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Abstract
The purpose of this study is to assess the ability of deep learning models to classify different subtypes of solid renal 
parenchymal tumors using contrast-enhanced ultrasound (CEUS) images and to compare their classification performance. 
A retrospective study was conducted using CEUS images of 237 kidney tumors, including 46 angiomyolipomas (AML), 
118 clear cell renal cell carcinomas (ccRCC), 48 papillary RCCs (pRCC), and 25 chromophobe RCCs (chRCC), collected 
from January 2017 to December 2019. Two deep learning models, based on the ResNet-18 and RepVGG architectures, 
were trained and validated to distinguish between these subtypes. The models’ performance was assessed using sensitivity, 
specificity, positive predictive value, negative predictive value, F1 score, Matthews correlation coefficient, accuracy, area 
under the receiver operating characteristic curve (AUC), and confusion matrix analysis. Class activation mapping (CAM) 
was applied to visualize the specific regions that contributed to the models’ predictions. The ResNet-18 and RepVGG-A0 
models achieved an overall accuracy of 76.7% and 84.5% across all four subtypes. The AUCs for AML, ccRCC, pRCC, 
and chRCC were 0.832, 0.829, 0.806, and 0.795 for the ResNet-18 model, compared to 0.906, 0.911, 0.840, and 0.827 for 
the RepVGG-A0 model, respectively. The deep learning models could reliably differentiate between various histological 
subtypes of renal tumors using CEUS images in an objective and non-invasive manner.
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Introduction

The global incidence of kidney cancer has been on the 
rise. In 2020, kidney cancer ranked as the 9 th most 
common cancer in men and the 14 th most common in 
women [1]. Renal cell carcinoma (RCC) accounts for 
90% of kidney cancers, with the majority being clear cell 
RCC (ccRCC, 70%), followed by papillary RCC (pRCC, 

10–15%) and chromophobe RCC (chRCC, 5%) [2]. The 
histological subtype of RCC is an independent predic-
tor of survival outcomes. Studies indicate that patients 
with ccRCC have a worse prognosis compared to those 
with pRCC and chRCC [3, 4]. Currently, ultrasound is the 
first-line imaging modality for screening and surveillance, 
while multiphasic contrast-enhanced computed tomogra-
phy (CT) and magnetic resonance imaging (MRI) play 
pivotal roles in assessing renal lesions. Compared to CT or 
MRI, ultrasound offers several key features, such as high 
spatial and temporal resolution, enabling real-time exam-
inations. Additionally, by using microbubble-structured 
agents, contrast-enhanced ultrasound (CEUS) can provide 
detailed quantification of tissue perfusion at the capillary 
level throughout all enhancement phases, without caus-
ing nephrotoxicity or exposing patients to radiation [5]. 
However, the imaging characteristics of different subtypes 
of renal tumors may overlap. For example, renal angiomy-
olipoma (AML) without visible fat exhibits early hyper-
enhancement with contrast washout on contrast-enhanced 
CT and CEUS, mimicking the enhancement pattern of 
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ccRCC [6, 7]. ChRCC presents with slight hyperenhance-
ment similar to that of the renal cortex, which can eas-
ily be mistaken for atypical ccRCC [7]. Therefore, it is 
challenging to determine the histological subtype of renal 
tumors using visual assessment alone, leading to a demand 
for more accurate, objective, and consistent classification 
methods.

Deep learning, a subset of machine learning, has revo-
lutionized the field of diagnostic imaging by leveraging 
advanced algorithms to analyze and interpret complex 
medical images. As representative algorithms, convolu-
tional neural networks (CNNs) are particularly effective 
for image classification, allowing for the identification of 
tumors [8]. Recent studies have demonstrated that CNNs 
perform comparably to or even better than radiologists in 
distinguishing between benign and malignant renal masses 
using CT or MRI images [9–12]. However, research on the 
diagnostic performance of CEUS is limited, and existing 
studies mainly focus on differentiating malignant from 
benign tumors rather than classifying RCC subtypes [13]. 
To our knowledge, there are no reports on the application 
of deep learning for the classification of subtypes of renal 
tumors based on CEUS images.

Therefore, the purpose of this study was to establish and 
evaluate deep learning models for the classification of solid 
renal parenchymal tumor subtypes based on CEUS images. 
By leveraging CNN-based approaches, we seek to enhance 
diagnostic accuracy and provide a more objective method 
for tumor subtype identification.

