivel aprendidas pelas camadas
anteriores.

A combinagcdo dessas camadas permite que as CNN aprendam representa-
¢bes complexas e abstratas diretamente dos dados brutos, tornando-as extremamente
eficazes em tarefas como classificagao, deteccéo e segmentagcao de imagens.
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Figura 10 — Representacao CNN.
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Fonte: Elaboradado pela autora (2025).

2.3 VISAO COMPUTACIONAL (VC)

A VC é um dominio da ciéncia que engloba o conjunto de métodos e técni-
cas que visam capacitar sistemas computacionais a processar, analisar e interpretar
informagdes provenientes de imagens e videos.

A VC pode ser categorizada em duas abordagens principais (WANGENHEIM,
Aldo von; COMUNELLO; RICHA, 2013):

+ Visao Classica: Baseada em métodos numéricos, operagdes de morfologia
matematica e processamento de imagem tradicional.

+ VC Baseada em IA: Utiliza as técnicas de ML e DL para a interpretacao e
inferéncia de dados visuais.

As principais aplicagdes e tarefas da VC incluem:

+ Classificacao de Imagens: Determina a categoria ou o rétulo da imagem
em sua totalidade (Ex: "Esta é uma imagem de paisagem?").

» Deteccao de Objetos: Localiza objetos de interesse na imagem e os de-
marca com uma caixa delimitadora (bounding box), atribuindo-lhes um rétulo
de classe.

+ Segmentacao Semantica: O objetivo é classificar cada pixel individual
da imagem em uma classe pré-definida. Multiplos objetos pertencentes a
mesma classe sao tratados como uma Unica entidade segmentada.

+ Segmentacao por Instancia: Combina a detecgao de objetos com a seg-
mentacdo semantica, permitindo diferenciar e individualizar multiplos objetos
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da mesma classe (e.g., separar o pixel exato de um tumor de outro, se houver
dois).
A area de VC, impulsionada pela aplicacdo de CNN — um subtipo de DL —, é
a responsavel pelos maiores avancos na analise computacional de imagens médicas.
As CNN reduziram drasticamente a necessidade de engenharia de features manual
e 0 numero de parametros, acelerando os estudos em diversas modalidades, como
raio-x, ressonancia magnética, microscopia e dermatologia (PURI et al., 2020).
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3 TRABALHOS CORRELATOS

Para a identificacdo e analise de trabalhos relacionados, foi conduzida uma
RSL seguindo os protocolos estabelecidos por Kitchenham (KITCHENHAM, 2004),
aplicada as principais bases de dados cientificas que suportam operadores booleanos
na construcao de strings de busca.

O detalhamento integral da metodologia da RSL (que engloba o objetivo, a
estratégia e os termos de busca, o processo de selecdo com seus critérios de inclusao
e exclusao, o detalhamento e a analise critica dos artigos primarios, a discussao dos
resultados e a conclusdo) encontra-se documentado no Apéndice A deste trabalho, no
formato de Relatério Técnico (LOPES; SILVA, B. Q. T.; WANGENHEIM, A. von, 2025b).

3.1 DEFINICAO E EXECUCAO DA BUSCA

A estratégia de busca foi estruturada para mapear o estado da arte em métodos
automatizados de andlise macroscopica placentaria utilizando imagens fotograficas,
com énfase em técnicas de VC e DL. Foram consultadas cinco bases de dados cien-
tificas: IEEE Xplore, ScienceDirect, ACM Digital Library, PubMed e Scielo, no periodo
de 2019 a 2024, utilizando uma estratégia de busca consolidada, que incluiu termos-

chave como: "placenta”, "pathology”, "deep learning”, "segmentation”, "photo image
analysis".

Tabela 1 — Resumo da definicdo do protocolo utilizado na busca.

Base de Dados
IEEE Xplore
ScienceDirect
ACM Digital Library
PubMed
Scielo
Periodo
2019 a 2024
String Geral de Busca
(placenta) AND (pathology OR placental pathology OR macroscopic
OR gross pathology OR gross morphology) AND (deep learning OR
Convolutional neural network OR CNN OR Transfer learning OR Ma-
chine Learning OR Segmentation) AND (Photo image analysis).
Fonte: Elaborado pela autora (2025).

A string de busca foi modelada para capturar trabalhos que aplicassem téc-
nicas de DL na analise de imagens placentarias macroscépicas, excluindo estudos
baseados exclusivamente em exames clinicos de imagem (ressonancia magnética, ul-
trassonografia) sem componente fotografico. O intervalo temporal restrito (2019-2024)
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justifica-se pela evolugao recente e acelerada das arquiteturas de CNN aplicadas ao
dominio médico.

A execucéo do protocolo resultou inicialmente em 459 artigos. Apds andlise de
titulo e resumo, foram selecionados 39 trabalhos potencialmente relevantes para leitura
completa. Aplicando-se rigorosamente os critérios de inclusdo e exclusdo durante a
analise integral dos textos, foram identificados cinco estudos diretamente alinhados ao
escopo desta pesquisa.

Tabela 2 — Resultados e Processo de Filtragem da Busca.

Etapa de Selecao Numero de Artigos
|dentificag&o Inicial 459
Triagem (Titulo + Resumo) 39
Elegibilidade (Texto Completo) 5

Fonte: Elaborado pela autora (2025).

3.2 SINTESE DOS RESULTADOS

Os cinco trabalhos selecionados representam o conjunto de pesquisas que
abordam especificamente a andlise automatizada de placentas através de imagens
fotograficas utilizando DL. A analise comparativa destes estudos revela:

PlacentaNet: Automatic Morphological Characterization of Placenta Pho-
tos with Deep Learning: Primeiro framework dedicado a segmentacao e classificacao
automatizada de estruturas placentérias, utilizando arquitetura baseada em U-Net
modificada para identificacao de regides anatdmicas e deteccao de alteracbes morfo-
l6gicas (CHEN et al., 2019).

Figura 11 — Arquitetura do PlacentaNet.
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Al-PLAX: Al-based placental assessment and examination using photos:
Sistema integrado para analise placentaria que combina segmentacdo semantica, lo-
calizagdo de cordao umbilical e classificagdo de anomalias, demonstrando viabilidade
clinica em ambiente hospitalar (CHEN et al., 2020).

Figura 12 — Diagrama esquematico do framework proposto de dois estagios para avali-
acao e exame automatizados da placenta utilizando fotos.
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Fonte: CHEN; WU et al. (2020).

Multi-region saliency-aware learning for cross-domain placenta image seg-
mentation: Abordagem que incorpora mecanismos de atencao para priorizar regides
de interesse clinico, melhorando a interpretabilidade dos modelos e reduzindo falsos
positivos (ZHANG, Z. et al., 2020).

Figura 13 — Pipeline MSL (Aprendizado de Saliéncia Multi-regional) proposto.
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Fonte: ZHANG et al., (2020).

Vision-Language Contrastive Learning Approach to Robust Automatic Pla-
centa Analysis Using Photographic Images: Método inovador que integra informa-
cOes visuais e textuais (laudos clinicos) através de aprendizado contrastivo, permitindo
melhor alinhamento entre caracteristicas visuais e terminologia médica (PAN et al.,
2022).
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Figura 14 — Pipeline VLC (Aprendizado Contrastivo de Visdo e Linguagem) proposto.
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Fonte: PAN et al., (2022).

Enhancing Automatic Placenta Analysis through Distributional Feature
Recomposition in Vision-Language Contrastive Learning: Trabalho mais recente
que propbe técnicas de adaptacdo de dominio para melhorar generalizagao entre
diferentes protocolos de captura de imagem e populacdes clinicas (PAN et al., 2023).

Figura 15 — Método avancada de VLC proposto para analisar automaticamente ima-
gens fotograficas de placentas.
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Fonte: PAN et al., (2023).

3.3 DISCUSSAO E POSICIONAMENTO DA PESQUISA

A andlise dos cinco trabalhos resultantes (Al-PLAX, 2020; PlacentaNet, 2019;
Multi-region Saliency-Aware Learning, 2020; Vision-Language Contrastive Learning,
2022; Enhancing Automatic Placenta Analysis, 2023) revelou uma evolugao consistente
na aplicacao de técnicas de Deep Learning a Placentologia.

Contudo, a RSL evidencia as seguintes lacunas criticas que limitam a adocao
clinica imediata das solugdes propostas:

+ Auséncia de sistemas de triagem automatizada: Os trabalhos identifica-
dos concentram-se predominantemente em diagndstico automatizado de
alteracdes especificas, nao abordando o problema de triagem inicial para
solicitagcdo de exame anatomopatoldgico - foco central desta dissertacéo.
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* Qualidade dos Dados: Os modelos existentes foram treinados majoritari-
amente em imagens de alta qualidade, obtidas em ambientes controlados
(laboratério de patologia), com iluminacao e enquadramento padronizados.

+ Ambiente Real: Existe uma escassez de trabalhos que utilizem imagens
capturadas em condic¢ées clinicas adversas (como a sala de parto), onde a
iluminacgao inconsistente, a presencga de artefatos e a ndo-padronizagcéo do
enquadramento sdo desafios reais.

+ Limitacao de datasets publicos: Todos os estudos utilizam conjuntos de
dados proprietarios, dificultando reprodutibilidade e comparacao direta de
resultados, além de limitar a validagdo externa dos modelos propostos.

+ Validacao clinica restrita: A maioria dos trabalhos apresenta validacao téc-
nica robusta (métricas computacionais), porém com validacao clinica limitada
quanto a aplicabilidade em fluxos de trabalho hospitalares reais e impacto
na tomada de decisdo médica.

Estas lacunas justificam a relevancia e a originalidade desta pesquisa, que
propde uma abordagem de triagem automatizada para a identificacao de alteracoes
macroscopicas que demandem andlise especializada. A solugao € duplamente ino-
vadora: fundamentada em um PCI padronizado para garantir a robustez dos dados
e posicionada como uma ferramenta de suporte a deciséo clinica em contexto de
maternidades e centros obstétricos.
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4 DESENVOLVIMENTO

O presente capitulo detalha a metodologia e o pipeline de desenvolvimento im-
plementado para atingir os objetivos propostos. O pipeline de desenvolvimento esta
estruturado em trés eixos principais, apresentados sequencialmente: o processo de
aquisicao e preparacao de dados (Secao 4.1), o ambiente e a configuracao da experi-
mentacao (Secdo 4.2) e a formalizagdo das métricas de avaliacao (Secgao 4.3). O rigor
na descricdo desses materiais € métodos é essencial para garantir a reprodutibilidade
técnica e a validade dos resultados apresentados no Capitulo 5.

4.1 MATERIAIS E AQUISICAO DE DADOS

4.1.1 Protocolo de Captura de Imagens (PCI)

O principal desafio metodoldgico para a triagem placentaria automatizada reside
na variabilidade e na ndo-padronizacdo das imagens capturadas no ambiente clinico
(sala de parto), conforme evidenciado no Capitulo 3. Essa inconsisténcia nos dados
compromete a robustez e a capacidade de generalizagdo dos modelos de DL.

Para mitigar essa limitagao, foi desenvolvido um PCI de Placentas na Sala de
Parto, documentado no Relatério Técnico (LOPES; SILVA, B. Q. T.; WANGENHEIM,
A. von, 2025a). Ressalta-se que todo o processo de aquisicao de imagens respeitou
rigorosamente as diretrizes éticas e foi aprovado pelo Comité de Etica em Pesquisa
(CEP/CONEP), sob o numero CAAE 86362524.7.0000.0121.

O objetivo central desse protocolo é propor uma metodologia padrao a ser exe-
cutada pela equipe assistente, utilizando dispositivos méveis, que garanta a obtencao
de imagens com um minimo de informagdes necessarias para o reconhecimento e a
classificacao automatizada de alteragées macroscépicas. A padronizacao de elemen-
tos como contraste de fundo, enquadramento e iluminacao é essencial para a eficacia
do treinamento das redes neurais.

O processo metodolégico do PCI esta estruturado em uma sequéncia de seis
etapas principais, conforme ilustrado na Figura 16.

4.1.1.1 Detalhamento de Execucéao do PCI

A execucao do PCI focou em transformar o ambiente de coleta em um cenario
controlavel, garantindo a qualidade do dado como entrada para os modelos de DL.

O preparo da cena teve inicio com a completa remocdo da placenta do utero
materno e a finalizagdo dos cuidados neonatais imediatos, garantindo um ambiente
calmo e seguro para a manipulagao da peca. A placenta foi posicionada sobre uma
superficie plana e limpa, preferencialmente uma placa de acrilico (45,0 x 35,0 x 0,5 cm)
recoberta por adesivo azul vinil. Essa superficie proporciona o contraste visual ade-
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Figura 16 — Fluxo de Execucao do PCI.
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Fonte: Elaboradado pela autora (2025).

quado, mitigando a interferéncia de fundo e facilitando a padronizacao entre amostras.
Na auséncia desta placa, campos cirurgicos de coloragdo neutra foram utilizados como
alternativa viavel.

Antes da fotografia, o excesso de sangue foi cuidadosamente removido tanto da
superficie da placenta quanto do corddo umbilical, com uso de gazes ou compressas
estéreis. Cada espécime foi fotografado em duas faces anatémicas distintas — a face
fetal (contendo os vasos arboriformes, membranas e insercdo do cordao umbilical)
e a face materna (com os cotilédones e septagdes), expondo-se o disco placentario
mediante retracdo manual das membranas amnidticas.

O enquadramento foi realizado com o dispositivo fotografico posicionado perpen-
dicularmente (90°) em relacdo a superficie. Essa angulacdo garante a captura integral
da placenta com seus principais componentes estruturais, minimizando a distor¢ao
espacial. As dimensdes da placa acrilica também funcionaram como referéncia interna
de escala.

As condigdes de iluminacao foram ajustadas para evitar sombras, brilho exces-
sivo ou reflexos. Sempre que necessario, as luzes cirurgicas de teto foram desligadas,
sendo utilizada iluminacdo ambiente ou difusa para garantir a homogeneidade visual.
As fotografias foram capturadas com smartphones (Android ou iOS), utilizando came-
ras traseiras com resolugdo minima de 12 megapixels.

Evitaram-se imagens com interferéncias visuais (p. ex., maos com luvas, ins-
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trumentais ou manchas excessivas). Todos os registros passaram por revisao técnica,
considerando critérios de clareza, visibilidade anatémica e conformidade com o pro-
tocolo. O contraste obtido entre as abordagens padronizada e ndo padronizada é
evidenciado na Figura 17.

Figura 17 — Exemplo de Imagem de Placenta Padronizada (seguindo o PCI) e Imagem
N&o Padronizada (sem a aplicagéo do PCI).

PADRONIZADO

Fonte: Elaboradado pela autora (2025).

