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Abstract Artificial Intelligence-based Medical Image Analysis (AI-MIA) has
achieved significant advantages in accuracy and efficiency in various biomedical
applications. However, most existing deep learning (DL) models have a fixed
network structure and aim at single MIA tasks, making it difficult to meet the
diverse and complex MIA requirements. To improve the universality of the
AI-MIA DL models, we propose a configurable DL framework, which consists
of a MIA task element library and a DL model component library. We estab-
lish a MIA task element library to accurately define various potential MIA
tasks for numerous diseases. In addition, we collect DL computation modules
that can be used in different steps of MIA, and built a DL model componen-
t library. Given a specific MIA demand of different diseases, the framework
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can build a personalized DL model by defining MIA tasks and configuring
DL model components. Moreover, by comparing with the existing machine
learning (ML)/DL models, the structure of the DL model for each configu-
ration can be further adjusted to improve its performance. To demonstrate
the effectiveness of the proposed framework, two personalized DL models are
designed for upper abdominal organ detection and colon cancer cell classifica-
tion, achieving high accuracy and high performance. Experimental results on
actual medical image datasets show that the configurable DL framework can
define specific MIA requirements for different diseases, and flexibly configure
DL model components to build suitable personalized DL models. Compared
with the state-of-the-art methods, the significant advantage of our framework
is that it can generate personalized DL models with a flexible structure, and
can continuously fine-tune the model structure to improve model performance.

Keywords Artificial intelligence · configurable framework · deep learning ·
medical image analysis · personalized model.

1 Introduction

1.1 Motivation

With the rapid development of information science and medical imag-
ing technology, various new medical imaging technologies and Medical Image
Analysis (MIA) methods have been emerged [30]. Medical imaging can scan
and feed back the state of internal tissues and organs of the human body
in a non-interventional manner, and has evolved into an important auxiliary
tool for clinical diagnosis and medical research [7, 29]. In recent years, Arti-
ficial Intelligence (AI) has achieved technological breakthroughs in the field
of image recognition and classification thanks to its advantages such as no-
preprocessing, high accuracy, and easy modeling. AI-based MIA (AI-MIA) is
one of the principal applications of AI in intelligent medical diagnosis and
treatment [1, 24, 40]. AI-MIA has achieved significant benefits in accuracy
and efficiency in applications such as lesion feature extraction, lesion detec-
tion, tissue localization, and disease screening and diagnosis.

The explosive growth of medical imaging data has brought new opportuni-
ties and challenges to AI-MIA. On the one hand, large-scale images of various
diseases contain rich disease characteristics and medical information, provid-
ing a large amount of training data for AI-MIA applications [30, 33, 39]. In
this way, the AI-MIA solutions can train large-scale medical images and real-
ize a high-performance and stable learning model, thereby effectively improv-
ing the accuracy of image analysis and disease diagnosis. On the other hand,
large-scale medical imaging data sets have also promoted the development of
AI-MIA in the breadth and depth directions [5, 12]. More and more diseases
use AI technology for image analysis and disease diagnosis. In addition, the
diagnosis of each disease may include more diverse and complex MIA tasks
[4, 17].
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As an important branch of AI, Machine Learning (ML) or Deep Learning
(DL) has demonstrated unprecedented performance in many applications of
AI-MIA. Facing the complex MIA requirements of various diseases and large-
scale medical image data processing, the existing ML/DL methods mainly face
the following challenges:

1. Diverse and complex MIA requirements. Different disease tissues and patholo-
gies have different analysis requirements and require different analysis meth-
ods. In addition, many MIA applications often require diverse and complex
processing steps, such as tissue and organ detection, lesion segmentation,
and disease classification. Different steps may require distinct medical im-
age data, resources, operating procedures, and analysis approaches.

2. Insufficient universality of ML/DL models. Although numerous ML/DL
models have been proposed for different MIA applications, most existing
models have a fixed network structure, which is only for single MIA tasks,
and has insufficient universality to meet the needs of diverse and complex
MIA applications. In addition, some existing work does not take into full
consideration the particularity of medical imaging and the specific require-
ments of clinical applications. Although they can obtain high-performance
results in simulation experiments, they face practical problems such as
complex calculations or poor robustness in practical applications.

In this paper, we propose a configurable DL framework to flexibly create
various suitable DL models for different MIA tasks, effectively meet the di-
verse needs of MIA applications, and improve the universality of DL models.
The configurable framework is composed of a MIA task element library and
a DL model component library, which are respectively created by subdivid-
ing the image analysis process and module component decomposition. Using
the configurable DL framework, we can precisely define the specific MIA re-
quirements of a certain disease, and create a corresponding DL model with a
specific network structure by configuring appropriate model components. Ex-
periments on actual MIA applications show that the proposed framework can
construct relatively high-performance DL models for different MIA tasks. The
contributions of this paper are summarized as follows.

– To accurately define various potential MIA tasks for numerous types of
diseases, we create a MIA task element library. By subdividing common
steps in the MIA process, medical image attributes and image analysis
tasks are extracted from existing MIA solutions.

– To collect DL computation methods that can be used for MIA, we create a
DL model component library. We extract and decompose DL model com-
ponents from the existing DL models used for MIA and image processing,
and establish corresponding formal models.

– Based on the configurable DL framework, we build specific DL models
for the given MIA requirements of different diseases by configuring model
components. To evaluate the effectiveness of our framework, we construct
two DL models for upper abdominal organ detection and colon cancer cell
detection and classification.
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The rest of the paper is organized as follows. Section 2 reviews related
work. Section 3 introduces the configurable DL framework for MIA, including
a MIA task element library and a DL model component library. Section 4
presents the detailed configuration process of the specific DL models of two
actual MIA applications. Finally, Section 5 presents conclusions and future
work.