Materials and Methods

Patients

This retrospective study received approval from the local 
institutional ethics review board, which granted a waiver for 
patient consent due to the rigorous protection of anonymity. 
A review of our hospital’s medical image database was per-
formed from January 2017 to December 2019, and finally, a 
total of 237 patients were included in the study population. 
The inclusion criteria were (i) the presence of a focal solid 
renal tumor with a diameter of ≤ 7 cm on CEUS images; 
(ii) renal parenchymal neoplasms confirmed pathologically 
through surgery; (iii) complete CEUS images with adequate 
quality obtained within 1 month before surgery; and (iv) no 
prior localized or systemic treatment. In cases of bilateral 
tumors or multiple tumors in one kidney, the largest tumor 
was included. Tumors were categorized according to the 
2022 World Health Organization classification of kidney 
tumors [14]. The flowchart for patient enrollment is shown 
in Fig. 1.

Contrast‑Enhanced Ultrasound Imaging

CEUS examinations were conducted using one of two 
commercially available ultrasound systems: the Acuson 
Sequoia 512 (Siemens, Munich, Germany) with a 4 C1-S 
convex array transducer (frequency range, 1–4 MHz), or 
the LOGIQ E9 (GE Healthcare, Chicago, IL, USA) with 

Fig. 1   Flowchart illustrating 
the enrollment process of renal 
tumor cases. CEUS, contrast-
enhanced ultrasound; RCC, 
renal cell carcinoma
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a C1-6 convex array transducer (frequency range, 1–6 
MHz). After achieving optimal tumor visualization on 
grayscale ultrasound, the CEUS mode was activated. A 
contrast agent (SonoVue, Bracco, Milan, Italy) was admin-
istered intravenously in a dosage of 1.0–2.4 mL, adjusted 
according to the patient’s weight, followed by a 5-mL 
flush of 0.9% saline solution. During CEUS imaging, the 
mechanical index was maintained at ≤ 0.23 to minimize 
exposure. Real-time video recording commenced at the 
start of the injection and was saved for at least 2 min in 
DICOM format.

Image Preprocessing

CEUS videos were converted into a series of images using 
RadiAnt DICOM Viewer software (version 2020.2.3; 
Medixant, Poznan, Poland). From each video, approximately 
40–70 images capturing the largest tumor diameters dur-
ing both the cortical and parenchymal phases were selected 
for subsequent normalization. A radiologist with 12 years 
of experience in abdominal CEUS manually annotated and 
cropped each image into a 12 × 12 cm square box, encom-
passing the tumor and surrounding renal parenchyma. The 
cropped image resolution was 353 × 353 pixels with a 24-bit 
depth. The radiologist was blinded to the histopathological 
data.

Deep Learning Model Development and Training

The final dataset was split into training, validation, and 
test sets in a ratio of 8:1:1. The deep learning model was 
developed and deployed using Python (version 3.7.12) 
with PyTorch (version 1.12.1). Given the limited size of 
the training set, the ResNet-18 and RepVGG-A0 networks 
were pre-trained on the ImageNet dataset before train-
ing, after which transfer learning was applied. To prevent 
overfitting, data augmentation techniques were employed, 
including horizontal flipping, contrast transformation, ran-
dom rotation (± 1 degree), random resize (× 0.9 to × 1.1), 
and cropping to 224 × 224 × 3 to fine-tune the pre-trained 
networks. The final models were trained using the sto-
chastic gradient descent (SGD) optimizer on a computer 
equipped with a 12 th Gen Intel Core i5-12500H CPU, an 
NVIDIA GeForce RTX 2050 GPU, and 16 GB of RAM. 
The learning rate, batch size, and number of epochs were 
set to 0.001, 16, and 100, respectively. Early stopping was 
applied when the validation loss did not decrease for ten 
consecutive epochs. To enhance the interpretability of the 
deep learning models, class activation mapping (CAM) 
was utilized to visualize the key areas contributing to the 
model’s predictions [15]. The overview of the workflow of 
the study is shown in Fig. 2.