4.1.2 Conjunto de Imagens (Dataset)

O Conjunto de Imagens (Dataset) constitui o material empirico base para a
experimentacao. O presente estudo utilizou um conjunto de dados composto por 156
imagens originais capturadas imediatamente apds o parto em centros obstétricos e
maternidades parceiras. As imagens foram coletadas em dois contextos distintos: uma
parte seguiu condigdes hospitalares rotineiras, e a outra foi obtida conforme o PCI.
Parte dessas imagens foi coletada no servigo de Obstetricia do Hospital Universitario
Polydoro Ernani de Sao Thiago (HU-UFSC/EBSERH), seguindo o protocolo padroni-
zado (LOPES; SILVA, B. Q. T.; WANGENHEIM, A. von, 2025a), enquanto outras foram
adquiridas em diferentes instituicoes.

41.2.1 Processamento e Classes

As anotagdes focaram nas principais estruturas morfolégicas clinicamente rele-
vantes da placenta. No entanto, para os experimentos, apenas as classes com quanti-
dade suficiente de exemplos visuais foram utilizadas. O Quadro 1 apresenta a distribui-
cao das anotagdes por classe morfoldgica.

As imagens foram organizadas e anotadas na plataforma Roboflow, que oferece
recursos interativos para gerenciamento de conjuntos e exportagao.
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Quadro 1 — Distribuigao da quantidade de instancias rotuladas por classe morfolégica
utilizada no treinamento.

Classe Morfolégica Instancias Anotadas
corddao_umbilical _fetal 83
cordao_umbilical_materno 72
disco_discoide_fetal 56
disco_discoide_materno 29
disco_irregular_fetal 7
disco_irregular_materno 8
disco_ovalada_fetal 16
disco_ovalada_materno 41
vasos_arboriforme 515

Fonte: Elaborado pela autora (2025).

O conjunto foi inicialmente expandido de 156 para 468 imagens por meio de
técnicas de aumento de dados (data augmentation) (BUSLAEV et al., 2020). As trans-
formacdes aplicadas incluiram rotacoes (+15°), inversdes horizontal e vertical (flips),
distor¢édo (shear +10°), e variagdes de saturagcéo (+25%) e exposi¢ao (+10%).

Figura 18 — Exemplos de imagens sintéticas obtidas por data augmentation, simulando
variagdes comuns em capturas com dispositivos méveis.
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Fonte: Elaboradado pela autora (2025).

4.1.3 Processo de Anotacao e Exportacao das Imagens

O processo de anotacéo foi realizado manualmente por especialistas (patologis-
tas).

Durante o processo de preparacgao, identificou-se um desalinhamento em algu-
mas imagens entre os arquivos RGB e suas respectivas méscaras, causado pelos me-
tadados EXIF Orientation. Esse metadado preserva a orientagdo original da camera,
mas pode gerar inconsisténcias quando aplicagdes de VC né&o interpretam correta-
mente o campo orientation, resultando em imagens e mascaras com eixos trocados (p.
ex., pixels armazenados como x,y exibidos como y,x) (DWYER, 2020).
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Figura 19 — Exemplo de anotacdo no Roboflow.
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Fonte: Elaboradado pela autora (2025).

Para corrigir esse problema e garantir a consisténcia entre imagem e mascara,
aplicou-se o recurso Auto-Orient do Roboflow durante o pré-processamento. Essa fun-
¢ao remove os metadados de rotacdo e reescreve a matriz de pixels na orientacao final
correta, padronizando todas as imagens independentemente da posicao da camera no
momento da captura (DWYER, 2020).

Apoés essa normalizacado, as imagens passaram por padronizagédo de resolugcédo
para 1600 x 1200 px e conversao para formato PNG sem compressao com perda,
garantindo a preservacao dos detalhes morfologicos relevantes.

Esse ajuste de Auto-Orient foi aplicado apenas nos experimentos de segmenta-
cdo semantica (mascaras por classe), pois na tarefa de deteccéo por instancia com a
You Only Live Once (YOLO), as anotag¢des consistiam em caixas delimitadoras (boun-
ding boxes) independentes das mascaras (KHANAM; HUSSAIN, 2024), nao apre-
sentando o0 mesmo problema. Os dados foram finalmente exportados nos seguintes
formatos para cada tipo de tarefa:

» Mascaras (MASK): para os modelos de segmentagdo semantica, com uma
mascara binaria por classe;

* YOLO (TXT): para a YOLO, seguindo o padrao oficial da arquitetura com
coordenadas normalizadas por classe e posic¢ao.

4.2 CONFIGURACAO DO AMBIENTE

4.2.1 Ambiente de Desenvolvimento

Todos os experimentos foram conduzidos em uma estacao de trabalho NVIDIA
DGX equipada com GPU H100, o que possibilitou o treinamento eficiente de redes
profundas com imagens em alta resolugdao. O ambiente de desenvolvimento foi base-
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ado em Python, utilizando o framework PyTorch como base para a construgdo e o
treinamento dos modelos (PASZKE et al., 2019).

A seguir, destacam-se as principais bibliotecas e frameworks utilizados, catego-
rizados por sua fungao:

* Deep Learning Core:

— PyTorch (PASZKE et al., 2019): Framework principal para compu-
tacdo em tensor e construcao de redes neurais.

— fastai (HOWARD; GUGGER, 2020): Utilizada como camada de
abstracao sobre o PyTorch, empregada na criagdo e treinamento
das U-Nets com backbones ResNet e EfficientNet.

» Pré-processamento e Data Augmentation:

— albumentations (BUSLAEV et al., 2020): Utilizada para data aug-
mentation com transformagdes rapidas e otimizadas para VC.

 Arquiteturas Especificas e Bibliotecas:

— ultralytics (JOCHER; QIU; CHAURASIA, 2024): Pacote oficial para
a implementacao e treinamento da arquitetura YOLO.

— efficientunet-pytorch (NOGUEIRA, 2021): Biblioteca utilizada para
a integragao eficiente dos backbones EfficientNet nas arquiteturas
U-Net.

* Monitoramento e Analise:

— Weights & Biases (wandb) (BIEWALD, 2020): Ferramenta de ras-
treamento e monitoramento de métricas de treinamento.

— lapixdl (LAPIX, INCOD, UFSC, 2025): Biblioteca nacional utilizada
para visualizacao e avaliagdo de segmentacdes médicas.

— Matplotlib, Pandas e Seaborn (HUNTER, 2007; MCKINNEY, 2010;
WASKOM, 2021): Empregadas na andlise exploratéria dos dados,
geracao de graficos de desempenho e visualizagdo das matrizes
de confusao.

4.2.2 Arquiteturas Implementadas

A selecao das arquiteturas de DL foi guiada por um principio de comparacéao
estratégica, visando equilibrar o desempenho preditivo (preciséo técnica) com a viabili-
dade operacional (custo computacional).

Para isso, esta pesquisa avaliou 14 arquiteturas aplicadas a segmentacéao se-
mantica e segmentacao por instancia em imagens macroscoépicas placentarias. As
redes selecionadas apresentam caracteristicas complementares: modelos classicos e
robustos, baseados em conexdes residuais (ResNet), foram comparados a arquiteturas
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modernas, focadas em alta eficiéncia e menor numero de parametros (EfficientNet).
Adicionalmente, foi incluida a YOLOv11, uma rede moderna de estagio unico, para a
tarefa complementar de deteccéo e segmentacao por instancias.

As arquiteturas avaliadas foram:

a) YOLO: Uma arquitetura de estagio unico para deteccdo e segmentacao de
instancias, conhecida por sua velocidade e eficacia. Foi incluida para com-
paragdo com a capacidade de deteccao de objetos (KHANAM; HUSSAIN,
2024; JOCHER; QlU; CHAURASIA, 2024).

b) Variantes ResNet (ResNet18, ResNet34, ResNet50, ResNet101, ResNet152)
com U-Net: Redes neurais convolucionais profundas que utilizam conexdes
residuais para mitigar o problema do desaparecimento do gradiente, permi-
tindo o treinamento de modelos com muitas camadas. As diferentes profun-
didades (18 a 152 camadas) permitem investigar o impacto da complexidade
do modelo (ESTEVA et al., 2021).

c) U-Net com variantes EfficientNet (EfficientNet-B0, B1, B2, B3, B4, B5,
B6, B7): Modelos que utilizam um método de escalonamento composto para
otimizar a profundidade, largura e resolucao da rede de forma equilibrada,
alcancando alta precisdo com menor numero de parametros. A gama com-
pleta de BO a B7 foi avaliada para identificar o ponto ideal de desempenho e
eficiéncia (ESTEVA et al., 2021; YU, 2021).

4.2.3 Configuracoes e Estratégias de Treinamento

Os principais hiperparametros e estratégias de treinamento empregados para
os modelos YOLO, ResNet e EfficientNet sédo descritos a seguir, e estdo resumidos na
Tabela 3.

+ Estratégia de Treinamento: Foi adotada a técnica de Transfer Learning com-
binada com redimensionamento progressivo (progressive resizing) em trés
estagios para os modelos ResNet e EfficientNet (U-Net). Esta abordagem
permite a rede aprender caracteristicas gerais em resolucées menores antes
de refinar detalhes e texturas na resolucao total. O modelo YOLO utilizou um
Treinamento Continuo.

+ Otimizador e Politica de LR: O otimizador AdamW foi empregado em todas
as arquiteturas. Nos modelos ResNet e EfficientNet, esta otimizacao foi aco-
plada a politica de Superconvergéncia 1Cycle (SMITH, 2017) para maximizar
a velocidade de convergéncia e a capacidade de generalizacao.

+ Tamanhos de Imagem: As resolu¢des de entrada foram ajustadas para cada
modelo: 1600 x 1200 (ResNet - maxima), 512 x 512 (EfficientNet - maxima)
e 640 x 640 (YOLO).
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Tabela 3 — Configuracao de treinamento para cada arquitetura avaliada.

ARQUITETURA | MODELO TAMANHO IMAGEM ° DE IMAGENS
YOLO YOLOV11 YOLO11n-seg Continuous Training 640 x 640 Adamw 3183317

ResNet18 +
Sl2 Fii:-tui(i)ng
st One Cycle Policy + LR Finder,
RESNET U-NET ResNet50 3-stage Transfer learning + 1600 x 1200 Adamw 375|147 |47
o atuni 8|42
ResNet101 Binsgtning SO
Fine-tuning
ResNet152 4142

EfficientNet-B0

EfficientNet-B1

EfficientNet-B2

EfficientNet-B3 Rielcycleliclicy’ 50 +50

EFFICIENTNET U-NET - 3-stage Multiresolution + 512x 512 16 Fine-tunin Adamw 37714546

EfficientNet-B4 Fine-tuning 9

EfficientNet-B5

EfficientNet-B6

EfficientNet-B7

Fonte: Elaboradado pela autora (2025).

4.3 METRICAS DE AVALIAGAO DE DESEMPENHO

A performance dos modelos foi avaliada com base em métricas amplamente
reconhecidas para tarefas de segmentacgao, visando capturar tanto a qualidade geral
quanto o comportamento por classe. Para os modelos de segmentagcdo semantica
(U-Net com diferentes backbones), adotaram-se:

» Dice Coefficient (F1-Score): quantifica a similaridade entre as mascaras
preditas e as reais, sendo especialmente sensivel a classes minoritarias
(ISENSEE et al., 2021).

* loU: também conhecido como Jaccard Index, avalia a propor¢éo de interse-
¢cao sobre a unido das regides segmentadas (COSTANZO et al., 2018).

* Foreground Accuracy: mede a acuracia excluindo a classe background,
destacando o desempenho nas estruturas morfologicas relevantes (BARKER
et al.,, 2010).

Para o modelo de segmentacéao por instancia (YOLOv11), foram utilizadas:
» AP50: média da precisao considerando limiar de loU > 0.5.
+ AP50-95: média da precisao para multiplos limiares (0.5 a 0.95, com passo

0.05), oferecendo avaliagdo mais rigorosa (PADILLA; NETTO; SILVA, E. A. B.
da, 2020).

Complementarmente, aplicou-se:

» Curvas de perda (train/val loss) ao longo das épocas, Uteis para monitorar
aprendizado, estabilidade e overfitting.
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* Matrizes de confusao multiclasse, analisando confusdes frequentes entre
classes visualmente similares.
+ Visualizacoes qualitativas, com comparagbes entre mascaras reais e pre-
ditas, para andlise subjetiva da performance.
A combinacao de métricas objetivas e analises visuais proporcionou uma avalia-
¢cao abrangente do desempenho dos modelos, permitindo comparagao criteriosa entre

diferentes arquiteturas.
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5 RESULTADOS

5.1 DESEMPENHO GLOBAL

Esta secao apresenta os resultados experimentais obtidos nas tarefas de seg-
mentacao semantica e segmentagdo por instancia das estruturas morfoldgicas da
placenta. As andlises quantitativas sdo complementadas por visualizagdes qualitativas,
matrizes de confuséao e graficos de treinamento, permitindo uma avaliacdo abrangente
do comportamento dos modelos em diferentes aspectos do processo de aprendizado.

5.1.1 Meétricas de Segmentacao Semantica

As redes baseadas em U-Net seguiram uma estratégia de treinamento em trés
estagios com resolugdes crescentes (Y4, 12 e total), 0 que permitiu melhor refinamento
espacial das mascaras preditas. A Tabela 4 resume os principais resultados obtidos
nas métricas Dice, loU, acuracia e tempo de execucgao (total) para cada arquitetura
avaliada.

Tabela 4 — Principais métricas de desempenho das arquiteturas U-Net (ResNet e Effi-
cientNet).

. Tempo de Execugio

ResNet18 75,54% 63,88% 81,68% 2h 14m 52s

ResNet34 80,71% 70,01% 85,55% 4h 30m 8s

ResNet50 56,05% 44,26% 68,30% 4h 50m 35s
ResNet101 65,27% 55,05% 76,18% 6h 50m 45s
ResNet152 63,86% 52,60% 73,52% 4h 57m 16s

EfficientNet-BO 74,92% 68,46% 90,10% 43m 2s
EfficientNet-B1 74,79% 68,35% 90,42% 43m 41s
EfficientNet-B2 75,48% 69,42% 91,21% 44m 27s
EfficientNet-B3 75,45% 69,44% 91,20% 46m 25s
EfficientNet-B4 75,69% 69,71% 91,45% 49m 6s
EfficientNet-BS 74,24% 67,53% 89,82% 49m 35s
EfficientNet-B6 75,21% 68,85% 90,46% 51m 16s
EfficientNet-B7 75,78% 69,78% 91,33% 43m 2s

Fonte: Elaboradado pela autora (2025).

As Figuras 20 e 21 apresentam a evolugéo temporal da fungdo de perda e das
métricas de desempenho para as arquiteturas ResNet34 e EfficientNet-B7. A andlise
desses gréficos evidencia como cada modelo progride ao longo das épocas, desta-
cando o comportamento da convergéncia e a correspondéncia entre os resultados
obtidos em treinamento e validagao.
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Figura 20 — Evolugédo das métricas de treinamento e validagdo da arquitetura U-Net
ResNet34.