2 Related Work

Medical image analysis is widely used in clinical examination and diagnosis
of various diseases, such as tumor diagnosis, brain function detection, and car-
diovascular disease screening [9, 19, 33]. The locating and detection of diseased
tissues, the segmentation and classification of organs and lesions are currently
hot research topics in the field of MIA [16]. It is necessary to label and in-
terpret the content and characteristics of medical images in combination with
medical expertise. In addition, there are different medical imaging principles
in MIA, including Computer Tomography (CT), Magnetic Resonance Imaging
(MRI), X-ray, ultrasound, Positron Emission Computed Tomography (PET),
and pathological optical microscope [27, 32, 37]. Medical images with differ-
ent imaging principles have different MIA processing requirements and tasks
[30, 40]. However, there are few common image processing methods that can
be simultaneously applied to MIA applications of different imaging principles.

In recent years, AI, ML, and DL technologies have achieved technological
breakthroughs in image recognition and have been widely used in the field
of MIA [12, 27, 36]. The current main research directions of ML/DL tech-
nology in MIA include tissue and lesion segmentation, tissue localization and
detection, and lesion recognition and classification. For example, in [34], Yuan
et al. proposed a semantic segmentation DL model for prostate cancer image
segmentation. Fedorov et al. used a multi-task learning method to optimize
the training of a Fully Convolutional Neural Networks (FCN) model and ap-
plied it to the segmentation of coronary CT images of the heart [33]. In [13],
Kawahara et al. proposed an optimized Convolutional Neural Network (CNN)
model to predict brain MRI images of children with autism. To solve the prob-
lem that deep CNN models are difficult to train, He et al. proposed a deep
residual model (ResNet), which allows the deep convolutional layer to directly
learn the residual mapping instead of the underlying mapping [10]. In terms
of tissue localization and detection, Liao et al. designed a CNN model based
on multiple sets of patches to detect CT images of lung nodules and obtained
high recognition performance [17]. In [35], Zakaria et al. designed a hierarchi-
cal Adaboost neural network for image object detection. In [25], Redmon et
al. proposed an efficient DL algorithmfor target detection (called “You Only
Look Once”, YOLO). However, most existing ML/DL models focus on single
MIA tasks and have a fixed network structure, making them difficult to meet
the diverse and complex MIA requirements.
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To improve the universality of DL models, different configurable or adap-
tive methods have been proposed [3, 7, 21, 22, 28]. Focusing on adaptive DL
methods, Sun et al. proposed an adaptive DL model for digital pre-distortion,
which uses multiple regression neural networks and ensemble predicting mod-
ules to make the model more adaptive [28]. In [31], Tang et al. used an indi-
vidual adaptive learning rate to improve the descent process of the DL model
for fault diagnosis of rotating machinery. In [21], Ma et al. proposed an adap-
tive auto-encoder network that dynamically adjusts model weights and detects
the head and neck cancers. In addition to adaptive DL methods, few studies
have focused on configurable ML/DL models [3, 22]. For example, Jim et al.
designed a configurable deep belief network and applied the proposed model
to the field of dementia prediction [22]. In [3], Chakradhar et al. proposed a
configurable CNN model to match specific parallel computing requirements
by adjusting the parameters of the model. However, the existing adaptive and
configurable DL methods mainly focused on adjusting the self-structure and
parameters of the models, and cannot meet the adaptability to diverse target
application requirements.

Due to the complexity of medical images, such as complex tissue shapes,
heavy workload of training sample labeling, and imbalance of samples in var-
ious categories, medical images of many diseases cannot be directly trained
and analyzed by using existing ML/DL models. In addition, most of the ex-
isting ML/DL models usually have a fixed network structure and are directed
to single MIA tasks, resulting in insufficient universality. In actual application
scenarios, it is sometimes difficult to meet diverse and complex MIA require-
ments.

3 Configurable Deep Learning Framework

The universality of the DL models is an important factor affecting the
operation and development of AI-MIA. In this section, we propose a config-
urable DL framework, which consists of a MIA task element library and a DL
model component library. The configurable DL framework can define specif-
ic MIA requirements for different diseases, configure DL model components,
and build suitable personalized DL models. The overall architecture of the
proposed configurable DL framework is illustrated in Fig. 1.

3.1 Construction of MIA Task Element Library

Although the MIA tasks for different diseases are varying, there are some
common or similar steps in these tasks, such as Region Of Interest (ROI)
recognition, lesion/tissue segmentation, and disease classification. We collect
existing MIA application scenarios and extract medical image attributes and
image analysis tasks, respectively. In addition, we decompose the common
steps in the MIA processes to build a MIA task element library. Based on this,
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Fig. 1 Architecture of the proposed configurable DL framework for MIA. The framework
consists of a MIA task element library and a DL model component library.

we can accurately define new MIA tasks for different diseases. The construction
process of the MIA task element library is shown in Fig. 2.

Fig. 2 The construction process of the MIA task element library, including medical image
attribute extraction, MIA process decomposition, and MIA task definition. Medical image
attributes and image analysis steps are extracted from existing MIA applications. Then, the
common steps in the MIA process are decomposed. Based on the medical image attributes
and the common steps of MIA, we can define specific MIA requirements for different diseases.

(1) Medical image attribute extraction.