Statistical Analysis

Categorical variables among different subtypes of renal 
tumors were compared using a χ2 test. Continuous vari-
ables were analyzed with a one-way analysis of variance 
(ANOVA), following the assessment of normal distributions 
by a one-sample Kolmogorov–Smirnov test. Diagnostic per-
formance was assessed through metrics including sensitiv-
ity (recall), specificity, positive predictive value (precision), 
negative predictive value, F1 score, Matthews correlation 
coefficient (MCC), accuracy, area under the receiver oper-
ating characteristic (ROC) curve, and confusion matrix 
analysis. In the classification of a specific subtype, the other 
subtypes were treated as the negative class. For instance, in 
the ccRCC classification, AML, pRCC, and chRCC were 
considered as non-clear cell subtypes, and similarly for the 
other classifications.

Statistical analysis was conducted with SPSS statistics 
software (version 21) for Windows (IBM SPSS, Chicago, 
IL). A p-value < 0.05 was considered statistically significant. 
Average data are presented as mean ± SD.

Results

Patient and Image Characteristics

The demographic characteristics of the patients are pre-
sented in Table 1, while the distribution of renal tumor sub-
types across different image sets is detailed in Table 2. A 
total of 237 patients (159 men and 78 women; mean age, 
56.5 ± 8.6 years) with 237 renal lesions (mean size, 46.1 
± 9.9 mm) were included in the study. The cohort comprised 
46 cases of AML, 118 cases of ccRCC, 48 cases of pRCC, 
and 25 cases of chRCC. There were no statistically signifi-
cant differences in the distribution of gender, age, or tumor 
size among the subtypes. In terms of subtype composition, 
ccRCC accounted for the majority (49.8%, 118/237).

Performance of Deep Learning Models

Figure 3 presents the confusion matrices for the ResNet-18 
and RepVGG-A0 models, illustrating the classification 
results for the four histological subtypes based on the test 
set. The overall accuracy across four subtypes in the test 
set was 76.7% for the ResNet-18 model and 84.5% for the 
RepVGG-A0 model, respectively. The results showed that 
both the ResNet-18 and RepVGG-A0 models achieved sen-
sitivity greater than 80% for ccRCC. Notably, the RepVGG-
A0 achieved over 80% sensitivity across all four subtypes. 
However, in comparison to the other three subtypes, both 
models performed suboptimally in recognizing chRCC. Both 
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Fig. 2   Overview of the work-
flow. CEUS, contrast-enhanced 
ultrasound; Conv., convolution; 
PPV, positive predictive value; 
NPV, negative predictive value; 
MCC, Matthews correlation 
coefficient; AUC, area under the 
curve; ROC, receiver operat-
ing characteristic; CAM, class 
activation map

Table 1   Patient demographics

AML angiomyolipoma, ccRCC​ clear cell renal cell carcinoma, pRCC​ papillary renal cell carcinoma, chRCC​ chromophobe renal cell carcinoma

Total AML ccRCC​ pRCC​ chRCC​ p

Cases 237 46 118 48 25
Gender 0.286
Male 67.1% (159/237) 16.4% (26/159) 53.5% (85/159) 19.5% (31/159) 10.7% (17/159)
Female 32.9% (78/237) 25.6% (20/78) 42.3% (33/78) 21.8% (17/78) 10.3% (8/78)
Age, range (years) 56.5 ± 8.6 (26–81) 54.2 ± 9.3 (37–77) 57.8 ± 8.6 (26–81) 56.5 ± 8.3 (41–72) 54.5 ± 6.9 (43–66) 0.056
Lesion size, range (mm) 46.1 ± 9.9 (22–70) 47.2 ± 10.3 (33–64) 45.6 ± 10.4 (22–70) 46.2 ± 8.9 (28–61) 46.1 ± 9.1 (32–63) 0.827
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models exhibit good performance in identifying different 
subtypes of renal tumors, with the RepVGG-A0 model dem-
onstrating superior results.

The performance metrics and area under the ROC curve 
(AUC) for the ResNet-18 and RepVGG-A0 models were 
calculated (Table 3). Both models achieved the AUC values 
over 0.8 for ccRCC, indicating that the CNN models exhibit 
strong diagnostic efficacy for this subtype. Notably, the AUC 
values of the RepVGG-A0 model exceeded 0.82 across all 
four histological subtypes of renal tumors, showcasing supe-
rior performance (Fig. 4).