GRAFICOS WANDB - TREINAMENTO RESNET34

Weights
&Biases
valid_loss 0.1695013791322708 train_loss 0.10551795363426208
jaccard_coeff_multi netric
{
1
/
jaccard_coeff_multi 0.6288333863434371 dice_multi 0.7484291853929275 acc_metric 0.8113023638725281

Fonte: Elaboradado pela autora (2025).

Figura 21 — Evolugdo das métricas de treinamento e validagdo da arquitetura U-Net
EfficientNet-B7.

GRAFICOS WANDB - TREINAMENTO EFFICIENTNET-B7

Weights
&Biases
val_loss 0.08406002695361774 train_loss 0.056782126892358065
dice_multi jaccard_coeff_multi v
™ ) ]
\f M / | /
1l ol i v
| | | ] mw \ |
/ ‘ s B ‘ !
.\> / '
A |
dice_multi 0.7577743132794671 jaccard_coeff_multi 0.6977824719151625 accuracy 0.9132619430937047

Fonte: Elaboradado pela autora (2025).

Para ilustrar visualmente o desempenho das arquiteturas, foram selecionados
exemplos representativos comparando a imagem de entrada, a anotacdo manual
(ground truth) e a predicao gerada pelos modelos. As Figuras 22 e 23 evidenciam
a capacidade dos modelos em identificar e segmentar regiées morfoldgicas distintas
da placenta, destacando diferencas visuais no detalhamento das mascaras produzidas.
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Figura 22 — Exemplos comparativos entre imagem de entrada, verdade fundamental e
predicdo obtida pela ResNet34.

Input Image Ground Truth Predictions

Fonte: Elaboradado pela autora (2025).
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Figura 23 — Exemplos comparativos entre imagem de entrada, verdade fundamental e
predicdo obtida pela EfficientNet-B7.

Input Image Ground Truth

Fonte: Elaboradado pela autora (2025).
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As matrizes de confusao (Figura 24 e 25) geradas para as arquiteturas U-Net
permitem observar a distribuicdo dos acertos e confusdes entre as classes segmenta-
das.

Figura 24 — Matriz de confusédo gerada para ResNet34.

MATRIZ DE CONFUSAO | RESNET34

packground |GAAdEL 65372 | 96272 | 25115 | 25865 | 12481 | 7870 | 22805 | 90 .
cordao_umbilical_fetal 95332 63619 15694 358 885 162 1598 155 4412
cordao_umbilical_materno 29408 %6 9 3 2 2 0 0 1 0 -5
. . 92759 40847 | 20187 LY 20973 12384 | 20648 19484 -
disco_discoide_fetal
z . 0830 2642 3103 66 2548 153 6 3637 16 -4
.E__! disco_discoide_materno
o
o] o 1959 1653 532 651 956 6 9 2974 4945 2861 36561
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-3
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disco_ovalada_fetal 2
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Fonte: Elaboradado pela autora (2025).

Figura 25 — Matriz de confus&o gerada para EfficientNet-B7.

MATRIZ DE CONFUSAO | EFFICIENTNET-B7

background ETTEPL] 2641 5597 50464 57 -6
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Fonte: Elaboradado pela autora (2025).

Para complementar a analise, foram selecionados exemplos de casos nos quais
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a segmentacao apresentou maior dificuldade, evidenciando limitagdes especificas ob-
servadas durante os experimentos com a ResNet34.

Figura 26 — Exemplos de casos mais desafiadores para a ResNet34.

Piores Casos

Loss = 0.1921

Loss = 0.1543

Fonte: Elaboradado pela autora (2025).

5.1.2 Meétricas de Segmentacao por Instancia

A arquitetura YOLO foi empregada inicialmente na tarefa de deteccao (caixas
delimitadoras) e posteriormente na tarefa de segmentacao por instancia (masks). A
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Tabela 5 apresenta os valores de Precision, Recall, mMAP@50 e mAP@50-95 para
ambas as modalidades.

Tabela 5 — Métricas de deteccao (box) e segmentagdo por instancia (mask) obtidas
com o modelo YOLO.

YOLO11 mAP50-95 Tempo de Execucéao
(Total)

52,6% 72,6% 70,3% 61,5%

50,7% 71,4% 69,5% 52,8%

Fonte: Elaboradado pela autora (2025).

40min 16s

Os resultados demonstram que o modelo obteve desempenho consistente, es-
pecialmente nas classes com maior distingao visual, como cordao umbilical e discos
placentarios, que apresentaram os maiores valores de precisdo média. Por outro lado,
a classe vasos arboriformes apresentou desempenho inferior, refletindo a alta comple-
xidade morfoldgica e o desbalanceamento presente no conjunto de dados.

O gréfico das métricas por classe (Figura 27) evidencia com clareza essas
diferengas de desempenho entre as estruturas. Observa-se que classes com limites
bem definidos apresentam maior precisdo, enquanto estruturas ramificadas ou de
textura complexa exibem maior dispersao nas medidas de recall e precisao.

A visualizacdo qualitativa dos resultados reforca esses padrées: em imagens
com elevado contraste e boa iluminacao, a YOLOv11 identifica e segmenta adequada-
mente as regides de interesse; porém, em situacdes de presenca excessiva de fluidos
bioldgicos ou oclusdes, verifica-se maior ocorréncia de falsos negativos. A Figura 29
contendo exemplos de anotacdes e predi¢cdes ilustra essa variagcao de desempenho.
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Figura 27 — Métricas por classe (deteccao e segmentacao por instancia) obtidas com

a YOLO.
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Figura 28 — Matriz de confusdo normalizada do modelo YOLOv11 nas tarefas de de-
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Fonte: Elaboradado pela autora (2025).
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Figura 29 — Exemplos de anotagdes manuais e predicoes geradas pela YOLO.

ANOTAGAO

cordao_umbilical fetal
disco_discoide_fetal

vasn
vasostalBonior e,
vasosParboriforme

vasos arbvasosnarborifor

cord%ﬁ) umbilical“fetal

~ e 4+

SGrago8Carboriforme

vasos arbo
vasos_ arboriforme

disco discoide fetal

vasos-arboriforme

cordao”umbilical-fetal

@aridoula, "
3 y

Fonte: Elaboradado pela au

RESULTADO

cordao_umbilical_fetal 0.96

ilcordac_umbilical_fetal 0.50

L

8

torar( 025).

rooe



55

6 CONSIDERACOES FINAIS

6.1 DISCUSSAO

O presente estudo investigou a aplicacao de técnicas de DL para segmenta-
cdo semantica e segmentagéo por instancia de estruturas morfologicas da placenta
em imagens macroscopicas capturadas diretamente na sala de parto. Em contraste
com a maior parte da literatura, que utiliza imagens laboratoriais, ultrassonograficas
ou obtidas em ambientes controlados, esta pesquisa empregou fotografias reais de
pds-parto, buscando aproximar o modelo computacional da complexidade do cenério
clinico. Essa escolha amplia a aplicabilidade pratica da solucdo, mas também intro-
duz desafios substanciais, relacionados principalmente a variabilidade de iluminacao,
presenca de sangue, contraste irregular, textura heterogénea e diferencas anatdémicas
expressivas entre as classes.

O protocolo fotografico padronizado assumiu papel central na mitigacdo dessas
dificuldades. As imagens obtidas seguindo esse protocolo exibiram maior uniformidade
de cor e contraste, favorecendo tanto o processo de anotacdo quanto o aprendizado
automatico. A Figura 29 (ndo exibida aqui, mas mencionada na dissertacao) ilustra
de modo claro essa diferenga: enquanto na imagem padronizada o modelo conse-
gue reconhecer multiplas estruturas, nas fotografias sem padronizacao a identificacdo
torna-se substancialmente mais dificil, resultando em falhas de detecg¢ao e segmenta-
cao. Este efeito reforca a importancia de condigdes controladas de aquisicdo, mesmo
em cenarios clinicos nao laboratoriais.

No que se refere ao desempenho dos modelos, as arquiteturas U-Net com
encoders ResNet34 e EfficientNet-B7 apresentaram os melhores resultados entre as
14 variantes avaliadas. A ResNet34 destacou-se com os valores mais elevados de Dice
e loU, métricas diretamente relacionadas a qualidade da sobreposicao entre predi¢cao
e anotacdo manual. Seu equilibrio entre profundidade, estabilidade de treinamento e
capacidade discriminativa corrobora achados presentes na literatura de segmentagéo
biomédica, que destacam a adequacao de encoders intermediarios para bases de
dados com variabilidade moderada. Por outro lado, a EfficientNet-B7 obteve a melhor
acuracia global entre as arquiteturas avaliadas, além do menor tempo de execucgéao
entre as redes U-Net utilizadas, sugerindo maior eficiéncia computacional quando
devidamente ajustada.

A comparacao entre ResNet34 e EfficientNet-B7 evidencia que o desempenho
nao depende exclusivamente da profundidade da arquitetura, mas do alinhamento
entre sua capacidade de extracao de caracteristicas e a variabilidade do conjunto de
dados. As curvas de treinamento e validagao apresentadas ao longo da dissertacao
confirmam que ambas as arquiteturas alcangaram convergéncia estavel, ainda que a
EfficientNet-B7 tenha demonstrado maior sensibilidade aos hiperparametros, deman-
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dando ajustes mais refinados para atingir desempenho 6timo.

Na segmentacgéo por instancia, a YOLOv11 apresentou resultados consistentes
tanto para deteccdo quanto para a geracao de mascaras, com métricas superiores nas
classes de anatomia mais regular, como cordao umbilical e discos placentarios. O de-
sempenho reduzido observado para vasos arboriformes indica a dificuldade intrinseca
associada a segmentagao de estruturas ramificadas, finas e de baixo contraste. A ma-
triz de confuséo e as métricas por classe reforcam essa caracteristica, revelando maior
taxa de erros em estruturas visualmente semelhantes ou parcialmente ocluidas. Esse
padréo € coerente com estudos prévios na literatura, que apontam a necessidade de
abordagens especializadas ou modelos hibridos para lidar com estruturas vasculares
complexas.

As analises qualitativas complementaram as evidéncias quantitativas, permi-
tindo observar, por meio das predicdes exemplificadas, tanto casos de alto desempe-
nho quanto situacdes de falha significativa. O conjunto de “piores casos” da ResNet34
permitiu identificar padrdes de erro recorrentes, frequentemente associados a ausén-
cia de padronizagdo na captura das imagens. Tais achados reforgam a importancia de
diretrizes claras de aquisi¢cdo e sugerem que a adocao de protocolos simples pode
melhorar substancialmente a qualidade das segmentac¢des produzidas.

A despeito dos bons resultados alcangados, o estudo também evidenciou limita-
¢Oes oriundas da dimenséo reduzida do dataset e do desbalanceamento entre classes.
Estruturas menos representadas apresentaram menor desempenho, mesmo apds ajus-
tes de treinamento, o que é esperado em bases heterogéneas. Esses aspectos serao
aprofundados na subsecao seguinte sobre ameacas a validade.

Por fim, cabe destacar que este trabalho avanga na literatura ao demonstrar a
viabilidade de segmentacdo multiclasse da placenta em imagens reais de sala de parto
— um dominio ainda escasso em estudos cientificos. A integragdo entre estratégia de
multirresolucao, protocolo de aquisicao padronizado e avaliacdo multicritério contribui
para consolidar a base metodoldgica necessaria ao desenvolvimento de ferramentas
automatizadas aplicaveis ao contexto clinico. Embora n&o tenha sido realizada vali-
dacado em campo, os resultados obtidos indicam que solugbes assistivas baseadas
em inteligéncia artificial, como as idealizadas nos projetos Al-plax e PlacentaNet, pos-
suem potencial para auxiliar a triagem pos-parto, otimizando a interpretacao inicial da
placenta por profissionais da saude.

6.1.1 Ameacas a Validade

A principal ameaga a validade deste estudo refere-se ao tamanho reduzido e
a limitagéo clinica do conjunto de dados utilizado. Embora as imagens tenham sido
obtidas com protocolo padronizado e representem condi¢des reais de sala de parto,
o volume ainda € pequeno para garantir a generalizacao dos modelos, especialmente
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em cenarios clinicos mais variados. Além disso, o desbalanceamento entre classes
anatémicas pode ter impactado o aprendizado de certas estruturas. Assim, reforca-
se a necessidade de expansdo da base de dados com maior diversidade de casos,
ampliando a robustez dos modelos e sua aplicabilidade clinica.

6.2 CONCLUSAO

Este trabalho investigou, de forma abrangente, a aplicagcao de arquiteturas de
deep learning para segmentacao semantica e segmentacao por instancia de estruturas
morfolégicas da placenta em imagens macroscopicas capturadas em ambiente clinico
real. Ao longo do estudo, foram analisadas quatorze arquiteturas distintas, incluindo
variantes da U-Net com diferentes encoders e o modelo YOLOv11, com o objetivo
de estabelecer um benchmark inicial de desempenho e avaliar o potencial dessas
abordagens como ferramenta de apoio a triagem automatizada.

Os resultados demonstraram que a U-Net ResNet34 apresentou o melhor de-
sempenho global, alcangando os maiores valores de Dice e loU, indicando elevada
capacidade de representar com precisdo a geometria das estruturas segmentadas. Ja
a U-Net EfficientNet-B7 destacou-se pela maior acuracia global e pelo menor tempo
de execucgéo, evidenciando grande eficiéncia computacional. No contexto da segmen-
tacdo por instancia, o modelo YOLOv11 obteve métricas consistentes nas classes
com morfologia mais regular, reforcando sua adequacéao para tarefas de deteccéo e
segmentacao rapida.

Com base nesses achados, € possivel responder a hipétese formulada nesta
dissertagao: Sim, é possivel desenvolver e validar um modelo computacional de deep
learning, baseado em técnicas de segmentacao, capaz de oferecer um benchmark de
precisao e avangar em direcdo a robustez necessaria para apoiar a triagem automati-
zada de alteracoes macroscépicas placentarias em ambientes clinicos reais.

Todavia, convém destacar que tal confirmacao é parcial. Embora os modelos
tenham demonstrado viabilidade técnica, bom desempenho quantitativo e capacidade
de generalizagdo dentro do escopo do dataset disponivel, a robustez clinica plena
ainda nao pode ser assegurada. Essa limitagcao decorre principalmente do tamanho
reduzido e da baixa variabilidade do conjunto de dados, da sensibilidade a padroniza-
cao da imagem, e da auséncia de validacao em campo com profissionais da saude.
Assim, a hip6tese se confirma no plano técnico-experimental, mas sua consolidacao
em ambiente clinico demanda avangos adicionais.