Through literature review and on-site investigation, we collect and an-
alyze existing MIA application scenarios to extract different medical image
attributes, including image data types, medical image regions, and disease
categories. Let A = {T,R,C} be a set of medical image attributes, where T
is a set of image data types, R is a set of medical image regions, and C is
a set of disease categories. There are six main types of medical images, such
as CT images, MRI images, PET images, X-ray images, ultrasound images,
and OCT images. Medical imaging regions mainly include the brain, retina,
chest cavity, abdomen, skin, breast, lung, and other areas. Disease categories
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refer to various diseases for which MIA is used for examination and auxiliary
diagnoses, such as tuberculosis, breast cancer, and glioma.

(2) MIA process decomposition.
In actual MIA applications, MIA tasks usually consist of multiple subtasks.

By analyzing the specific process of MIA tasks in various diseases, we extract
the key steps that have common or similar functions. Then, we evaluate the
independence of each MIA step, namely, whether there are quantifiable inputs
and outputs. In addition, we define each individual MIA step in detail, includ-
ing input, analysis process, technical requirements, and output. In this way,
a series of MIA steps can be extracted and precisely defined. These steps are
used as MIA task elements, thereby building a MIA task element library de-
fined as E = {e1, · · · , ei, · · · , e|E|}, where |E| is the number of task elements,
and each task element ei represents an independent MIA step.

(3) MIA task definition.
Based on medical image attributes and MIA task elements, we can flexibly

and precisely define various MIA task requirements for specific diseases. Given
a certain disease and the corresponding medical images, we set the medical
image attributes and define the MIA requirement by combining different MIA
steps (task elements) from the MIA task element library. For example, in Fig.
2, in order to detect and diagnose a patient’s glioma, we set the image data
type to “MRI image”, the medical image region to “brain”, and the target
disease category to “glioma”. Then, we select the required MIA task elements,
such as cerebral spinal cord segmentation, cerebellar division, sub-cerebral
segmentation, and glioma detection. On this basis, we define the MIA task
as “Segmentation of brain spinal cord and supracurvature and detection of
glioma based on MRI images”. The defined MIA task will be used as image
analysis requirements to build a corresponding specific DL model.

3.2 Construction of DL Model Component Library

We collect existing DL models in the fields of MIA and related image
processing, analyze the model structure to extract common model components,
and build a DL model component library. For each DL model component,
we construct the corresponding formal model by defining the computation
process, input interface, and output interface. The construction process of the
DL model component library is shown in Fig. 3.

3.2.1 Model Component Extraction

Various DL models are used in MIA and image processing, including Con-
volutional Neural Network (CNN), Recurrent Neural Network (RNN), Fully
Convolutional Neural Network (FCN), Stacked Auto-Encoder (SAE), Varia-
tional Auto-Encoder (VAE), Deep Q-Network (DQN), Faster R-CNN, Support
Vector MAchine (SVM), Random Forest (RF), etc [13, 20, 33]. We analyze the
structure and performance of each DL model, and extract model components
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Fig. 3 The construction process of the DL model component library, including DL model
decomposition and model component formulation. The structure of various DL models in
MIA and image processing are analyzed for model decomposition and component extraction.
Then, the formula of each model component is defined to perform model reconstruction.

with distinct structures and functions. In this work, we extract 4 types of
DL model components, including computation units, activation functions, loss
functions, and optimizer units. In addition, we also define our own novel cus-
tom model components according to specific MIA requirements.

1. Computation units. We extract various typical network structures and
computation units from the existing DL models, including but not limited
to: convolutional layer, pooling layer, dropout layer, batch normalization
layer, dense fully connected network (FCN), reshape layer, upsampling2D,
ResNet, and Inception units.

2. Activation functions. Different activation functions are used in existing
DL models for image processing, including smooth nonlinear activation
functions, continuous activation functions, and random regularization ac-
tivation functions [26]. Smooth nonlinear activation functions such as sig-
moid, tanh, elu, softplus, and softsign, are extracted. The continuous acti-
vation functions include relu, crelu, and relu x. In this work, the dropout
function is also regarded as a random regularization activation function.

3. Loss functions. Considering that different loss functions have a significant
influence on the prediction accuracy and parameter convergence of the DL
models, we extract various loss functions that are suitable for MIA [38]. The
extracted loss functions include L1 loss function, L2 loss function, Mean
Squared Error (MSE), Mean Absolute Error (MAE), Structural Similarity
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(SSIM) index, Multi-scale SSIM (MS-SSIM), cross-entropy, dice coefficient,
focal loss function, and log-likelihood functions.

4. Optimizer units. The DL model component library also involves multiple
optimizer units [11], including Batch Gradient Descent (BGD), Stochastic
Gradient Descent (SGD), Mini-Batch Gradient Descent (MBGD), Momen-
tum Adaptive gradient algorithm (Adagrad), RMSprop, and Adaptive mo-
ment estimation (Adam).

5. Custom model components. Taking into account the unique charac-
teristics of medical imaging data and MIA tasks (i.e., imbalanced samples
in various categories, heterogeneous imaging data, and multi-modal data
fusion), we define our own model components, such as data argumenta-
tion components, image transformer components, etc. In addition, we also
provide an extensible component interface to allow users to further define
their own computation components and add them to the model component
library.

3.2.2 Model Component Formulation

For each extracted DL model component, we establish the corresponding
formal model by defining its input interface, computation process, and output
interface. Due to space limitations, we choose four components as examples to
illustrate the construction process of the formal model.