Visual Evaluation of Deep Learning Models

CAM was applied to the trained CNNs to generate heat maps 
(Fig. 5). In the CAM maps of both CNN models, the tumor 
regions exhibited significant red activation, indicating that 
the models demonstrated high levels of interest in these 
regions. The focus areas identified by the ResNet-18 and 

RepVGG-A0 models corresponded to the actual locations 
of the renal tumors, suggesting that deep learning can effec-
tively distinguish between tumors and the surrounding renal 
parenchyma. Additionally, varying degrees of intensity and 
distribution of red activation were observed for different sub-
types of renal tumors. Nevertheless, no obvious differences 
were noted among ccRCC, pRCC, and chRCC visually. This 
suggests that deep learning models may make predictions by 
detecting subtle morphological or internal features that are 
not readily observable to the naked eye.

Discussion

This study utilized the ResNet-18 and RepVGG-A0 models 
to classify four subtypes of solid renal parenchymal tumors 
using CEUS images. The ResNet-18 model achieved an 
overall classification accuracy of 76.7% for renal tumors, 
with a sensitivity of 82.9% for ccRCC and 68.0% for chRCC, 
a superior result compared to the same model applied to 
MRI. Zheng et al. [16] found that a deep CNN based on 
ResNet-18 had an overall accuracy of 60.4% in classifying 
renal tumor subtypes using a T2-weighted fat saturation 
MRI sequence. The RepVGG-A0 model achieved a sensi-
tivity of 83.9% for AML and 88.0% for ccRCC, with an 
overall accuracy of 84.5%, comparable to the performance 
of the GoogLeNet network (accuracy = 85%), which used 
contrast-enhanced CT images to distinguish ccRCC, pRCC, 
and chRCC [17].

In this study, data imbalance was a concern, with a higher 
number of ccRCC (118 cases) compared to other subtypes. 

Table 2   Distribution of renal tumor subtypes across image sets

AML angiomyolipoma, ccRCC​ clear cell renal cell carcinoma, pRCC​ 
papillary renal cell carcinoma, chRCC​ chromophobe renal cell carci-
noma

Training set Validation set Test set Total

AML 2099 244 252 2595
ccRCC​ 5308 679 650 6637
pRCC​ 2253 291 291 2835
chRCC​ 1506 182 202 1890

Fig. 3   Confusion matrices of the ResNet-18 model (A) and the RepVGG-A0 model (B) in classifying renal tumor subtypes. AML, angiomyoli-
poma; ccRCC, clear cell renal cell carcinoma; chRCC, chromophobe renal cell carcinoma; pRCC, papillary renal cell carcinoma
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To address this, we did not rely solely on accuracy to 
evaluate classification performance but also employed the 
F1 score and MCC, which provide more comprehensive 

assessments, particularly for imbalanced datasets. The F1 
score balances precision and recall, while the MCC con-
siders all elements of the confusion matrix, making it a 

Table 3   Performance of deep learning models in identifying renal tumors

AML angiomyolipoma, ccRCC​ clear cell renal cell carcinoma, pRCC​ papillary renal cell carcinoma, chRCC​ chromophobe renal cell carcinoma, 
PPV positive predictive value, NPV negative predictive value, MCC Matthews correlation coefficient, AUC​ area under the curve, CI confidence 
interval

Models Subtypes Sensitivity 
(95% CI)

Specificity 
(95% CI)

PPV (95% 
CI)

NPV (95% 
CI)

F1 score 
(95% CI)

MCC (95% 
CI)

Accuracy 
(95% CI)

AUC (95% 
CI)

ResNet-18 AML 0.770 (0.718–
0.821)

0.966 (0.955–
0.976)

0.833 (0.785–
0.880)

0.950 (0.937–
0.962)

0.800 (0.754–
0.846)

0.759 
(0.736–
0.781)

0.931 (0.917–
0.944)

0.832 (0.814–
0.850)

ccRCC​ 0.829 (0.800–
0.857)

0.839 (0.812–
0.864)

0.818 (0.788–
0.847)

0.849 (0.823–
0.875)

0.824 (0.797–
0.851)

0.668 
(0.643–
0.693)

0.835 (0.815–
0.854)

0.829 (0.807–
0.846)

pRCC​ 0.782 (0.723–
0.837)

0.910 (0.894–
0.926)

0.596 (0.536–
0.657)