Em sintese, esta pesquisa contribui significativamente para o avanco da lite-
ratura sobre segmentacgao placentéria, introduzindo um pipeline metodologicamente
sélido, demonstrando a aplicabilidade de modelos modernos em imagens reais e es-
tabelecendo bases concretas para investigagdes futuras. Os resultados apresentados
reforcam o potencial da inteligéncia artificial como ferramenta de apoio a triagem
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pbs-parto e oferecem diretrizes importantes para o desenvolvimento de solugdées mais
robustas, escalaveis e integradas ao fluxo de trabalho clinico.

6.2.1 Trabalhos Futuros

A partir dos resultados obtidos e das limitagdes identificadas ao longo deste
estudo, sugerem-se as seguintes dire¢des para pesquisas futuras:

1. Expansao e diversificacao do dataset
« Aumentar a quantidade de imagens, incluindo dados provenientes
de diferentes maternidades, equipamentos e populacgdes.
« Ampliar a variabilidade clinica e de condigbes de captura, de modo
a fortalecer a capacidade de generalizagdo dos modelos.
2. Refinamento das anotacoes
» Reanotar estruturas complexas, como vasos arboriformes, com
maior nivel de detalhe e consisténcia.
» Implementar revisdo cruzada entre especialistas para reduzir dis-
crepancias e assegurar qualidade nas mascaras manuais.

3. Avaliacao de modelos baseados em atenc¢ao

* Investigar arquiteturas como Swin-UNet, SegFormer e TransUNet,
que apresentam desempenho superior em estruturas irregulares e
de baixa definicao.

4. Técnicas avancadas de aumento e normalizacao de dados

» Desenvolver estratégias de data augmentation especificas para
simular variabilidade luminosa, presenca de fluidos e artefatos co-
muns em sala de parto.

» Explorar métodos de domain adaptation e normalizagéo de cor para
reduzir a dependéncia da padronizacao na captura das imagens.
5. Validacao clinica e analise de usabilidade
» Testar os modelos em fluxos reais de atendimento, avaliando de-
sempenho em ambiente clinico.
 Analisar interpretabilidade, confiabilidade e aceitacdo por parte de
profissionais da saude.
6. Desenvolvimento de um sistema assistivo

» Criar protétipos de aplicacbes mdveis ou web que permitam infe-
réncia em tempo real no ponto de cuidado.
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* Investigar técnicas de compressao de modelos, como poda, quanti-
zacao e distilacao, para viabilizar execugao eficiente em hardware
de baixo custo.
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1 INTRODUCTION

The placenta is a transient organ essential for the exchange of nutrients, oxygen, and
metabolites between the mother and fetus, in addition to playing a key role in hormone production and
the development of the fetal immune barrier (ROBERTS, 2008). Morphological alterations in the
placenta can be associated with gestational complications and adverse perinatal outcomes,
accounting for up to 65% of fetal death cases (PTACEK, 2014). Thus, placental analysis is a crucial
procedure for investigating pathological events that occur during pregnancy (KHONG, 2016).

Macroscopic placental evaluation allows for the identification of structural abnormalities in the
placental disc and umbilical cord, as well as anomalies in coloration and the integrity of the amniotic
membranes. In many cases, this analysis determines the need for histopathological examination,
which is performed by pathologists upon request from the attending obstetrician (SILVA, 2016).
However, the systematic request for placental histopathological examination is unfeasible due to its
high cost and operational demands. Therefore, the decision to refer a placenta for laboratory analysis
is based on clinical criteria and morphological characteristics observed at the time of delivery.
Nevertheless, the subjectivity of macroscopic evaluation and the variability in hospital protocols may
impact the early detection of placental pathologies (SILVA, 2016).

The advancement of Artificial Intelligence (Al) in the medical field has driven the development
of computational tools for medical image analysis, including prenatal imaging exams such as
ultrasound and magnetic resonance imaging (MRI), as well as histological tissue evaluation. However,
in the postpartum macroscopic analysis context, there is a notable gap in the literature regarding the
development of automated methods for identifying morphological patterns in photographic records of
placentas.

Given this scenario, this study presents a Systematic Literature Review (SLR) conducted
according to the methodological guidelines proposed by Kitchenham (2004), with the objective of
investigating the state of the art in computational methods for macroscopic placental analysis based
on photographic images. The review aims to map the techniques used, assess their applicability, and
identify challenges that must be overcome to facilitate the adoption of these systems in clinical
practice.



2 SYSTEMATIC LITERATURE REVIEW

2.1 STATE OF THE ART

In order to establish the state of the art in macroscopic placental analysis through computer
vision approaches, we conducted a systematic literature review following the protocols proposed by

Kitchenham (2004). Figure 1 presents a summary of the structure of our review.

QUESTION

What computer vision technigues are o
being used to identify morphelegical or
pathological patterns in macroscopic

placental analysis?

P

CONTEXT

Databases used: IEEE Xplore, ACM Digital
Library, ScienceDirect, PubMed, SciELO.

Figure 1. Research Structure. (Source: Authors, 2025).



2.1.1 Objective of the Review

The objective of this systematic literature review is to identify, compile, and analyze
academic studies related to computer vision methods used in the identification of macroscopic
placental alterations in surgical specimens. Based on the research structure presented in Figure 1, we

propose the following research questions (Table 2) to be addressed in this systematic review.

e What techniques are being used for morphological or pathological pattern recognition in
macroscopic placental analysis?

e What patterns are identified, and how are they classified?

e What strategies are used to interpret the shape of the placental disc?

e What strategies are used to assess the integrity of the placental disc?

e What strategies are used to analyze the shape and insertion of the umbilical cord?

e What strategies are used to interpret color alterations in the placenta?

e What contextual variables are incorporated into the model?

e What are the accuracy, precision, computational cost, and processing mode of these
methods?

e What is the adaptability and portability of the solution?

Table 2. Research Questions.



The results of this review consist of a compilation of methods and techniques used for
recognizing placental morphological patterns based on alterations in the organ's shape, integrity, and
coloration, with a focus on detecting both normal and pathological morphological patterns. Additionally,
the characteristics of the developed applications and their respective contexts are documented. These
applications pertain to the use of a model for supporting the automated screening of macroscopic

placental alterations and the request for histopathological examination.

2.1.2 Search Strategy

Aiming to identify studies focused on the macroscopic evaluation of placental characteristics in
the context of computer vision, and to refine the search terms, an initial informal search was
conducted across various platforms, including Google Scholar, IEEE, ACM, and Springer. Based on
this preliminary search, the most relevant keywords and their corresponding filters were selected to
construct search strings for the databases recommended by Kitchenham, as well as the major medical

databases, listed below.

Sources of Information:

e |IEEE Xplore (http://ieeexplore.ieee.org).
e ScienceDirect (www.sciencedirect.com).
e ACM Digital Library (http://portal.acm.org).
e Pubmed (https://pubmed.ncbi.nim.nih.gov).

e Scielo (https://www.scielo.br).

It is worth noting that at this stage, a marked scarcity of studies related to the pathological
characterization of macroscopic placental findings was observed, indicating that few studies have
been conducted focusing on the evaluation of the organ in the postnatal period. In contrast, there has
been a notable increase in studies conducted during the prenatal period, particularly those
characterizing morphological findings through radiological imaging exams, such as magnetic

resonance imaging (MRI) and ultrasonography.

2.1.2.1 Search Terms

Through a comprehensive review of the studies selected during the informal search, the
following keywords, their synonyms, and their respective associations based on proximity relationships

were identified:



(placenta) AND (pathology OR placental pathology OR macroscopic OR gross pathology OR gross
morphology) AND (deep learning OR Convolutional neural network OR CNN OR Transfer learning OR

Machine Learning OR Segmentation) AND (Photo image analysis).

Tables 3, 4, 5, 6, and 7 below detail the search strategy applied to each of the databases.

IEEE Xplore

Search Terms

(((("Document Title":"placenta" OR "Abstract":"placenta" OR "Document
Title":"pathology" OR "Abstract":"pathology" OR "Document Title":"placental pathology"”
OR "Abstract":"placental pathology" OR "Document Title":"placental" OR
"Abstract":"placental") AND ("Document Title":"deep learning" OR "Abstract™:"deep
learning" OR "Document Title":"Convolutional neural network" OR
"Abstract":"Convolutional neural network" OR "Document Title":"segmentation" OR
"Abstract":"segmentation") AND ("Document Title":"medical" OR "Abstract":"medical”
OR "Document Title":"health" OR "Abstract":"health" OR "Document Title":"anatomy"
OR "Abstract":"anatomy"))) )

Refining Search

e 2019-2024
e Title and Abstract

Quantitative 287

Results

Relevant 10 Relevant 0
(Title + Abstract) (Full Article)

Table 3. IEEE Xplore Search.

ACM Digital Library

Search Terms

[[Title: "placenta"] OR [Title: "placental"] OR [Title: "placental pathology"] OR [Abstract:
"placenta"] OR [Abstract: "placental"] OR [Abstract: "placental pathology"]] AND [[Title:
"deep learning"] OR [Title: "neural network"] OR [Title: "convolutional neural network"] OR
[Title: "enn"] OR [Title: "segmentation"] OR [Title: "segmentation"] OR [Abstract: "deep
learning"] OR [Abstract: "neural network"] OR [Abstract: "convolutional neural network"]
OR [Abstract: "cnn"] OR [Abstract: "segmentation™]]

Refining Search

e 2019-2024
e Title and Abstract

Quantitative 35

Results

Relevant 24 Relevant 3
(Title + Abstract) (Full Article)

Table 4. ACM Digital Library Search.




ScienceDirect

Search Terms

((placenta OR placental) AND (pathology) AND (deep learning OR CNN OR Transfer
learning OR Segmentation) AND (Photo image analysis))

Refining Search

e 2019-2024
e All Formats

Quantitative 129

Results

Relevant 3 Relevant 1
(Title + Abstract) (Full Article)

Table 5. ScienceDirect Search.

Pubmed

Search Terms

(placenta) AND (pathology OR placental pathology OR gross pathology OR gross
morphology) AND (deep learning OR Convolutional neural network OR Transfer learning
OR Machine Learning OR Segmentation) AND (Photo image analysis))

Refining Search

e 2019-2024
e All Formats

Quantitative 7

Results

Relevant (Title + 2 Relevant 1 (sem duplicatas)
Abstract) (Full Article)

Table 6. Pubmed Search.

Scielo

Search Terms

(placenta) AND (pathology) OR (placental pathology) OR (gross pathology) OR (gross
morphology) AND (deep learning) OR (transfer learning) OR (Machine Learning ) OR
(CNN) OR (Segmentation) OR (Photo image analysis)

Refining Search

e 2019-2024
e All Formats

Quantitative

Results
Relevant 0 Relevant 0
(Title + Abstract) (Full Article)

Table 7. Scielo Search.




2.1.2.2 Selection Process

In the selection process of primary studies, articles published in the last six years (2019 to
2024) and written in English were considered. Additionally, the selection included relevant secondary
literature, identified through the references of primary studies and citation metrics.

The selected articles must meet the quality criteria (Table 8) and inclusion criteria (Table 9)

while not meeting any of the exclusion criteria (Table 10), as described below.

Quality Criteria

e Provide a detailed description of the methodology, including the architecture of deep

learning models, datasets used, and evaluation metrics.

e Include experimental validation with real data, i.e., tests conducted on physical placenta

images rather than simulations or synthetic models.

e Employ segmentation, detection, or classification techniques for placental

morphological pattern recognition based on photographic images.

e Discuss the limitations of the proposed method, including challenges faced in detecting

morphological patterns.

e Perform a quantitative comparison with other state-of-the-art approaches, using
standardized metrics such as loU, Dice Score, AUC-ROC, and mAP.

e Published in high-impact journals or conferences, indexed in recognized scientific

databases.

Table 8. Quality Criteria.

10



Inclusion Criteria

Published in English and available in full text within the selected scientific databases.

Published between 2019 and 2024, ensuring that the studies reflect recent

advancements in the use of deep learning for placental analysis.

Application of deep neural networks (Deep Learning) for macroscopic morphological

analysis of placentas using photographic images of the organ.

Studies that include validation and practical experimentation, utilizing real datasets

and presenting quantitative metrics for model evaluation.

Studies that consider clinically relevant aspects, such as accuracy in diagnosing

placental alterations.

Table 9. Inclusion Criteria.

Exclusion Criteria

Studies that analyze macroscopic placental alterations exclusively through clinical
imaging exams, such as magnetic resonance imaging (MRI), ultrasonography, or

computed tomography, without the use of photographic images of the organ.

Studies that are purely theoretical model proposals, lacking experimental validation or

demonstrated results.

Articles that do not provide detailed evaluation metrics or fail to present concrete

results on the performance of the models used.

11




Studies that do not use deep learning (Deep Learning) as the primary approach for

placental analysis.

Systematic reviews or review articles without original data or new experiments.

Studies published in low-relevance scientific events, lacking peer review or recognition

in indexed databases.

Studies published before 2019.

Table 10. Exclusion Criteria.

12




3 DETAILED ANALYSIS OF THE ARTICLES

In this section, we detail the selected articles, grouped by year, with a brief description of

each.

3.1 2019

PlacentaNet: Automatic Morphological Characterization of Placenta Photos with Deep

Learning

Authors: CHEN, Y.; WU, C.; ZHANG, Z.; GOLDSTEIN, J. A.; GERNAND, A. D.; WANG, J. Z.
Repository: ACM Digital Library

Method:
Transfer Learning (TL), Convolutional Neural Networks (CNNs), Image Segmentation, Fetal/Maternal
Classification, Umbilical Cord Insertion Point Localization, Quantitative Evaluation with Standard

Metrics, Comparison with Benchmark Models (U-Net, SegNet).

The study proposes a deep learning model called PlacentaNet, designed for the automated
morphological analysis of placentas using photographic images. The method employs a multi-task

architecture based on CNNs, with a shared encoder for three specific tasks:

e Placental segmentation using the SegDecoder architecture, employing Dice Loss to mitigate
pixel-wise segmentation imbalances.

e Classification of the fetal/maternal side of the placenta through the Classification Subnet,
utilizing Binary Cross-Entropy Loss (BCE).

e Localization of the umbilical cord insertion point using the IPDecoder, which applies a

Gaussian heatmap and Mean Squared Error Loss (MSE) to predict the cord position.

The approach integrates Transfer Learning, allowing learned representations from segmentation to be
reused for improving classification and localization tasks. The study validates the proposal with a
dataset of 1,003 placenta images obtained from Northwestern Memorial Hospital, containing detailed
annotations for segmentation and pathological analysis. Performance was evaluated using metrics
such as loU, Dice Score, BCE Loss, and PCK (Percentage of Correct Keypoints), demonstrating a

significant improvement over benchmark models (U-Net, SegNet, and Hourglass).

13
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Figura 2: Arquitetura da PlacentaNet - um Codificador compartilhado entre todas as tarefas para extragdo de caracteristicas
(azul), um SegDecoder totalmente convolucional para segmentacdo de imagens (vermelho), uma Sub-rede de Classificagao
para classificagao da face fetal/materna (roxo) e um IPDecoder totalmente convolucional para localizagdo do ponto de insergao
do corddo. (CHEN, Yukan et al., 2019).