(1) Computation unit - convolution computation component.
Take the convolution calculation component as an example to briefly ex-

plain the formulating process of the computation units. This component is
used to perform convolution calculations on the input matrix for image feature
extraction. The main model parameters of this component include activation
function f(), convolutional kernel weight matrix F (with the size of WF ×HF ),
bias item wb, convolution step size S, and zero-filling number P . The formal
model of the convolution computation component is shown in Fig. 4.

As shown in Fig. 4, the convolution calculation component performs convo-
lution on the elements in the input matrix of each medical image, and outputs
the image feature matrix. The convolution function is defined as:

A = X ⊗ F = f

(
D−1∑
d=0

Xd × Fd + wb

)
, (1)

where D represents the depth of the input matrix, and Xd represents the
d-th layer matrix. The input is an image matrix or feature matrix of size
WIn ×HIn ×D, and the output is a feature matrix of size WOut ×HOut ×D.
In this way, we can establish a formal model of the convolution computation
component, and define a definite calculation process, model parameter set,
input interface, and output interface.

(2) Custom image augmentation components
Although radiology departments in hospitals around the world produce

massive amounts of clinical medical images, most of them cannot be directly
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Fig. 4 Formal model of the convolution computation component, where the input interface
is a medical image matrix, the computation process is a convolution operation, and the
output interface is an image feature matrix.

used for DL model training and data analysis. Data preprocessing is an im-
portant step in MIA, including sub-processes such as multi-modal data fusion,
image registration, and image augmentation. For medical image augmentation,
most existing solutions only perform data augmentation on training samples,
but ignore the corresponding ground truth or labels. In this work, in addition
to the existing DL model components, we further design our own image aug-
mentation components to expand the size of medical images. The designed data
augmentation components can well solve the problem of the available small-
size medical image data sets and the imbalance of samples between different
categories. The structure of the designed image augmentation component is
shown in Fig. 5.

We collect more than 24 transformation operations and use them as image
augmentation elements, such as affine transformation, color transformation,
pixel overlay, noise, blur, rotate, flip, invert, sharpen, crop, etc. Then, we design
multiple transform-based image augmentation components for different type-
s of medical images. The augmentation components can generate large-scale
diverse and annotated training datasets with the corresponding segmentation
ground truth for DL model training of medical image segmentation. Given a
medical image, we can create an augmentation strategy by randomly selecting
multiple transform elements and performing augmentation on the image to
generate diverse images. At the same time, the augmentation strategy can be
fixed and executed on the corresponding ground truth to generate matching
ground truth for the augmented image. That is, for each image sample and
its segmentation ground truth, we perform the same stochastic augmentation
combination on them to generate different new samples and corresponding la-
bels. In addition, we note that in medical images, the position and morphology
of some organs or tissues have important medical significance, while some do
not. For example, the position of the heart in chest CT and the position of
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Fig. 5 Structure of the designed image augmentation components.

the liver in abdominal CT do not allow rotation and mirroring. In contrast,
the position of the platelets in a bone marrow smear and the position of the
lesion in a dermoscopic image allows rotation and mirroring. Therefore, when
selecting augmentation elements, we care about whether image augmentation
will change the medical characteristics and significance of medical images, and
set the range of available elements. In this way, the augmented samples and
labels also match each other, thereby realizing the synchronous augmentation
of the samples and their labels.

(3) Activation function - ReLU.

The activation function in a DL model is responsible for generating a non-
linear decision boundary through a nonlinear combination of weighted inputs.
For example, the Rectified Linear Unit (ReLU) is a typical activation function
for many DL models. Assuming that the input of ReLU is x, ReLU is defined
as:

f(x) =

{
0, if x ≤ 0,
x, if x > 0.

(2)

We further define the input and output interfaces of the ReLU function, where
the input of ReLU is a real number x and the output is also a real number
f(x).
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(4) Loss function - Softmax.
The loss function in a DL model is used to calculate the error between

the predicted value and the actual value and to evaluate the accuracy of the
model. Softmax is a loss function widely used in image classification solutions.
Taking the Softmax function as an example, we explain the formula of the
loss function. It distinguishes features of different categories by maximizing
the posterior probability of the true label value. Given an input xi and the
corresponding label yi, the Softmax loss function is defined as:

JSoftmax = − 1

m

m∑
i=1

log
exp (fyi

)∑n
j=1 exp (fj)

= − 1

m

m∑
i=1

log
exp (WT

yi
xi + byi)∑n

j=1 exp (W
T
j xi + bj)

,

(3)

where xi represents the feature of the i-th image, yi is the category label of
xi, Wj is the weight of the category j, bj is the deviation of j, and m and
n represent the number and category of training samples, respectively. When
the fully connected layer is activated, fj represents the inner product between
Wj and bj , namely, fj = WT

j xi + bj . We further define the input and output
interfaces of the Softmax function, where the input is the sample xi and the
label yi, and the output is the real value JSoftmax.

(5) Optimizer unit - Stochastic Gradient Descent (SGD).
In a DL model, the optimization goal of the optimizers is the weight pa-

rameters of the entire model, and the objective function is the loss function.
By minimizing the loss function of the DL model, the values of the weight pa-
rameters are optimized to stabilize the model. SGD, also known as incremental
gradient descent, is an iterative method for optimizing the differentiable objec-
tive functions of the DL model. SGD calculates the gradient of the small-batch
data loss function, and iteratively updates the weight parameters and bias
items. Suppose there are m training samples X = {x(1), · · · , x(i), · · · , x(m)},
where y(i) is the label of the i-th sample x(i); θ = (θ1, · · · , θj , · · · , θn) is the
weight parameter set. n is the number of features of each sample, and the
formula of SGD is defined as:

θj = θj +
α

m

(
y(i) − hθ(x

(i))x
(x)
j

)
, (4)

where α is the learning rate of SGD. We further define the input and output
interfaces of SGD. The input interface of SGD is (X = {x(1), · · · , x(m)}, Y =
{y(1), · · · , y(m)}, θ = (θ1, · · · , θn)), where θ is the initial weight parameter set.
The output interface of SGD is θ′ = (θ′1, · · · , θ′n)), where θ′ is the optimized
set of weight parameters.