0.961 (0.950–
0.972)

0.677 (0.625–
0.729)

0.621 
(0.596–
0.647)

0.892 (0.876–
0.908)

0.806 (0.784–
0.823)

chRCC​ 0.680 (0.625–
0.732)

0.964 (0.952–
0.975)

0.832 (0.782–
0.878)

0.920 (0.903–
0.935)

0.749 (0.702–
0.795)

0.696 
(0.672–
0.720)

0.905 (0.889–
0.920)

0.795 (0.772–
0.815)

RepVGG-
A0

AML 0.839 (0.792–
0.882)

0.955 (0.943–
0.966)

0.805 (0.756–
0.850)

0.964 (0.953–
0.975)

0.821 (0.779–
0.864)

0.781 
(0.760–
0.803)

0.934 (0.921–
0.947)

0.906 (0.884–
0.921)

ccRCC​ 0.880 (0.854–
0.904)

0.941 (0.924–
0.957)

0.929 (0.909–
0.949)

0.899 (0.877–
0.919)

0.904 (0.882–
0.926)

0.825 
(0.805, 
0.845)

0.912 (0.898–
0.927)

0.911 (0.895–
0.928)

pRCC​ 0.832 (0.777–
0.881)

0.956 (0.944–
0.967)

0.760 (0.701–
0.814)

0.971 (0.961–
0.981)

0.794 (0.745–
0.844)

0.759 
(0.737–
0.781)

0.938 (0.925–
0.951)

0.840 (0.828–
0.857)

chRCC​ 0.814 (0.769–
0.859)

0.947 (0.934–
0.960)

0.800 (0.753–
0.844)

0.951 (0.939–
0.964)

0.807 (0.765–
0.848)

0.756 
(0.734–
0.779)

0.920 (0.905–
0.934)

0.827 (0.803–
0.853)

Fig. 4   The receiver operating characteristic (ROC) curves of the 
ResNet-18 model (A) and the RepVGG-A0 model (B). AML, angio-
myolipoma; ccRCC, clear cell renal cell carcinoma; pRCC, papillary 

renal cell carcinoma; chRCC, chromophobe renal cell carcinoma; 
AUC, area under the curve
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more reliable metric for evaluating classification perfor-
mance across uneven class distributions [18, 19]. Using 
the RepVGG-A0 model for subtype classification of renal 
tumors, the accuracy for AML, ccRCC, pRCC, and chRCC 
was similar (93.4%, 91.2%, 93.8%, and 92.0%, respectively). 
However, differences were observed in the F1 score (0.821, 
0.904, 0.794, 0.807) and MCC (0.781, 0.825, 0.759, 0.756). 
Based on these metrics, ccRCC exhibited the highest classi-
fication performance, while pRCC and chRCC showed lower 
effectiveness. This discrepancy may be attributed to two fac-
tors. First, due to their histological characteristics, pRCC 
and chRCC tend to exhibit homogeneous hypoenhancement 
on CEUS, making them more challenging to distinguish 
from each other or from AML [20–23], which may limit the 
model’s ability to differentiate these tumor types. Second, 
the relatively smaller sample sizes of pRCC (48 cases) and 
chRCC (25 cases) compared to ccRCC may have also limited 

the model’s ability to learn distinctive features, contributing 
to the reduced classification performance. Expanding the 
dataset in future studies is expected to improve the models’ 
capability.

Our study demonstrates that the RepVGG-A0 model 
outperformed the ResNet-18 model, achieving higher 
AUCs across all subtypes of renal tumors (AML, 0.906 
vs 0.832; ccRCC, 0.911 vs 0.829; pRCC, 0.840 vs 0.806; 
chRCC, 0.827 vs 0.795). ResNet is a multi-branch network 
composed of residual blocks designed to mitigate the deg-
radation problem in deep networks, allowing for more 
efficient learning of complex features [24]. However, its 
multi-branch structure increases memory consumption, as 
feature maps from each branch occupy GPU memory dur-
ing both training and inference, which can limit efficiency, 
particularly in resource-constrained environments [25]. In 
contrast, RepVGG adopts a multi-branch topology during 