Analysis:

The PlacentaNet approach represents an innovative method for automating the morphological

characterization of placentas through deep learning. The study's primary innovation lies in its

multi-task architecture, which leverages shared representations across different tasks to optimize

segmentation, classification, and structural localization.

Strengths:

Use of Transfer Learning: Enhances training efficiency by enabling feature reuse from
segmentation in other tasks.

Quantitative comparison with state-of-the-art models: PlacentaNet outperformed U-Net,
SegNet, and Hourglass in segmentation and detection metrics.

Real and well-documented dataset: Images were collected from a reference hospital,
ensuring practical viability for clinical applications.

Demonstration of clinical impact: The study suggests applications in automated screening,

potentially reducing pathologists' workload.

Limitations and Challenges:

Limited dataset size: Despite promising results, the authors acknowledge that 1,003 images
may not be sufficient to ensure model generalization across varied clinical settings.
Dependency on initial segmentation: Any error in placenta segmentation may compromise

subsequent classification and localization tasks.
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e Lack of validation across multiple clinical centers: The model was tested using images
from only one hospital, which may limit its applicability across different populations and
imaging equipment.

e Absence of direct clinical validation: While results are promising, no comparative study
was conducted between PlacentaNet predictions and expert pathological evaluations.
PlacentaNet emerges as a promising model for the automatic analysis of placentas, showcasing
significant advancements in segmentation and morphological characterization. The study provides a
solid methodological foundation for future research, particularly in the automated screening of
placental anomalies. However, for clinical adoption, further studies are needed with larger and more

diverse datasets, as well as the integration of clinical feedback for real-world hospital validation.

3.2 2020

AlI-PLAX: Al-based placental assessment and examination using photos

Authors: CHEN, Y.; ZHANG, Z.; WU, C.; DAVAASUREN, D.; GOLDSTEIN, J. A.; GERNAND, A. D,;
WANG, J. Z.
Repository: PubMed

Method:
The study employs complex deep learning methods, including convolutional neural networks (CNNs)
and task-specific strategies for automated placental assessment and examination. A two-stage

pipeline was proposed for automated placenta evaluation, as shown in Figure 3.

Intermediate outputs

Stage |: Morphological Characterization Stage |I: Placenta Feature Analysis

[ Segmentation J [ Detection of retained J [Urnbilical Cord Insertion Typej
placenta Categorization
[ Insertion Point Localization ] —> [ Knot Detection ] (Hypemol'led Cord Dmeﬂion]

[ Disc Side Classification ] [ Meconium Detection J LR

Side: Fetal

Figure 3: Schematic diagram of the proposed two-stage framework for automated placental assessment and examination using
photos. (Source: CHEN, Yukun et al., 2020).

In Stage 1, for morphological characterization, the placenta was segmented using an encoder-decoder
architecture, incorporating U-Net and SegNet. The proposed approach utilizes a multi-head CNN for
morphological characterization tasks, employing a transfer learning strategy for training. Consequently,

fetal/maternal classification and umbilical cord insertion point localization leveraged
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segmentation-based information. The learned representation from segmentation improved these

subsequent tasks.

In Stage 2, placental feature analysis was performed, including:

Retained Placenta Detection: A classification network was used to identify retained placentas,
showing promising results.

Umbilical Cord Insertion Type Categorization: Classification of umbilical cord insertion type
based on the distance between the insertion point and the placental margin. Achieved an
overall accuracy of 88%, with precise distance estimation relative to actual values.

Detection of Meconium, Abruption, and Chorioamnionitis: ROC curves were used to
assess sensitivity and specificity in detecting these conditions, achieving high sensitivity and
specificity.

Irregular Shape Detection: Classification of placentas with irregular morphology, employing a
shape irregularity metric while considering annotation subjectivity limitations.

Detection of Hypercoiled Umbilical Cord: Classification of umbilical cords as hypercoiled,
demonstrating reasonable sensitivity and specificity, though with opportunities for improvement.
Knot Detection: Utilization of the mean average precision (MAP) metric under different overlap
thresholds. Sampling strategies were explored to address class imbalances, achieving

significant performance in detecting true knots.

Additionally, Stage 2 incorporated further analyses:

Inference Time Analysis: Summarized inference time for each model component, highlighting
system feasibility for clinical use.

Clinical Significance Discussion: Explored the benefits of automated placental assessment,
emphasizing objectivity, continuous availability, flexibility, and scalability in clinical applications.
Identified areas for improvement and underscored the need for continuous feedback from

healthcare professionals.

Analysis:

The study focuses on automating placental evaluation during pregnancy, addressing the limitations of

manual assessment due to time and cost constraints. It proposes a two-stage pipeline, starting with

placental morphological characterization using a CNN that shares features across related tasks. The

second stage focuses on detecting pathological indicators, such as retained placenta and umbilical

cord insertion types. The use of transfer learning and independent models aims to enhance

accessibility by leveraging photographic images. The dataset, consisting of 18,400 manually labeled

images, contributes to future research. The results indicate promising efficiency gains and

performance improvements, marking a significant step forward in the automation of placental

assessment to benefit maternal and fetal health.
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Multi-region saliency-aware learning for cross-domain placenta image segmentation

Authors:ZHANG, Z.; DAVAASUREN, D.; WU, C.; GOLDSTEIN, J. A.; GERNAND, A. D.; WANG, J. Z.

Repository: ScienceDirect

Method:
Multi-Region Saliency-Aware Learning (MSL), Attention Mechanism, Saliency Constraint, Adversarial
Translation, Experiments with Real-World Datasets, Efficiency Evaluation, Comparison with

State-of-the-Art Approaches.

The method proposed in this study (Figure 4), referred to as MSL (Multi-Region Saliency-Aware
Learning), stands out for addressing the challenge of placenta image segmentation across different
domains, particularly when target domain data is limited and corresponding labels are unavailable.
MSL employs a domain adaptation approach, integrating attention networks (AS and AT), generators
(GS — T and GT — S), discriminators (DS and DT), and consistency constraints to facilitate placenta
image translation between domains. A notable innovation is the introduction of attention and saliency

consistency losses:

e Attention consistency aims to maintain semantically crucial regions.

e Saliency consistency is designed to preserve saliency relationships between key objects.

Additionally, adversarial losses and cycle loss are employed to enable semantic mappings. The MSL
model is trained to adapt a pre-trained segmentation model to translated target domain images. The
practical application of this method is highlighted by its efficacy in improving chorioamnionitis
diagnosis, using pathological indicators such as fetal inflammatory response (FIR) and maternal

inflammatory response (MIR).

17



Target
domain lr

- ) @
it |

F- . att att att L
‘~|--4-__:"'GT—>S Gs—fr T—>S Gs—ﬂ"

L5

Source
domain

Figure 4: Proposed approach pipeline. The AT attention network divides the placenta image, highlighting regions such as the
ruler and background, while preserving semantics in unattended parts. The translated image combines translated attended parts
and original unattended parts, incorporating consistent attention and saliency losses, along with image-level adaptation.
(Source: ZHANG, Zhuomin et al., 2020, Oct.)

Analysis:

The innovative MSL approach integrates attention and saliency consistency constraints in domain
adaptation for placenta image segmentation, making it a noteworthy contribution. These constraints
proved effective in preserving crucial semantic information during cross-domain translation,
demonstrating MSL's capability to handle variations in image characteristics across different hospitals.
When compared to established image translation methods such as CycleGAN and AGGAN, MSL
exhibited a significant improvement in segmentation accuracy, as indicated by the substantial increase
in mean loU. The quantitative analysis highlights MSL's superiority in specific segmentation scenarios,
validating its effectiveness for the intended task. The practical application of this method in
chorioamnionitis diagnosis enhancement further underscores its clinical relevance. The use of
pathological indicators, such as FIR and MIR, reveals MSL’s versatility, extending beyond image
segmentation to contribute to more accurate diagnoses in various clinical settings. However, it is
essential to note certain challenges that may arise, depending on data quality and availability across
different clinical domains. Additionally, further research is required to generalize the method for other
medical imaging modalities. Thus, MSL represents a significant contribution to domain adaptation for
placenta imaging, offering an innovative and quantitatively validated approach with critical clinical
implications. The inclusion of visual results, such as segmentation images and performance metrics,

further reinforces confidence in the method's effectiveness.
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3.3 2022

Vision-Language Contrastive Learning Approach to Robust Automatic Placenta

Analysis Using Photographic Images

Authors: PAN, Y.; GERNAND, A. D.; GOLDSTEIN, J. A.; MITHAL, L.; MWINYELLE, D.; WANG, J. Z.
Repository: ACM Digital Library

Method:

Vision-Language Contrastive Learning (VLC), NeglLogCosh Similarity Metric (NegLogCosh),
Sub-Feature Comparison, Pre-Training and Fine-Tuning Stages, Encoder Architectures, Experimental
Evaluation.

The study proposes an advanced machine learning approach, referred to as Vision-Language
Contrastive Learning (VLC), to automatically analyze photographic placenta images. This approach
utilizes a contrastive training method, where the neural network learns robust placenta representations
by integrating both image-based and pathological report-based information. To overcome previous
challenges, the authors introduce the NegLogCosh similarity metric, which reduces the suppression of
critical features. Additionally, a sub-feature comparison technique is implemented to enhance the
model’s sensitivity to different placental characteristics. The method is divided into two key training
stages:

e Pre-Training: A foundational model is trained using large-scale data.

e Fine-Tuning: Model weights are adjusted to optimize performance on placental image

analysis tasks.

Specific encoder architectures are employed, including ResNet50 for images and BERT for text-based
pathology reports. The proposed approach is evaluated on various tasks, including the identification of
meconium-stained placentas and inflammation patterns, demonstrating its efficacy and robustness

across different acquisition conditions, including iPad-captured images.
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Figure 5: Proposed Method - Consists of a pre-training stage and a fine-tuning stage. The pre-trained text encoder is frozen
using a gradient stop operation during the pre-training phase. The image encoder is frozen and shared across all tasks in the
fine-tuning stage. (Source: PAN, Yimu et al., 2022).

Analysis:

This study presents an innovative and advanced approach for automatic placenta analysis using
machine learning techniques, particularly Vision-Language Contrastive Learning (VLC). The proposed
method is designed to overcome previous challenges, such as feature suppression, with the goal of
delivering more robust and efficient placenta analysis. The key innovation of this study lies in the
introduction of the NegLogCosh similarity metric, which reduces the suppression of critical features
during training. Additionally, the sub-feature comparison technique enhances the model’s ability to
distinguish between different placental characteristics. The study demonstrates promising results in
placental analysis, emphasizing the importance of model generalization and robustness in diverse
clinical settings. The use of specific architectures, such as ResNet50 for image analysis and BERT for
text processing, further reinforces the comprehensive and specialized nature of the method. Despite
these strengths, the study acknowledges the need for a larger clinical dataset for further validation and
continuous improvement. Nonetheless, this work represents a significant contribution to placental

analysis automation and holds great promise for future clinical applications.

3.4 2023

Enhancing Automatic Placenta Analysis through Distributional Feature Recomposition

in Vision-Language Contrastive Learning

Authors: PAN, Y.; CAl, T.; MEHTA, M.; GERNAND, A. D.; GOLDSTEIN, J. A; MITHAL, L,;
MWINYELLE, D.; WANG, J. Z.
Repository: ACM Digital Library
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Method:
Pathology Report Feature Recomposition, Vision-Language Contrastive Learning (VLC), Efficient
Neural Networks, Evaluation on Different Datasets, Component Ablation, Training and Inference

Efficiency.

The study proposes methods to enhance automatic placenta analysis, aiming to improve both
performance and training efficiency, focusing on robust representation learning and overcoming
challenges associated with the variability in pathology reports and feature distribution. An overview is

presented in Figure 6.
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Figure 6: Comparative illustration between the proposed approach (left) and traditional Vision-Language Contrastive Learning
(VLC) (right). Inputs consist of images (x) and text (t), with an example input shown on the left. (Source: PAN, Yimu et al., 2023).

The study introduces two major improvements:

1. Pathology Report Feature Recomposition
2. Distributional Feature Recomposition in Vision-Language Contrastive Learning (VLC)

The Pathology Report Feature Recomposition is a novel approach in the medical VLC domain,
capturing features from pathology reports of varying lengths. This method aims to reduce feature
suppression, ensuring all placental characteristics are treated equally. Additionally, the study presents

a loss function formulation to achieve a more robust feature representation:

The Distributional Feature Recomposition seeks to provide a more robust and distribution-aware
representation. The article employs bootstrap techniques to estimate the distribution of the mean
feature vector. This function is represented as N(u(V),o0(V)), where p(V) and o(V) denote the mean

and standard deviation, respectively. During training iterations, bootstrap sampling is applied to

generate a bootstrapped feature set V' from the estimated normal distribution N(p(V),0(V)). Thus, in
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the distribution representation through the vector - ZVEV V, the method captures the variation
of features over training epochs. This approach aims to improve the representativeness of the mean
vector, resulting in enhanced generalization capability. The research also leverages efficient neural
networks, such as EfficientNet-BO and MobileNetV3-Large-1.0, as backbones for the model. These
lighter and faster architectures are used to improve efficiency and accessibility in placenta analysis,
particularly for resource-limited healthcare settings. To assess model performance, multiple datasets
were used, including an iPad-based evaluation dataset. Metrics such as AUC-ROC were calculated to
measure model effectiveness for specific tasks. Additionally, training and inference efficiency were
analyzed, considering factors like:

e Training time

e Throughput (examples per second)

e Floating-point operations per second (TFLOPS)
These key methodologies represent significant contributions to enhancing automated placenta

analysis.

Analysis:
The article presents an innovative approach to automated placenta analysis, utilizing advanced
Vision-Language Contrastive Learning (VLC) techniques. The primary contribution of the study lies in

the introduction of two key improvements:

1. Pathology Report Feature Recomposition — addressing the challenge of variable-length
pathology reports by reducing feature suppression.
2. Distributional Feature Recomposition — employing bootstrap techniques to stabilize feature

representation across training epochs.

Regarding experimental results, the study demonstrates that the proposed approach outperforms
previous methods in terms of both efficiency and performance. However, the authors highlight the
need for greater robustness in evaluating iPad-acquired images, indicating potential areas for
improvement. Additionally, the dependency on a large pre-trained language model may pose

limitations in scalability and flexibility.
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4 DISCUSSION

This systematic review aimed to identify, compile, and analyze academic studies that apply
computer vision techniques for the identification of morphological patterns in placentas. After applying
the selection criteria, five studies were included, each employing different methodologies for placental
image segmentation, classification, and analysis.