We implement our DL model component library based on the PyTorch
platform [23] in Python language, which is a popularly open-source DL plat-
form. PyTorch provides two advanced functions, including tensor calculation
with powerful GPU acceleration, and a deep neural network based on a tape
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auto-tuning system, thereby accelerating research from prototypes to produc-
tion deployment. Based on the MIA task element library and the DL model
component library, we develop the configurable deep learning platform. The
framework can build and configure personalized DL models by configuring
model components for specific MIA requirements of different diseases. In the
subsequent construction of each configurable DL model, we can add multiple
components to a DL model, and set the component parameters and interfaces
to meet specific MIA requirements.

4 Personalized Deep Learning Models for Medical Image Analysis

In this section, to demonstrate the effectiveness of the proposed config-
urable DL framework, we construct two personalized DL models for different
actual MIA requirements. The first DL model is used for the detection of up-
per abdominal organs, and the second model is used for the detection and
classification of colon cancer cells.

4.1 DL Model for Upper Abdominal Organ Detection

We use the configurable DL platform to build a DL model for upper abdom-
inal organ detection by selecting and configuring model components based on
the model component library. Based on the MIA task element library, we can
accurately define the MIA requirements for upper abdominal organ detection
and construct a special DL model to meet the MIA requirements. In addi-
tion, we conduct comparative experiments on actual abdominal CT images to
evaluate the effectiveness of the constructed DL model.

4.1.1 MIA Requirement Definition

CT scan is currently the main imaging method for the diagnosis of liver,
kidney, stomach, intestine, colorectum and other abdominal organ diseases.
The abdomen is a place where the organs are densely distributed and the
lesions are concentrated. The liver, spleen, stomach, kidney, and other organs
are common disease organs in adults. There are many organs in the abdomen,
and the shape, size, and position of each organ on an abdomen CT image are
different at different angles. Therefore, the accurate detection of the regional
position of each organ in abdominal CT images is an important preliminary
work of MIA. Examples of the upper abdominal CT images are shown in Fig.
6.

Based on the acquired CT images, we can define the MIA requirement as
follows.

– Image data type: CT images.
– Medical image regions: upper abdomen.
– Disease category: N/A.
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Fig. 6 CT images of the fetal upper abdomen.

– MIA task elements (steps): (1) liver detection, (2) gallbladder detection,
(3) stomach detection, (4) intestine detection, (5) pancreas detection, and
(6) kidney detection.

4.1.2 Upper Abdominal Organ Detection Model

According to the defined MIA requirements, we manually select the corre-
sponding model components from the DL model component library and man-
ually configure these components to build a personalized DL model (called
UAOD model) for upper abdominal organ detection. The UAOD model is e-
quipped with a data augmentation component, two fully convolutional residual
networks, and an organ index unit. The network architecture of the UAOD
model is illustrated in Fig. 7.

Fig. 7 Network architecture of the configured upper abdominal organ detection (UAOD)
model. The MIA requirements for upper abdominal organ detection are defined by setting
the medical image type, imaging region, and MIA task elements. Then, the UAOD model
is created by configuring a data augmentation component, two fully convolutional residual
networks, and an organ index unit.

Specifically, in order to solve the problem of small-size data samples and
imbalance between categories, we use a data augmentation GAN component
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Table 1 Component configuration of the UAOD model.

Level Component name Component
parameters

Input interface Output interface

L0 Input 512× 512

L1 Data augmentation compo-
nent

GAN
model

original CT images augmented CT
images

L2 Fully convolutional residual
network 1

4× 4× 12 512× 512 127× 127× 12

L3 Fully convolutional residual
network 2

4× 4× 12 512× 512 127× 127× 12

L4 Bilinear interpolation 127× 127× 12 127× 127× 12

L5 Organ index unit 32× 32 127× 127× 12 32× 32

to expand the small sample data set. Then, we use a bottle-neck component
and a residual component to extract the structural characteristics of multiple
target tissues from the input image. On this basis, a bilinear interpolation
component is further used to fuse the structural characteristics from the two
sub-networks. A probability matrix and a distance matrix are used to calculate
the error between the structural characteristics of each target tissue and the
ground truth. Finally, we use the log-likelihood loss function to train the model.

Table 1 describes the detailed component configuration of the proposed
UAOD model, including component names, kernel parameters, input inter-
faces, and output interfaces. As shown in Fig. 7 and Table 1, the original CT
images of the upper abdomen are preprocessed, and the size of each image
is normalized to 250 × 250 pixels. The components in the UAOD model are
designed below.

(1) Data augmentation component.