Fig. 5   Class activation maps (CAM) to visualize the areas where the 
deep learning models focused most. The red-highlighted regions of 
the tumors indicate that the models assigned higher weights to those 
specific areas during classification. CEUS, contrast-enhanced ultra-

sound; AML, angiomyolipoma; ccRCC, clear cell renal cell carci-
noma; pRCC, papillary renal cell carcinoma; chRCC, chromophobe 
renal cell carcinoma
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training but transforms into a VGG-like plain architecture 
during inference. This design not only reduces memory 
overhead but also accelerates inference, making it more 
computationally efficient. Additionally, the structural re-
parameterization in RepVGG enhances learning efficiency 
and reduces the risk of overfitting, particularly in scenarios 
with limited training data [25]. Our study demonstrated 
that when classifying CEUS images in smaller datasets, a 
less complex and shallower architecture like RepVGG may 
offer a better balance between performance and efficiency 
compared to deeper residual networks. These findings 
highlight the importance of selecting an appropriate model 
architecture based on dataset size and clinical application 
constraints.

Ultrasound is an essential examination for detecting 
suspicious renal lesions and differentiating solid from 
cystic renal masses [26]. Furthermore, CEUS offers real-
time perfusion characteristics of renal tumors in both 
the arterial and venous phases. This makes it a valuable 
supplemental tool for distinguishing between benign and 
malignant renal tumors, especially in patients with aller-
gies to CT contrast agents or those with renal insuffi-
ciency. Although some studies have applied deep learning 
models to distinguish benign from malignant renal lesions 
using CT or MRI, achieving accuracy rates comparable to 
radiologists (77.3 ~ 86.5%), research on the application of 
CNNs to CEUS images remains limited [9–11, 27]. Zhu 
et al. [13] developed a multimodal network using Efficient-
Net as the backbone, incorporating grayscale ultrasound 
and CEUS to classify benign and malignant solid renal 
tumors, achieving an accuracy of 80.0% and an AUC of 
0.877; this performance surpassed that of a senior radiolo-
gist. Notably, previous studies have shown that it remains 
challenging to differentiate between pRCC and chRCC 
based on CEUS characteristics assessed by radiologists or 
even with the assistance of quantitative analysis software 
[28, 29]. In contrast, our study demonstrates that deep 
learning models can effectively distinguish between these 
subtypes using CEUS images, highlighting the potential 
of artificial intelligence (AI) to capture subtle imaging 
features beyond human perception. This underscores the 
added value of AI-assisted diagnostic tools in improving 
the accuracy of renal tumor subtype classification, particu-
larly for subtypes that are visually similar on CEUS. Such 
capabilities could contribute to more precise preoperative 
planning and personalized treatment strategies. Building 
on these findings, we believe that the integration of deep 
learning networks could further advance the diagnostic 
utility of CEUS in renal tumors, especially as a viable 
alternative for patients with contraindications to contrast-
enhanced CT or MRI.

There are several limitations in this study. First, only 
CEUS features were extracted, and the value of grayscale 

ultrasound images was not verified. Since B-mode ultra-
sound provides valuable information on tissue echogenic-
ity and echotexture through its gray shades, incorporating 
it may enhance the classification performance. Second, the 
number of ccRCC cases included in this study exceeded that 
of other subtypes, which may have resulted in an imbalanced 
dataset and potentially led to poorer performance on the 
minority subtypes. Third, this is a single-center study and 
lacks an external independent test set. Further multicenter 
validation and expansion of larger datasets are needed before 
it can be applied in clinical practice.

Conclusion

In this study, we employed deep learning models based 
on ResNet-18 and RepVGG-A0 architectures to classify 
CEUS images of AML, ccRCC, pRCC, and chRCC with 
satisfactory accuracy. Deep learning models can effec-
tively differentiate renal tumor subtypes using CEUS 
images, achieving accuracy comparable to or exceeding 
that of MRI- and CT-based studies. The RepVGG-A0 
model outperformed ResNet-18 in both discriminability 
and robustness, demonstrating the potential advantages of 
structural re-parameterization in deep learning for medi-
cal imaging.

Future studies should focus on validating these findings 
with larger, multicenter datasets, optimizing model archi-
tectures for improved generalizability, and exploring the 
integration of deep learning with radiomics or multimodal 
imaging to enhance diagnostic performance. These efforts 
could help translate deep learning-based CEUS analysis into 
clinical practice, ultimately improving the accuracy and effi-
ciency of renal tumor diagnosis.
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