The analyzed studies applied convolutional neural networks (CNNs) and various deep
learning approaches to extract morphological features from placenta images. Models such as
PlacentaNet (2019) and AI-PLAX (2020) utilized Transfer Learning to enhance segmentation and
umbilical cord localization. In contrast, more recent studies, such as Vision-Language Contrastive
Learning (2022) and Enhancing Automatic Placenta Analysis (2023), explored contrastive and
multimodal learning, integrating images and clinical reports to enrich analysis capabilities.

Table 11 summarizes the technologies used in each of the analyzed studies, highlighting the
methods applied for segmentation, classification, and umbilical cord localization, as well as the training

strategies adopted.

Article Segmentation Classification Umbilical Cord Training Strategy
Localization
PlacentaNet SegDecoder Classification Subnet IPDecoder Transfer Learning
(2019)
Al-PLAX (2020) U-Net SegNet Multitask CNN CNN + PCK CNN with Transfer
Learning
Multi-region MSL (Multi-region
Saliency (2020) Saliency) Not addressed Not addressed Domain Adaptation
Vision-Language ResNet50 BERT + Contrastive Not addressed Contrastive Learning
(2022) Learning
Enhancing VLC EfficientNet-BO VLC + Efficient Neural Not addressed Contrastive Learning +
(2023) Networks Bootstrapping

Table 11. Technologies employed in each analyzed study.
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Beyond the technologies utilized, it was possible to compare the performance of models using
quantitative segmentation and classification metrics. Figure 7 presents a comparative analysis of the
results obtained in each study, enabling an evaluation of the effectiveness of the proposed approaches

for placental analysis.

1.0
Q 0.95
loU
O 0.90
Dice Score
O 0.85
AUC-ROC
O 0.80
Precision
O 0.75
Recall

0

PlacentaNet Al-PLAX Multi-region Vision-Language Enhancing VLC
Legends (2019) > (2020) galli;ngly > Vel (2022) ¢ > (2029)
(2020)

Figure 7: Comparative graph of segmentation, classification, and localization metrics for the models analyzed in this systematic
review. The loU (Segmentation), Dice Score, AUC-ROC (Classification), Precision, and Recall metrics were extracted from all
studies. (Source: Authors, 2025).

In addition to the general segmentation and classification metrics, some studies also
evaluated the accuracy of umbilical cord insertion point localization. Only the PlacentaNet (2019) and
AI-PLAX (2020) models reported this metric, using the Percentage of Correct Keypoints (PCK) to
quantify the accuracy of umbilical cord position prediction. Figure 8 presents a performance

comparison of these two models in this task.
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Figure 8: Comparison of the Percentage of Correct Keypoints (PCK) between PlacentaNet (2019) and Al-PLAX (2020), which
performed automated detection of the umbilical cord insertion point. Other studies did not report this metric. (Source: Authors,
2025).

Based on the analyzed studies, computer vision has been shown to automatically identify
morphological features relevant to placental screening and clinical analysis. The main investigated

aspects include:

e Placental disk shape (Al-PLAX, 2020). (Al-PLAX, 2020).

¢ Umbilical cord insertion patterns (PlacentaNet, 2019).

e Presence of meconium, placental abruption, and chorioamnionitis (Al-PLAX, 2020).
e Detection of retained placenta (Al-PLAX, 2020).

From these findings, it was possible to partially answer the research questions proposed in this review:

e What techniques are used for placental pattern recognition?
The analyzed studies employed CNNs (U-Net, SegNet), Transfer Learning, and Contrastive

Learning (VLC) for segmentation and classification of placental images.
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e What patterns are recognized, and how are they classified?
The research identified morphological patterns related to placental shape, structural

alterations, and umbilical cord insertion.

e What strategies are used to interpret placental shape and integrity?
Deep learning-based segmentation, particularly using U-Net and SegDecoder, was widely

applied for placental structure delineation and characterization.

e What strategies are used for detecting placental color alterations?
The AI-PLAX (2020) study explored ROC curves to detect chorioamnionitis and meconium

through automatic color variation analysis in placenta images.

e What is the accuracy and computational cost of these models?
More robust models, such as AI-PLAX (2020), achieved up to 88% accuracy in anatomical

pattern detection but had high computational costs, requiring specialized hardware.

e Are these models adaptable and portable?
PlacentaNet and AI-PLAX are highly specialized, whereas more recent approaches such as

VLC (2022-2023) explore generalization across different devices and lighting conditions.

Despite the advances presented, some gaps and challenges still need to be overcome. First,
the lack of publicly available databases hinders the reproducibility of research, making models highly
dependent on the specific datasets used in each study. Additionally, the generalization of these
models to different populations and clinical settings has not been extensively tested, as most studies
rely on images from a single hospital or research center. Finally, clinical validation remains limited, as
none of the analyzed studies directly compared their results with evaluations conducted by human
pathologists. Therefore, although the application of computer vision in placental analysis presents
advanced segmentation and classification methods, the clinical adoption of these models still requires

additional studies to establish their robustness and effectiveness in real-world scenarios.
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5 CONCLUSION

The integration of computer vision and deep learning techniques in macroscopic placenta
analysis has demonstrated great potential for automating the identification of morphological patterns,
increasing efficiency and accuracy in clinical assessments. This systematic review evidenced that
CNN-based models, such as PlacentaNet (2019) and AI-PLAX (2020), achieved high performance in
segmentation and classification, while more recent approaches, such as multimodal contrastive
learning (2022-2023), explored the integration of images and clinical data to enhance interpretation
and diagnostic capabilities.

The analyzed studies demonstrate that deep learning methods can segment placental
structures, classify fetal and maternal surfaces, and identify key anatomical features, achieving high
values in metrics such as loU, Dice Score, and AUC-ROC. However, despite these advances, several
challenges still limit the generalized clinical application of these models. Among them, the scarcity of
publicly available datasets hinders research reproducibility and model scalability. Additionally, the
generalization of these methods to different populations and clinical settings has not been extensively
tested, as most studies rely on data from a single hospital or research center. Another limitation is the
lack of large-scale clinical validation, as none of the studies directly compared their results with
evaluations performed by pathologists, which is essential for ensuring reliability in medical
applications.

Future research may benefit from the development of standardized datasets, validation of
models in diverse clinical environments, and optimization of architectures to reduce computational
costs and increase accessibility. Moreover, the incorporation of self-supervised learning and
multimodal approaches has the potential to improve the robustness and interpretability of these
models.

As research in this field advances, Al-assisted placental analysis may become a
complementary tool to support pathologists, enabling more precise and efficient assessments and
reducing the manual workload associated with anomaly screening. However, its integration into clinical
practice will depend on overcoming methodological challenges and conducting rigorous large-scale

validations to ensure its reliability and applicability in hospital settings.
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Abstract—Postpartum placental assessment is essential for
clarifying adverse pregnancy outcomes and informing clinical
decisions; however, anatomopathological examination is generally
reserved for selected cases due to structural and operational
constraints. This study presents a deep learning-based pipeline
for segmenting placental structures in real images taken in the
delivery room, aiming to support clinical triage. A proprietary
dataset was built using a standardized photographic protocol and
annotated by pathologists across nine morphological classes. Five
architectures were evaluated: U-Net with ResNet34, ResNet50,
EfficientNet-B0, and EfficientNet-B7 backbones, in addition to
YOLOv11 for instance segmentation. ResNet34 achieved the
best overall performance (Dice: 81.2%, IoU: 70.6%, Accuracy:
85.3%), while YOLOV11 reached a AP50 of 73.2% in detecting
key anatomical components. Despite the limitation imposed by
the small dataset—which may affect the models’ generalization
capability—the results demonstrate the feasibility of using Al
for photographic placental triage, with potential to assist clinical
decisions and optimize resource use in obstetric settings.

Index Terms—Placenta, Deep Learning, Pathology, Instance
Segmentation, Postpartum Screening.

I. INTRODUCTION

The placenta is an essential organ for fetal development,
performing critical metabolic, immunological, and hormonal
functions. Morphological alterations are associated with var-
ious obstetric complications, such as intrauterine growth re-
striction, preeclampsia, and fetal death [1]-[4]. Histopatho-
logical examination is a valuable tool for identifying these
alterations and clarifying adverse perinatal outcomes [5], [6].

However, the systematic analysis of all placentas through
histopathological examination is unfeasible in most hospitals
due to structural limitations, shortages of human resources, and

This work was performed with computational resources provided by
FAPESC - Foundation for Research and Innovation Support of the State of
Santa Catarina, grant nr. 2024TR000090

operational costs. As a result, such examinations are typically
reserved for cases with defined clinical criteria or evident
visual abnormalities at delivery. In this context, artificial intel-
ligence (Al), particularly deep learning techniques, emerges as
a promising strategy to automate initial screening and support
decisions regarding the need for further testing.

Although AI has been successfully applied to medical
imaging, its use in placental pathology has mostly focused
on prenatal examinations (such as ultrasound and magnetic
resonance imaging) [7]-[10], or controlled laboratory set-
tings [11]-[15]. The lack of solutions targeting postnatal
macroscopic analysis was confirmed by a systematic review
conducted by our team [17], which highlighted a gap between
computational advances and their practical implementation in
hospital environments.

To address this gap, we proposed a standardized photo-
graphic protocol for placental image acquisition in the de-
livery room [18], considering parameters such as background,
lighting, and positioning. This protocol has been employed
to construct a proprietary dataset consisting of real images
annotated by pathologists into relevant morphological classes.

This study builds upon our previously accepted work pre-
sented at the IEEE International Symposium on Computer-
Based Medical Systems (CBMS) 2025 [31], where three con-
volutional network architectures were evaluated for placental
segmentation in a clinical setting. In the present article, we
extend this research with new experiments, including hyper-
parameter tuning, evaluation at higher resolutions, and the
addition of new architectures—such as U-Net with ResNet50
and EfficientNet-B7—without direct comparison to previous
results.

Our goal is to demonstrate technical and methodological
advancements toward a robust tool suitable for obstetric rou-
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Fig. 1. Overview of the current workflow for macroscopic placental assessment and the proposed Al-based solution. After childbirth, the birth attendant (e.g.,
physician, midwife, or nurse) performs an initial morphological examination to identify gross abnormalities or clinical issues in the newborn or mother. If
alterations are found, the placenta is sent for anatomopathological examination (AP). If no alterations are observed and there is no adverse clinical evolution,
the placenta is stored for a short period (typically 72 hours to one week) and then discarded. The proposed approach introduces an automated screening
pipeline, using standardized photographic capture at the time of delivery and Al-based identification of relevant morphological features to support clinical

decision-making.

tine, reinforcing the role of Al as a clinical decision support
system at the point of care.

A. Related Work

The application of artificial intelligence (AI) to placen-
tal analysis has predominantly focused on prenatal imaging
modalities, such as ultrasound and magnetic resonance imag-
ing, typically conducted in controlled environments [1]-[3].
Few studies employ post-delivery photographic images, and
those that do generally address specific tasks such as cord
insertion classification or placental maturity assessment [11],
[12].

Models such as PlacentaNet [11] and AI-PLAX [12] pro-
pose multi-task pipelines but face limitations related to image
standardization, clinical validation, and the scarcity of publicly
annotated datasets [3], [8]. More recent strategies, including
those by Pan et al. [14], [15], explore contrastive learning
approaches combining images and clinical text to enhance
robustness across diverse hospital contexts.

However, studies applying modern segmentation techniques
to real-world macroscopic placental images remain scarce.
Some approaches, such as that of Zhang et al. [13], leverage
domain adaptation and saliency-aware learning, but their focus
is limited to specific placental regions.

This work aims to advance the field by evaluating sev-
eral state-of-the-art segmentation and detection architec-
tures—including U-Net with ResNet34 and ResNet50 back-
bones, EfficientNet-BO and B7, and YOLOv11 [24], [25]—on
clinical images captured using a standardized photographic
protocol [18]. The models were assessed using robust metrics,
including Dice [28], IoU, accuracy, training/validation loss,

and confusion matrix, enabling a comprehensive evaluation
across multiple morphological structures.

B. Contributions

The main contributions of this work can be summarized as
follows:

« Extension of a previously validated pipeline with new
architectures: A previously validated pipeline [31] was
expanded by incorporating modern architectures, such as
EfficientNet-B7 and ResNet50, alongside hyperparameter
adjustments including batch size and number of epochs;

« Re-evaluation of models using refined data: Previously
evaluated networks (ResNet34 and EfficientNet-B0) were
retrained with improved preprocessing and annotation
procedures, resulting in enhanced performance compared
to earlier results;

« Enhancement of the clinical dataset: Although the
image set remained the same, updates in annotations and
the data loading structure contributed to more consistent
outcomes, emphasizing the importance of a well-defined
pipeline;

o Standardized comparative evaluation by architec-
ture type: Segmentation models (ResNet34, ResNet50,
EfficientNet-B0, and B7) were compared under a unified
experimental protocol using consistent metrics, such as
Dice coefficient (the primary criterion for best model se-
lection), IoU, accuracy, and training/validation loss. The
detection model (YOLOv11) was evaluated using task-
specific metrics, including AP50, AP50-95, confusion
matrix, and visual predictions;



« Advancement in Al applications for maternal health:
This study advances an ongoing research line dedicated to
automated postnatal placental screening, with an empha-
sis on low-cost solutions compatible with point-of-care
settings.

II. MATERIALS AND METHODS

This section describes the dataset, image acquisition proto-
col, annotation process, network architectures, training config-
urations, and evaluation metrics.

A. Dataset and Annotation Process

This study employed a dataset composed of 156 original
images captured immediately after delivery at partner obstetric
centers and maternity hospitals. The images were collected
under two distinct conditions: one subset was acquired under
routine hospital procedures, while the other followed a stan-
dardized protocol developed by our team, which involved a
neutral background, diffuse lighting, and orthogonal framing
[18].

Images were organized and annotated using the Roboflow
platform [32], which provides interactive tools for annota-
tion, dataset management, image transformation, and export
in various formats. Annotations targeted the main clinically
relevant morphological structures of the placenta. However,
only the classes with a sufficient number of representative
visual examples were used in the experiments. Table 1 presents
the annotation distribution across the morphological classes.

CLASS NAME COUNT

cordao_umbilical_fetal 83
cordao_umbilical_materno 72
disco_discoide_fetal 56
disco_discoide_materno 29
disco_irregular_fetal 7
disco_irregular_materno 8
disco_ovalada_fetal 16
disco_ovalada_materno 41

vasos_arboriforme 515

TABLE 1
DISTRIBUTION OF LABELED INSTANCES ACROSS MORPHOLOGICAL
CLASSES USED FOR TRAINING.

For the semantic segmentation experiments—primarily
based on the U-Net architecture—the dataset was expanded
from 156 to 468 images using data augmentation techniques
[19]. The applied transformations included rotations (+15°),
horizontal and vertical flips, shear distortion (x10%), satu-
ration variations (+25%), and exposure adjustments (+10%).
These transformations are exemplified in Figure 2.