To reduce the impact of data imbalance (that is, the severely inconsistent
proportions of normal samples and diseased samples) on the UAOD model, we
use a data augmentation component to increase the number of small-category
samples. The Generative Adversarial Nets (GAN) [8] is attached to the UAOD
model to train small-category samples in upper abdominal images and generate
simulated images. The GAN component contains a generator and a discrim-
inator. The generator G receives the input random variable z, which follows
an artificially selected prior probability distribution. Then, G uses a multi-
layer perceptron network to parameterize the derivable map G(z) and map
the input space to the sample space. The discriminator D receives the input
of the real sample x, the generated sample G(z), and the real and fake label-
s. Then, D uses a parameterized multi-layer perceptron network to calculate
the probability D(x) of G(x) from the real sample x. The generator G and
discriminator D play the roles of two competitors in the mini-max game, as
defined as:

min
G

max
D

V (D,G) =

Ex, p(x)[logD(x)] + Ez, p(z)[log (1−D (G(z)))].
(5)
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If the input of D comes from a real image, the output is marked as 1, otherwise
the output is 0. Based on the GAN component, each sample in a small category
of the upper abdominal CT images is trained to generate more augmented
samples, thereby balancing the proportion of each category in the training
set.

(2) Fully convolutional residual network component.
Two fully convolutional residual network (FCRN) components [15] are

added to the UAOD model to extract the features of the organ areas in the
upper abdominal images. The first FCRN is trained on the sampled train-
ing subset, and the second FCRN is trained on the augmented subset. Each
FCRN consists of a bottleneck module and a residual module, where the former
contains 3 convolutional layers and the latter contains 6 convolutional layer-
s. They use jumper connections to directly transmit forward and backward
signals from one module to another.

(3) Organ index unit component.
Based on the FCRN component, we add an Organ Index Unit (OIU) com-

ponent to calculate the contribution of each pixel in the organ region to the
organ classification. We perform bilinear interpolation on the organ features
obtained from the FCRN component, and create a probability matrix based
on the prediction results. Let vi(x, y) be the value of the organ region (x, y)
in the i-th probability matrix, and the standardized possibility ρi of the organ
region is defined as:

ρi(x, y) =
vi(x, y)−mini∈R vi(x, y)∑

i∈R vi(x, y)
. (6)

The distance from each pixel in the target organ region to the nearest bound-
ary indicates the importance of the pixel to organ classification. In this way,
we can obtain the distance matrix. Then, we multiply the distance matrix
by the standardized possibility to get the probability distribution matrix for
classification. Finally, the classification probabilities of the organ region in the
probability distribution matrix are averaged to obtain the values of different
types of organs.

4.1.3 Performance Evaluation of UAOD Model

To evaluate the performance of the constructed UAOD model, we conduct
experiments by comparing the UAOD model with other ML/DL models used
for the same image analysis task. We perform the Adaboost [35], YOLO [25],
ResNet [10], and UAOD models on the upper abdomen CT images from Affili-
ated Shenzhen Maternal and Child Healthcare. 87,920 images are collected, of
which 70,336 images are used as the training set and 17,584 images are used as
the test set. We use 5-fold cross-validation to assess the performance and ver-
satility of the comparison models. The experimental results of the comparison
models are shown in Fig. 8 and Table 2.

It can be observed in Fig. 8 and Table 2 that the proposed UAOD model
can achieve high detection accuracy similar to the state-of-the-art DL models.
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Fig. 8 Performance of DL models for upper abdominal organ detection.

Table 2 Performance comparison of comparison models.

Data sets UAOD ResNet YOLO Adaboost

Training set 85.52% 83.33% 81.65% 78.84%

Validation set 82.21% 80.79% 78.11% 74.42%

Benefiting from the residual mapping operation, UAOD can retain gradient
information in the deep network structure, and can effectively understand
the characteristics of organs and their changes. The proposed UAOD model
achieves a high accuracy of 85.52% on the training set and 82.21% on the
validation set. In contrast, the Adaboost method uses cascaded classification
to cascade multiple weak classifiers to form a strong classifier based on organ
features, so as to achieve the lowest accuracy when the organ features are
slightly different. As shown in Table 2, the Adaboost model achieves the lowest
accuracy of 78.84% on the training set and 74.42% on the validation set.
In the YOLO model, the prediction of bounding boxes enhances the control
constraints, and each grid unit can predict only two bounding boxes. The
objects in the two bounding boxes belong to the same category, which limits
YOLO’s accuracy in predicting small organs that are close to each other.
The experimental results prove that the UAOD model can complete the MIA
task of organ detection and has high effectiveness. Moreover, by adjusting
and optimizing the structure of the UAOD model, we can further obtain a
relatively efficiency DL model for upper abdominal organ detection.

4.1.4 Comparison Experiments on Actual CT Images

We conduct comparative experiments on actual CT images of the upper
abdomen, and evaluate the effectiveness of the established UAOD model by
comparing with ResNet [10], YOLO [25], and Adaboost [35] algorithms. We
collect CT images of the upper abdomen from the Department of Infectious
Disease of the First Affiliated Hospital, Xi’an Jiaotong University, China. The
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MIA tasks of the UAOD model is to detect the abdominal organs of the liver,
gallbladder, pancreas, spleen, stomach, intestines, and kidneys. We use 17,584
images as the test set to compare the detection accuracy of the comparison
models. Examples of detection results provided by the comparison algorithms
are shown in Fig. 9 and Table 3.

(a) Input (b) Ground
truth

(c) UAOD (d) ResNet (e) YOLO (f) Adaboost

Fig. 9 Visualization of detection results of abdominal organs. The first column is the three
original CT images of the upper abdomen, and the second column is the corresponding
ground truth. The third to sixth columns are the detection results of UAOD, ResNet, YOLO
and Adaboost algorithms.

Table 3 Detection performance of comparison models on abdominal organs.

Organs UAOD ResNet YOLO Adaboost

Liver 84.19% 82.48% 83.14% 79.67%

Gallbladder 82.01% 80.36% 79.56% 75.77%

Pancreas 80.78% 74.81% 72.30% 63.00%

spleen 79.33% 67.00% 64.32% 61.00%

kidney 80.31% 81.71% 79.45% 79.52%

Table 3 describes the detection performance of the comparison models for
abdominal organs. It can be seen from Fig. 7 and Table 3 that the proposed
UAOD algorithm can identify each organ in the three images with the high-
est accuracy. In contrast, ResNet incorrectly identifies an intestinal organ like
the stomach in the second case, and an incomplete intestine in the third case.
The YOLO algorithm incorrectly identifies the extra tissue (such as aorta and
intestine) as the liver in the first case, and the tissue around the gallbladder
as the gallbladder in the third case. The Adaboost algorithm has the lowest
recognition accuracy, where part of the intestines in the first case is incorrectly
identified as the pancreas, the air cavity in the intestines in the second case is
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incorrectly identified as the stomach, and the gallbladder in the third case is
ignored. Therefore, the comparative experimental results show that the pro-
posed UAOD algorithm can effectively complete the detection of abdominal
organs and achieve the highest accuracy.

4.2 DL Model for Colon Cancer Cell Detection and Classification

In this section, we use the MIA task element library and the DL model
component library to create a personalized DL model to accurately detect
and classify cancer cells in histopathological images. Then, we conduct com-
parative experiments on actual colon histopathological images to evaluate the
performance of the constructed DL model.

4.2.1 MIA Requirement Definition

Identifying cancer cells under microscopes is the main content of patho-
logical examination and the key to cancer diagnosis. We collect colon cancer
histopathological images from the Catalogue Of Somatic Mutations In Can-
cer (COSMIC) [2]. COSMIC is the world’s largest source of somatic muta-
tion information related to human cancer. Examples of collected colon cancer
histopathological images are shown in Fig. 10.

Fig. 10 Colon cancer histopathological images.

In colon tissues, atypical hyperplasia and malignant epithelial cells often
have irregular chromatin structure and appear to be highly chaotic without
clear boundaries. In addition, changes in the appearance of the same type of
cells inside and between samples are also factors, which makes it difficult to
classify cells. Based on the collected histopathological images of colon cancer,
we can define the MIA requirement as follows.

– Image data type: histopathological images.
– Medical imaging regions: colon tissues.
– Disease category: colon cancer.
– MIA task elements (steps): (1) colon cancer cell detection, and (2) cell

classification.
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4.2.2 Colon Cancer Cell Detection and Classification Model

According to the defined MIA requirements, we manually select model
components from the DL model component library to build a personalized DL
model (called C3DC model) for the detection and classification of colon cancer
cells. The C3DC model is equipped with a cancer cell detection component
and a cancer cell classification component. The network architecture of the
proposed C3DC model is illustrated in Fig. 11 and the detailed configuration
is described in Table 4.

Fig. 11 Network architecture of the configured colon cancer cell detection and classification
(C3DC) model. The MIA requirements for colon cancer cell detection and classification are
defined by setting the medical image type, imaging region, and MIA task elements. Then,
the C3DC model is created by configuring a cancer cell detection component and a cancer
cell classification component.

Specifically, we use a convolutional layer to receive the input colon tissue
images and extract the image features of the original data. Then, we use a
pooling component to reduce the dimensionality of the features. On this basis,
we further use a convolutional layer and a pooling layer to extract abstract
image features. Based on the extracted features, the classification index of
the image is obtained through the dense fully connected layer. Finally, the
parameter estimation component and the spatial constraint component are
attached to the model to obtain the final classification result.

(1) Input of the C3DC model.

Because the nucleic acid in colon cancer cells has been stained with hema-
toxylin, this feature is a fairly good indication of cell location. When detecting
colon cancer cells, hematoxylin intensity is selected as the input feature of
each patch of the C3DC training model. In cell classification, cell morphology
(including shape, size, color, and texture) is used to distinguish different types
of cancer cells. The input patch size is set to W ×H ×D = 27× 27× 1, and
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Table 4 Component configuration of the C3DC model.

Level Component name Component parame-
ters

Input interface Output inter-
face

L0 Input 27× 27× 1

L1 Convolutional layer 1 4× 4× 1× 36 27× 27× 1 24× 24× 36

L2 Pooling layer 1 2× 2 24× 24× 36 12× 12× 36

L3 Convolutional layer 2 3× 3× 36× 48 12× 12× 36 10× 10× 48

L4 Pooling layer 2 2× 2 10× 10× 48 5× 5× 48

L5 Fully connected layer 1 5× 5× 48× 1024 5× 5× 48 1× 1024

L6 Fully connected layer 2 1× 1× 1024× 512 1× 1024 1× 512

L7 Parameter estimation compo-
nent

1× 1× 512× 20 1× 512 1× 20

L8 Spatial constraint component 1× 20 10× 10

L9 Neighbor integrated predic-
tor

10× 10 1×M

the output image size of the C3DC model is set to W ′ ×H ′ = 1×M , where
M is the number of colon cancer cell categories.

(2) Cancer cell detection component.
Given the input patch x ∈ RH×W×D of a histopathological image, the

height is H, the width is W , and the deep is D. We add a cancer cell detection
module to the C3DC model to detect the central position of each cell in x.
The output y ∈ [0, 1]H

′×W ′
is defined as a probability matrix of size H ′ ×W ′.

Suppose Ω = H ′×W ′ is the spatial domain of y, d is the constant radius, and
x and x0

m represent the output value yj and the coordinates of the m-th cell
in the spatial domain Ω, respectively. Each element yj (j ∈ {1, · · · , |Ω|}) in y
is defined as:

yj =

(
1 +

(∥x− x0
m∥22)

2

)−1

, (7)

if ∀m ̸= m′, ∥x − x0
m∥2 ≤ ∥x − x0

m′∥2 ≤ d, otherwise, yj = 0. It is clear from
the probability matrix y that there is a peak probability near the center of
each cell, while it is flat elsewhere.