During preprocessing, a misalignment was identified be-
tween some RGB images and their corresponding masks,

Fig. 2. Examples of synthetic images generated through data augmentation,
simulating common variations in mobile device captures (rotation, lighting,
geometric distortion, and saturation).

caused by the EXIF Orientation metadata. This metadata pre-
serves the original capture orientation (portrait or landscape)
without physically rearranging the pixel matrix on disk. While
this behavior is common in digital cameras to speed up image
encoding, it may lead to inconsistencies when computer vision
applications—or image-reading libraries—fail to interpret the
orientation field correctly. In practice, this results in images
and masks with swapped dimensions or axes (e.g., pixels
stored as x, y being displayed as y, x), thus feeding the model
with incorrectly aligned data.

To correct this and ensure consistency between each image
and its mask, the Auto-Orient feature from Roboflow was
applied during preprocessing. This function removes rotation
metadata and rewrites the pixel matrix in the correct final
orientation, standardizing all images regardless of the camera
position at capture time [33]. After normalization, images were
resized to 1600 x 1200 px and converted to lossless PNG
format, ensuring the preservation of relevant morphological
details.

This adjustment was applied only in the semantic seg-
mentation experiments (class-specific masks). In the instance
detection task using the YOLOvV11 architecture [24], the
annotations consisted of bounding boxes independent of the
masks, and therefore did not present the same issue. The data
were exported in the following formats:

« MASKSs: for semantic segmentation models, with one

binary mask per class;

« YOLOI11 (TXT): for YOLOv11, following the official

architecture standard with normalized class and position
coordinates [25].

B. Photographic Capture Protocol

To standardize the images and ensure their suitability for
artificial intelligence models, a specific protocol was developed



for photographing placentas immediately after delivery, in
accordance with ethical principles approved by the Research
Ethics Committee (CEP/CONEP).

Images were captured before the placenta was sent to the
pathology department or discarded. The organ was cleaned and
placed on a transparent acrylic plate with a blue vinyl back-
ground, providing suitable contrast and visual isolation. Light-
ing was provided by ambient or directed artificial sources,
avoiding shadows and reflections.

Photographs were taken using Android or iOS mobile
devices with rear cameras of at least 12 MP resolution. The
device was held perpendicular to the plate to capture the entire
organ area, ensuring standardized distance and framing across
different records.

For each placenta, images were acquired from both main
sides: the fetal side (showing vessels, membranes, and the
umbilical cord) and the maternal side (displaying cotyledons
and septa), based on anatomical landmarks. When possible,
hands, instruments, or other objects were kept out of the frame.

This protocol proved effective for building a homogeneous
image dataset that meets the technical requirements for seg-
mentation and automated classification algorithms [18]. An
example of standardized versus unstandardized capture is
shown in Figure 3.

Unstandardized (v) Standardized

Fig. 3. Comparison between a unstandardized image (captured without
adherence to the photographic protocol) and a standardized image (captured
in accordance with the protocol’s recommended procedures).

C. Architectures Used

This study evaluated five deep learning architectures applied
to semantic segmentation and instance detection in macro-
scopic placental images. The selected networks are well-
established in the medical imaging domain and exhibit com-
plementary characteristics in terms of depth, computational
efficiency, and representational capacity.

1) U-Net with ResNet34 and ResNet50: U-Net is a
widely adopted architecture for biomedical segmentation tasks,
combining an encoder—decoder structure with skip connections
to preserve spatial details [22]. In this study, we used U-Net
variants with ResNet34 and ResNet50 backbones. ResNet34
is known for its residual connections, which mitigate vanish-
ing gradients in deep networks, while ResNet50 introduces
bottleneck blocks, allowing for increased depth with reduced
computational cost [3], [4], [26]. The use of both variants

aimed to explore the trade-off between learning capacity
and stability when processing clinical images with noise and
morphological variability.

2) U-Net with EfficientNet-B0 and EfficientNet-B7: Ef-
ficientNet variants use compound scaling to balance network
depth, width, and resolution, achieving high performance with
fewer parameters [27]. EfficientNet-BO—the baseline model
of the family—was re-evaluated in this study using refined
annotations. EfficientNet-B7, a deeper and more expressive
variant, was tested for its potential advantages in morpholog-
ical placental screening.

3) YOLOv11: was used for the instance detection task.
This single-stage architecture simultaneously predicts classes
and bounding boxes, offering high speed and good accu-
racy—features desirable in clinical operational settings [24],
[25]. As it differs from U-Net-based segmentation models, its
evaluation included metrics such as AP50, AP50-95, confu-
sion matrix, and qualitative prediction outputs.

D. Training Configurations

All experiments were conducted on an NVIDIA DGX
workstation equipped with an H100 GPU, enabling efficient
training of deep networks using high-resolution images. For
each architecture, training configurations were tailored to its
complexity, aiming to balance performance, computational
cost, and generalization capability.

The environment was developed in Python, using the Py-
Torch framework as the foundation for model construction and
training [29]. The main libraries used are listed below:

o FastAl: a high-level API built on PyTorch, employed in
the design and training of U-Net models with ResNet and
EfficientNet backbones [2];

« Albumentations: used for data augmentation, providing
fast and optimized transformations for computer vision
tasks [19];

o LAPIXDL: a Brazilian library for visualization and eval-
uation of medical segmentations [35];

o Ultralytics: the official package for training YOLOv11
models [25];

+ Weights & Biases (W&B): a platform used for tracking
and monitoring training metrics [36];

« EfficientUNet-PyTorch: a library used to integrate Effi-
cientNet backbones with U-Net [37];

« Matplotlib, Pandas, and Seaborn: used for exploratory
data analysis, plotting, and confusion matrix visualization
[8]-[10].

The U-Net models with ResNet and EfficientNet backbones
were trained in three successive stages, with progressively
increasing image resolutions (%, %2, and full), combined with
fine-tuning. The number of epochs, batch size, loss function,
and optimizer were adjusted based on the observed perfor-
mance at each stage.

Table 2 summarizes the main parameters adopted in each
experimental configuration, including the architecture, training
strategy, input resolution, and dataset split.
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TABLE II

TRAINING SETTINGS PER MODEL

E. Evaluation Metrics

The performance of the models was assessed using widely
recognized metrics for segmentation and detection tasks, aim-
ing to capture both overall quality and per-class behavior.

For semantic segmentation models (U-Net with different
backbones), the following metrics were adopted:

o Dice Coefficient (F1-Score): Measures the similarity
between predicted and ground truth masks; particularly
sensitive to minority classes [21];

o Intersection over Union (IoU): Also known as the
Jaccard Index; evaluates the ratio of intersection over
union between segmented regions [2];

o Foreground Accuracy: Calculates accuracy excluding
the background class, highlighting performance on clini-
cally relevant morphological structures [3].

For the instance segmentation model (YOLOv11), the fol-
lowing were used:

o AP50: Average precision considering an IoU threshold
> 0.5;

o AP50-95: Average precision across multiple thresholds
(from 0.5 to 0.95 in increments of 0.05), providing a more
stringent evaluation [28].

Additionally, the following analyses were conducted:

o Loss curves (train/val): Tracked across epochs to mon-
itor learning dynamics, training stability, and signs of
overfitting;

« Multiclass confusion matrices: Used to analyze frequent
misclassifications between visually similar classes;

« Qualitative visualizations: Compared ground truth and
predicted masks to support subjective performance as-
sessment.

The combination of objective metrics and visual analyses
enabled a comprehensive evaluation of model performance,
allowing for a thorough comparison between different archi-
tectures.

III. RESULTS

Five architectures were evaluated with a focus on seg-
menting morphological structures of the placenta: U-Net with
ResNet34, ResNet50, EfficientNet-BO, EfficientNet-B7, and
YOLOvVI11. The U-Net-based networks followed a three-stage
training strategy with increasing image resolutions (%, Y2, and
full), which allowed for improved spatial refinement of the
predicted masks [18].

Table 3 summarizes the main performance metrics—Dice,
IoU, and accuracy—obtained for each U-Net architecture in

the placental segmentation tasks.

ResNet34 81,19% 70,58% 85,31%

ResNet50 61,35% 50,51% 73,01%

EfficientNet-B0 74,55% 68,15% 89,77%

EfficientNet-B7 75,29% 69,09% 90,40%
TABLE III

SUMMARY OF PERFORMANCE METRICS FOR U-NET MODELS IN
PLACENTAL SEGMENTATION

For the instance segmentation task, YOLOv11 achieved
a AP50 of 73.2% and a AP50-95 of 60.2%, with higher
precision in classes such as the umbilical cord and oval discs
[24], [25]. In contrast, the arborized vessels class exhibited
lower accuracy, reflecting its greater morphological complex-
ity and a possible class imbalance in the dataset. Figure 4
presents a summary of these metrics by class, highlighting
the performance variations among the different morphological
structures analyzed.

Figure 5 shows segmentation examples generated by
ResNet34 and EfficientNet-B7, demonstrating good delin-
eation of the main anatomical structures.

Figure 6 presents the confusion matrix and loss curves for
the ResNet34 model, serving as an example to illustrate class-
wise performance and training progression over the epochs.
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Fig. 4. Detection (Box) and segmentation (Mask) metrics obtained by the YOLOv11 architecture, presented by class. The metrics include Precision, Recall,
mAP@50, and mAP@50-95, showing higher performance in structures such as the umbilical cord and oval discs, and lower accuracy in arborized vessels.
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IV. DISCUSSION

Unlike most previous studies that rely on ultrasound, mag-
netic resonance imaging, or controlled laboratory environ-
ments [7]-[9], this work proposes the application of artificial
intelligence techniques to real photographs captured in the
delivery room. This approach aims to reflect real-world clinical
settings, thereby enhancing practical applicability. However, it
also introduces significant challenges to segmentation, such
as irregular lighting, the presence of blood, and visually
similar structures. To mitigate these factors, a standardized
photographic protocol was adopted [18], which had a direct
impact on the visibility of morphological structures, facilitat-
ing both annotation and automated learning—particularly in
the detection of vessels and umbilical cords, which are critical
due to their high anatomical variability.

In terms of model performance, U-Net with a ResNet34
backbone achieved the best balance among accuracy, stability,
and computational cost—even when applied to a dataset
affected by noise and class imbalance—confirming findings
from previous biomedical segmentation literature [38], [39].
ResNet50, in contrast, did not yield significant improvements
over its shallower counterpart, suggesting that deeper architec-
tures do not necessarily translate into better results in clinical
scenarios with limited data volume. The EfficientNet-BO and
B7 variants, however, demonstrated solid performance after
targeted hyperparameter adjustments—such as using a batch
size of 16—indicating that model success depends not only
on the architecture itself but also on fine-tuning and training
strategies.

The YOLOv11 architecture proved effective for instance
segmentation tasks, achieving a AP50 of 73.2% and AP50-95
of 60.2%, with stronger performance in well-defined structures
such as the umbilical cord and placental disc. Nonetheless,
the network exhibited limitations in classes such as arborized
vessels, suggesting that morphological complexity and class
imbalance negatively affect the model’s ability to learn con-
sistent patterns. Complementary analyses using confusion ma-
trices and qualitative visualizations were essential to under-
stand these behaviors, reinforcing the importance of per-class
evaluation—rather than relying solely on global metrics—in
biomedical models [28], [31].

As highlighted in our systematic literature review [17], there
remains a lack of studies exploring multiclass segmentation
in real macroscopic placental images. This work contributes
to addressing that gap by demonstrating that multiresolution
approaches, standardized acquisition protocols, multicriteria
evaluation, and progressive training are key components for
advancing practical Al-based solutions in real clinical con-
texts.

From a clinical perspective, healthcare professionals in-
volved in childbirth care—including physicians, obstetric
nurses, and doulas—are naturally interested partners in the ap-
plication of tools that can support rapid and accurate decision-
making [41]-[43]. Adverse obstetric outcomes have a critical
impact, as it is generally not expected that something will

deviate from the normal course of childbirth [44], [45]. At
the same time, the high demand for care and the limitation
of resources in healthcare services reinforce the utility po-
tential of technological solutions capable of optimizing case
screening and prioritization [46]. Although this study did not
include field validation, integrating the model into real clinical
workflows, along with collecting feedback from end users, will
be essential to assess its impact on decision-making and its
feasibility for large-scale adoption (Al-plax and PlacentaNet).

A. Threats to Study Validity

The main threat to the validity of this study concerns
the reduced size and clinical limitation of the dataset used.
Although the images represent real delivery room conditions,
the representation of lesions associated with a wider range
of clinical contexts is still limited, restricting the variety of
possible diseases that can be recognized by the models.

The placenta is a morphologically complex organ, whose
analysis involves recognizing a wide range of structural pat-
terns and variations within normality. Relevant alterations may
manifest in subtle and distinct ways, requiring a dataset that
captures not only different pathological presentations but also
the inherent anatomical variability of the organ.

The reduced size and imbalance among anatomical classes
in the dataset limit the models’ generalization capacity, es-
pecially for rare morphological anomalies. In this study, such
imbalance may have affected the learning of certain structures,
such as the arborized vessels class. The next step should focus
on expanding the dataset to incorporate greater diversity of
cases and clinical contexts, thereby improving segmentation
fidelity and enhancing the robustness of the models, including
field validation for real clinical application.

V. CONCLUSION AND FUTURE WORK

This study explored the application of deep learning archi-
tectures for multiclass segmentation in macroscopic images of
the placenta captured directly in the delivery room. Among the
evaluated models, U-Net integrated with ResNet34 achieved
the best overall performance, while EfficientNet-based variants
demonstrated solid stability following hyperparameter adjust-
ments.

Despite these encouraging results, the study was limited by
a small and imbalanced dataset and the inherent challenge of
segmenting morphologically similar structures. Class-wise per-
formance analyses using confusion matrices reinforced these
limitations, highlighting the importance of targeted evaluation
metrics in biomedical modeling.

Future work will focus on:

« Expanding the dataset, focusing on greater representa-
tiveness and balance among classes, including diversity
of clinical contexts and capture conditions (both proto-
colized and non-protocolized), in order to increase the
robustness and generalization capacity of the models;

« Enhancing annotations with greater structural detail,
especially in morphologically ambiguous regions;



o Conducting in-depth assessments of HRNet and explor-
ing attention-based architectures such as transformers;
 Pursuing clinical validation, with the goal of integrating
these models into a decision-support system—potentially
via a mobile application—to assist in the automated triage

of placentas at the point of care.
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Abstract—While routine macroscopic placental assessment is
performed in all deliveries, anatomopathological examination is
reserved for selected cases due to logistical and resource con-
straints. Although artificial intelligence (AI) has shown promise
in medical imaging, its application to postpartum placental
screening remains underexplored in clinical settings. This study
addresses this gap by developing a deep learning pipeline to
improve segmentation of placental structures using macroscopic
photographs captured in delivery rooms, with the aim of support-
ing anatomopathological referral decisions. A proprietary dataset
was constructed under both standardized and routine clinical
conditions, with annotations curated by pathologists across eight
morphological classes. Three architectures—YOLOv11, U-Net
with ResNet34, and U-Net with EfficientNet-B0—were evaluated
for segmentation and classification performance. Results demon-
strated moderate efficacy: YOLOv11 achieved an AP50 of 72%
for instance segmentation, while U-Net variants showed higher
classification accuracy (up to 85.18%) but lower segmentation
precision (Dice scores: 24.70-61.97%). These findings support
the feasibility of incorporating Al-based photographic analysis
into routine clinical workflows for placental evaluation. Despite
preliminary segmentation limitations, this work establishes a
foundation for Al-driven placental triage, offering potential to
optimize resource allocation by guiding anatomopathological
referrals.