The parameter estimation component L7 and the spatial constraint com-
ponent L8 are attached to the C3DC model to predict the probability that
each pixel is the center of the cell. The corresponding predicted output value
ŷ is generated from the spatial constraint component (layer L8) of the C3DC
model. According to the known structure of the training output probability
map, the i-th element of the predicted output is defined as:

ŷj = g(zj , ẑ
0
1 , · · · , ẑ0M , h1, · · · , hM )

=


1

1+
(∥zj−z0m∥22)

2

if ∀m ̸= m′, ∥zj − z0m∥2 ≤ ∥zj − z0
m′∥2 ≤ d

0 other

(8)

where ẑ0M ∈ Ω is the estimated cell center, hm ∈ [0, 1] is the height mask of
the m-th probability mask, and M represents the maximum probability mask
in ŷ.
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(3) Cancer cell classification component.
Based on cell detection, we continue to use the designed C3DC model to

classify these cells. For cell classification, a neighborhood integrated prediction
strategy is introduced, and cell morphology (including shape, size, color, and
texture) is used to distinguish different types of cancer cells. LetX ∈ RH×W×D

be the set of all patches (H×W ×D) of a histopathological image, and xi ∈ X
is the histopathological image, which contains a certain cell to be classified near
the center. Let ci ∈ {1, · · · , C} be the label of patch xi, where C is the total
number of cell categories. The output layer of the spatial constraint component
produces an output vector ŷ(xi) ∈ RC , and the label c′ is predicted as:

c′i = argmax
j

ŷj(xi), (9)

where ŷj(xi) represents the j-th element in ŷ. We train the C3DC model by
using a log loss function:

ℓ (ci, c
′
i)) = − log (pj (ŷ(xi))), (10)

where pj(ŷ(xi)) is a Softmax activation function:

pj(ŷ(xi)) =
exp (ŷ(xi))∑

xi∈X exp (ŷ(xi))
. (11)

In addition, we use a neighbor integrated predictor to predict the class
label of each cancer cell. For each patch xi ∈ X, z(xi) ∈ Ω is expressed as an
area centered on xi. Therefore, we define the adjacent blocks of X as:

B(X) = {xk ∈ X : ∥z(xk)− z(xi)∥2 ≤ dβ} . (12)

Then, all patches in the circle with radius dβ centered on z(xi) belong to the
adjacent blocks of xi. For the input patch xi, according to the output ŷ(xi) of
the C3DC model, the final classification ĉi of xi can be updated for:

ĉi = argmax
j

∑
xi∈B(X)

w (z(xi))× pj (ŷ(xi)), (13)

where w(·) : Ω → R is a function that assigns different weights to patches
according to the centrality z(xi) in xi. In this way, a personalized DL model
for the detection and classification of colon cancer cells is established.

4.2.3 Performance Evaluation of C3DC Model

To evaluate the performance of the constructed C3DC model, we conduct
experiments by comparing it with the CNN [13], BPNN [14], RetinaNet [18],
CenterNet [6], and Alexnet [1] models. All experiments are performed on public
colon cancer histopathological images from COSMIC [2]. 65,400 images are
collected, of which 52,320 images are used as the training set and 13,080 images
are used as the test set. In addition, we use 5-fold cross-validation to assess
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Fig. 12 Performance of DL models for colon cancer cell detection and classification.

Table 5 Performance comparison of comparison models.

Data sets C3DC Alexnet CNN BPNN RetinaNet CenterNet

Training set 87.68% 87.86% 84.61% 82.32% 85.93% 84.17%

Validation set 82.73% 80.01% 75.79% 80.74% 82.06% 79.21%

the performance and versatility of the comparison models. The experimental
results are shown in Fig. 12 and Table 5.

As shown in Figs. 12 and Table 5, after 30 training iterations, the accuracy
of the proposed C3DC model exceeds 80.00%, which is superior to the com-
parison models. In addition, as the number of training iterations increases, the
accuracy of C3DC continues to improve and converges. The proposed C3DC
model achieves a high accuracy of 87.68% on the training set and 82.73% on
the validation set. On the contrary, because CNN and BPNN models cannot
identify densely distributed cancer cells in the cell detection process, the ac-
curacy of subsequent cell classification is low. The CNN model achieves a low
accuracy of 84.61% on the training set and 75.79% on the validation set. Fig.
12(b) shows the error convergence diagram of the comparison models during
model training. As the training iteration progresses, the error values of al-
l comparison models can be quickly reduced and converged, indicating that
these models are highly efficient.

5 Conclusions

This paper proposed a configurable MIA DL framework to satisfy diverse
MIA requirements and improve the versatility of the DL models. The MIA
task element library and DL model component library were constructed, re-
spectively. On this basis, we can define new specific MIA requirements for
different diseases, and create corresponding DL models with specific network
structures by configuring different model components. The actual experimen-
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tal results on the medical image data sets show that the proposed configurable
DL framework can construct multiple relatively high-performance DL models
for different MIA tasks. The constructed DL models can efficiently perform di-
versified and complex MIA tasks for various diseases. This work will promotes
the intersection of MIA and DL research and development, and the gradual
maturity of the smart medical industry based on big data.

As future work, we will further expand the model component library to
meet more practical MIA demands and provide the public with an online
configurable DL platform.
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