Index Terms—Placenta, Instance Segmentation, Postpartum
Period, Computer Vision, Surgical Pathology.

I. INTRODUCTION

The placenta plays a crucial role in maternal-fetal interac-
tion, directly influencing pregnancy outcomes and long-term
neonatal health [1], [2], [3], [4]. Placental anatomopatholog-
ical examination is a valuable tool for identifying obstetric
complications [5], [6]. However, as most pregnancies proceed
without complications, systematic examination of all placentas
is logistically and economically unfeasible. Current clinical
practice therefore limits this analysis to selected cases, based
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on gestational history and macroscopic features observed at
delivery [1].

Although Artificial Intelligence (AI) has demonstrated con-
siderable potential for automating medical image analysis,
its reported applications in placental pathology appear to be
primarily limited to prenatal imaging examinations, such as
ultrasound and magnetic resonance [7], [8], [9], [10], and,
in the postpartum period, to laboratory-based analyses [11],
[12], [13], [14], [15]. This observation suggests a gap in the
development of tools for hospital-based placental screening,
where preliminary evaluations could assist in decisions regard-
ing anatomopathological examination referrals.

In order to support this investigation, we conducted a
Systematic Literature Review (SLR) following Kitchenham’s
methodology [16], [17] which confirmed that Al use in this
context remains narrowly focused and disconnected from real
clinical workflows. To address this gap, this study proposes
an innovative solution by developing a deep learning pipeline
focused on segmenting and characterizing the macroscopic
features of the placenta, aiming to improve the efficiency
of examination referrals. For this purpose, we employed a
structured image acquisition protocol and a proprietary dataset
built from images captured in real clinical environments,
specifically in delivery rooms [18].

In this paper, we present the preliminary results of our
research, establishing this initial phase as a foundation for
future improvements. The next steps involve experimenting
with different neural network architectures, fine-tuning hy-
perparameters, and exploring hybrid approaches, aiming to
optimize placental segmentation and integrate the tool into
clinical obstetric workflows.

A. Objectives

The primary objective of this study is to answer the follow-
ing question:



o Can deep learning models assist in the morphological
screening of placentas based on standardized macroscopic
photographs captured in real clinical environments?

Addressing this question contributes to a scarcely explored
area in computational pathology: the application of Al in
macroscopic analysis under clinical conditions. The outcomes
of this research may support a more efficient screening pro-
cess for placental specimens and guide anatomopathological
decision-making at the point of care.

II. MATERIALS AND METHODS

This section outlines the datasets used and describes the
methodological framework, including image acquisition proce-
dures, annotation process, data augmentation techniques, and
model training strategies.

A. Ethical Considerations

This research complies with ethical standards for studies
involving human subjects, and was approved by the Brazilian
Research Ethics Committee (CEP/CONEP) under protocol
number CAAE: 86362524.7.0000.0121.

B. The Placenta

The placenta presents two distinct surfaces: the fetal side,
with translucent membranes, vascular arborization, and umbil-
ical cord insertion; and the maternal side, composed of wine-
colored spongy tissue with cotyledons separated by thin septa.
These gross anatomical features provide diagnostic clues for
identifying pathological conditions. Examples of both surfaces
and their annotations are shown in Figure 1.

1) Dataset Description: This study used a dataset of 156
manually annotated placental images, later expanded to 374
through data augmentation. All images were obtained in
delivery rooms of Obstetric Centers and Maternity Hospitals,
immediately after delivery. While some were captured under
routine hospital conditions, a subset followed a standardized
acquisition protocol to ensure consistency in background,
lighting, and framing [18]. Data augmentation was performed
using the Albumentations library [19]. Horizontal and vertical
flips simulated positional variation, optical distortions adjusted
depth and perspective, and random contrast, color jitter, and
motion blur reflected lighting inconsistencies common in
delivery room environments. Affine transformations (rotation,
translation, shearing, and zoom) further improved generaliza-
tion by increasing the model’s ability to adapt to scale and
framing variation.

2) Image Acquisition Protocol: To standardize the image
acquisition, the placenta was positioned on a blue background
as described by the protocol of placenta acquisition in the
delivery room [18]. This standardization was designed to
improve chromatic contrast and align with existing practices
in gross pathology and surgical fields. The plate dimensions
ensured full accommodation of the placental disc without
requiring external scale references, enabling computational
inference of relative measurements. All images were obtained
with the use of mobile devices (Android A0S and iOS A1778).

FETAL SIDE MATERNAL SIDE

cordao_umbilical_fetal
disco_ovalada_fetal

disco_discoide_materno

cordao_umbilical_materno

Fig. 1: Anatomical features of the placenta: illustration, pho-
tographic capture, and annotated image. Row A: schematic
illustration showing the fetal surface (left), with translucent
membranes, arboriform vascular pattern, and centrally inserted
umbilical cord; and the maternal surface (right), with visi-
ble cotyledons separated by thin septa, corresponding to the
uterine attachment site. Row B: photographic example of a
placenta captured under the standardized imaging protocol,
highlighting both surfaces. Row C: annotated version of both
side of the placenta image.

3) Annotation procedures: To enable supervised training
of the Al models, each image was manually annotated with
the assistance of a specialized pathologist, ensuring precise
curation of the anatomical regions of interest.

Eight classes were defined for visual representation of the
morphological characterization of placental structures:

o Fetal umbilical cord — Delimitation of the umbilical cord
visible on the fetal surface.

o Maternal umbilical cord — Delimitation of umbilical cord
segments visible on the maternal surface.

o Fetal discoid disc — Delimitation of the normal shape of
the placental disc on the fetal surface.

« Maternal discoid disc — Delimitation of the normal shape



of the placental disc on the maternal surface.

o Fetal irregular disc — Delimitation of abnormally shaped
placental discs on the fetal surface.

o Maternal irregular disc — Delimitation of abnormally
shaped placental discs on the maternal surface.

o Fetal oval-shaped disc — Delimitation of oval-shaped
placental discs on the fetal surface.

« Maternal oval-shaped disc — Delimitation of oval-shaped
placental discs on the maternal surface.

o Arboriform vessels — Delimitation of vascular structures
on the fetal surface.

The final dataset contains the segmentation mask, segmen-
tation points, and label of the object of interest, making it
suitable for both semantic and instance segmentation.

C. Models and Training Procedures

In this study, we evaluated three convolutional neural net-
work (CNN) architectures for the purpose of placental image
analysis: YOLOI11, U-Net with a ResNet backbone, and U-
Net with an efficientnet backbone. We chose these models as
they showed state-of-the-art performance in image segmen-
tation tasks on various image modalities, including medical
imaging [20]-[23], aiming to assess their effectiveness in the
morphological characterization of placental structures. Due to
the low amount of data available, the data was split into a
training set (80%), validation set (10%), and test set (10%).
The total amount of images can be seen in Table I.

1) YOLOII: YOLOI11 was employed for instance seg-
mentation and object detection. The single-stage architecture
predicts bounding boxes and class probabilities in a single for-
ward pass, enabling efficient detection of multiple anatomical
structures in macroscopic placental images [24], [25].

2) U-Net (ResNet34): ResNet34 was employed as the
encoder backbone within a U-Net architecture for semantic
segmentation. This configuration allowed for the pixel-wise
delineation of placental regions of interest, such as disc shapes
and vascular structures, leveraging ResNet’s feature extraction
capabilities with U-Net’s spatial precision [22], [26].

3) U-Net (EfficientNet-B0): This model was explored for its
balance between accuracy and computational efficiency. The
EfficientNet backbone enhances feature representation while
maintaining a lightweight structure, making it a promising
approach for semantic segmentation in clinical imaging work-
flows [22], [27].

4) Evaluation Metrics: The performance of the architec-
tures was assessed using metrics widely adopted in the image
segmentation field [28]. Intersection over Union (IoU) and the
Dice coefficient were applied to quantify the overlap between
model predictions and manual annotations for the semantic
segmentation models. For instance segmentation, the metrics
AP50 and AP50-95 were used to measure average classifica-
tion and mask precision across different IoU thresholds.

D. Training Configurations

All models were implemented in Python using high-level
libraries, specifically FastAl and PyTorch [29]. All training

was conducted on the university’s NVIDIA DGX H100 server,
leveraging its state-of-the-art computational infrastructure to
enable efficient and robust data processing. A summary of the
training configurations, hyperparameters, and computational
details for each evaluated model is presented in Table I.

YOLO11 RESNET34 EFFICIENT

Architecture /
512x512 512x512

Network Input 640x640

AdamW AdamW

Number of images

(Train/val/test) 300/37/37

300/37/37 300/37/37

TABLE I: Training configuration for each model.

ITI. RESULTS

The YOLOI1 model achieved an average AP50 of 72%
and AP50-95 of 67.1%. The ResNet34 U-Net-based approach
reached a classification accuracy of 72.86%, with a mask seg-
mentation measured by the mean Dice coefficient of 61.97%
and an average IoU of 49.91%. The EfficientNet U-Net model
obtained the highest classification accuracy, reaching 85.18%,
although its mask segmentation showed an average Dice score
of 31.35% and mean IoU of 24.70%.

IV. Di1ScusSION

According to our systematic review [17], previous studies
have focused primarily on medical imaging or laboratory en-
vironments [7], [8], [9], [11], [12]. In contrast, this study used
photographs captured directly in the delivery room under semi-
controlled conditions, bringing the computational approach
closer to real-world clinical practice. A subset of these images
followed a standardized acquisition protocol, while others
reflected the variability commonly found in hospital settings.

Despite satisfactory performance in class classification, the
segmentation metrics were suboptimal, suggesting the need
for more annotated images and further refinement of the
dataset and model hyperparameters. A closer examination
of the dataset reveals that the challenges in segmentation
are particularly associated with anatomical regions exhibiting
complex morphology. Figure 2 shows examples of visual
artifacts, such as blood overlap and inadequate lighting. Figure
3 illustrates how variations in capture conditions, such as



lighting, background, and framing, can affect both annotation
quality and model performance.

The fetal surface contains a tortuous vascular arrange-
ment characterized by high inter-individual variability and
poorly defined boundaries, complicating the accurate mapping
of vessel trajectories in two-dimensional images. Addition-
ally, overlapping tissues, uneven lighting, and surface blood
residues further impair the annotator’s ability to consistently
delineate structures. The photographic protocol [18] serves as
a proposed strategy to mitigate these issues through standard-
ization of lighting, framing, and background during image
acquisition, findings frequently highlighted in the literature:
image acquisition standardization plays a critical role in the
performance of computer vision models [13], [14], [30].

YOLO11 showed average performance in both classification
and segmentation (AP metric). U-Net-based models ResNet34
and EfficientNet-BO demonstrated good overall classification
but poor segmentation precision. These limitations are consis-
tent with observations reported in related studies of semantic
segmentation [11], [12].

UNEVEN LIGHTING AND POOR BACKGROUND

Fig. 2: Examples of placental images presenting visual chal-
lenges for segmentation. (A) and (B) display uneven lighting
and non-standard backgrounds. (C) and (D) show residual
blood and unclear vessel boundaries. These visual artifacts can
compromise both manual annotation and model performance.

V. LIMITATIONS

While this study offers preliminary insights into Al-driven
placental screening, some limitations must be acknowledged.

ANNOTATION RESULTS

cordao_umpbilicol_fetal 0,96

cordao_umbilical_fetal

disco_discoide_fetal

Fig. 3: Annotation and model prediction across different
image capture conditions. Row A: (left) Annotated image
of Placenta captured with the standardized protocol; (right)
segmentation results generated by the YOLO11 model. Row
B: (left) Annotated image captured in a hospital setting without
standardization, using the typical blue background of surgical
units; (right) corresponding YOLO11 prediction. Row C: (left)
Annotated image provided by a doula, captured under non-
standard conditions with a white background; (right) YOLO11
prediction.

o The limited size (374 images) and class imbalance of the
dataset restrict model generalizability, particularly for rare
morphological anomalies. The next step should focus on
more diverse datasets to improve segmentation fidelity.

o Although a standardized acquisition protocol was par-
tially implemented, inconsistent adherence in real-world



settings underscores the need for stricter image acquisi-
tion guidelines to minimize visual artifacts (e.g., blood
residues, uneven backgrounds). Future iterations should
compare a completed standardized dataset.

o The evaluation was conducted exclusively in academic
environments, leaving the models’ real-world clinical
utility untested. Integration into hospital workflows and
direct benchmarking against existing tools are essential
next steps to assess practical impact.

« Architectural exploration focused on three models with-
out addressing new transformer-based models, which
could potentially improve fine segmentation via attention
mechanisms.

Despite these challenges, this work establishes a foundational
framework for Al-assisted placental triage. Addressing these
limitations through expanded datasets, evaluation of newer
architectures (e.g., transformers), and clinical validation will
be essential to bridge the gap between computational research
and point-of-care deployment.

VI. CONCLUSION

Our study represents an initial round of experimentation
exploring the use of Al for placental screening in obstetric
settings.

Preliminary results suggest that deep learning models can
assist in the morphological analysis of the placenta and inform
decisions regarding anatomopathological examination requests
with great potential to increase performance and precision
when supported by standardized imaging protocols and well-
annotated datasets.

In current practice, anatomopathological examination of the
placenta is performed based on clinical conditions or macro-
scopic findings suggestive of disease. This decision relies on
visual inspection by the obstetrician or attending physician
in the delivery room. However, due to the subjective nature
of this assessment and the impracticality of performing the
examination on all placentas, the process may result in unnec-
essary referrals or the underuse of pathological analysis. Thus,
although still preliminary, the proposed approach demonstrates
potential to optimize resource allocation in placental triage,
assisting physicians in the delivery room.

As healthcare systems increasingly adopt Al-driven
pipelines, model selection must prioritize architectures that
balance precision and generalizability. Our work bridges Al
innovation with clinical pragmatism, offering a framework to
optimize placental screening workflow. Future directions in-
clude expanding the dataset to improve model generalization in
domain-specific applications, further bridging the gap between
computational research and clinical deployment. Subsequent
steps involve validation in controlled laboratory environments
and field testing in real-world clinical settings, with the aim
of integrating the system into routine workflows, potentially
through dedicated mobile applications.
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