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A B S T R A C T   

Fuhrman cancer grading and tumor-node-metastasis (TNM) cancer staging systems are typically used by clini-
cians in the treatment planning of renal cell carcinoma (RCC), a common cancer in men and women worldwide. 
Pathologists typically use percutaneous renal biopsy for RCC grading, while staging is performed by volumetric 
medical image analysis before renal surgery. Recent studies suggest that clinicians can effectively perform these 
classification tasks non-invasively by analyzing image texture features of RCC from computed tomography (CT) 
data. However, image feature identification for RCC grading and staging often relies on laborious manual pro-
cesses, which is error prone and time-intensive. To address this challenge, this paper proposes a learnable image 
histogram in the deep neural network framework that can learn task-specific image histograms with variable bin 
centers and widths. The proposed approach enables learning statistical context features from raw medical data, 
which cannot be performed by a conventional convolutional neural network (CNN). The linear basis function of 
our learnable image histogram is piece-wise differentiable, enabling back-propagating errors to update the 
variable bin centers and widths during training. This novel approach can segregate the CT textures of an RCC in 
different intensity spectra, which enables efficient Fuhrman low (I/II) and high (III/IV) grading as well as RCC 
low (I/II) and high (III/IV) staging. The proposed method is validated on a clinical CT dataset of 159 patients 
from The Cancer Imaging Archive (TCIA) database, and it demonstrates 80% and 83% accuracy in RCC grading 
and staging, respectively.   

1. Introduction 

Renal cell carcinoma (RCC) is the seventh most common in men and 
tenth most common in women, accounting for an estimated 140,000 
global deaths annually (Ding et al., 2018). The biological aggressiveness 
of RCC affects the prognosis and treatment planning (Ishigami et al., 
2014). The natural growth pattern varies across RCC, which has led to 
the development of different prognostic models to assess patient-wise 
risk (Escudier et al., 2016). The ‘grade’ and ‘stage’ of an RCC are the 
critical prognostic predictors of cancer-specific survival (Janssen et al., 
2018), where higher-grade and higher-stage tumors have an elevated 
risk of postoperative recurrence (van der Mijn et al., 2019). Typically, 
radiologists rely on the expertise of pathologists, who use the 4-tiered 
Fuhrman grading system (FGS) (Fuhrman et al., 1982) for RCC 
grading by examining the histopathologic images of RCC samples. 
Although the International Society of Urological Pathology (ISUP) 
introduced a new grading system for clear cell and papillary RCCs, 

which is also incorporated in the World Health Organization (WHO) 
renal tumor classification system (Delahunt et al., 2013), Fuhrman 
grading is still widely used for RCC grading in the clinical treatment 
planning. 

In contrast, radiologists perform RCC staging by examining the 
physical extent, characteristics, and aggressiveness of a tumor in the 
volumetric medical image. The American Joint Committee on Cancer 
(AJCC) and the Union for International Cancer Control (UICC) specified 
the criteria for tumor-node-metastasis (TNM) staging of each cancer as 
shown in Table 1. Tumor stage depends on the primary tumor size (T0- 
4), number and location of lymph node involvement (N1-2), and met-
astatic nature, i.e., tumor spreading to other organs (M0-1) (Escudier 
et al., 2016; AAlAbdulsalam et al., 2018). Clinical guidelines require 
clinicians to assign TNM stages before initiating any treatment 
(AAlAbdulsalam et al., 2018). 
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1.1. RCC grading 

Accurate grading of RCC is essential in treatment planning as cancer- 
specific survival (CSS) correlates with grades. Kuthi et al. (2017) re-
ported that the rate of 5-year CSS for Fuhrman grade I and II of RCC is 
significantly higher than that of RCC grade III and IV. Besides, low-grade 
RCCs are managed with minimally invasive techniques, while 
high-grade RCCs are treated with radical operation (Lin et al., 2019). 
Conventionally, pathologists use the 4-tiered FGS (Fuhrman et al., 1982) 
for RCC grading. However, to reduce the variability and improve the 
reproducibility of the tumor grade, a simplified 2-tiered FGS is preferred 
by pathologists in current clinical practice (Ding et al., 2018; Shu et al., 
2018; Ishigami et al., 2014). The 2-tier FGS, which divides grades to low 
grade (Fuhrman I/II) and high grade (Fuhrman III/IV), is shown to be as 
effective as 4-tiered FGS in predicting cancer-specific mortality in a 
study population of 2415 clear cell RCC (ccRCC) patients (Becker et al., 
2016). Nevertheless, recent studies (Ding et al., 2018; Jeon et al., 2016) 
reported that the inter-observer reproducibility of grades assigned by 
pathologists ranges from 31.3% to 97%. In addition, renal biopsy often 
causes complications, such as hemorrhage and infection (Lin et al., 
2019). This scenario motivates the development of a medical 
image-based automatic, noninvasive, and reproducible system of RCC 
grading. Several machine learning approaches (Tian et al., 2019; Chen 
et al., 2020) have been proposed for Fuhrman grading using histo-
pathological images. A few predictive models for FGS have also been 
proposed (Lane et al., 2007; Jeldres et al., 2009) using clinical variables 
such as patient age, gender, symptoms and tumor size; however, they 
showed an accuracy close to that of flipping a coin (∼50%) (Ding et al., 
2018). 

Recently, Oh et al. (2017) assessed the correlation between 
computed tomography (CT) features and Fuhrman grade of ccRCC, 
where ccRCCs were retrospectively reviewed in consensus by two ra-
diologists. Using logistic regression (LR), they showed a threshold tumor 
size of 36 mm to predict (AUC: 70%) the high Fuhrman grade. Sasaguri 
and Takahashi (2018) suggested that RCCs can be characterized and 
graded based on CT textural features. Deng et al. (2019) argued that 
CT-based filtration-histogram parameters are correlated to biological 
RCC characteristics like glucose metabolism, hypoxia, and tumor 
angiogenesis. Ding et al. (2018) employed LR on both non-textural 
features like the pseudo capsule, round mass, as well as textural ones 
like histogram, gray-level co-occurrence matrices (GLCM), gray level 
run length matrix (GLRLM), and reported that textural features better 
discriminated high from low-grade ccRCC. Shu et al. (2018) also 
employed LR on CT textural features, e.g., GLCM, GLRLM, gray level size 
zone matrix (GLSZM), and achieved an FGS accuracy of 77%. In a sub-
sequent study, Shu et al. (2019) used the similar textural features in 
k-nearest neighbor (KNN), LR, multilayer perceptron (MLP), random 
forest (RF), and support vector machine (SVM) to classify ccRCCs in low 
(WHO/ISUP I-II) and high (WHO/ISUP III-IV) grades. Huhdanpaa et al. 
(2015) used histogram analysis of the peak tumor enhancement, tumor 
heterogeneity, and percent contrast washout in CT. They reported these 
parameters to be statistically different between low and high-grade 
ccRCC. In recent years, several studies (Yu et al., 2017; Bektas et al., 

2019; Feng et al., 2019; Lin et al., 2019; Sun et al., 2019; Haji-Momenian 
et al., 2020; Yan et al., 2020; Nazari et al., 2020) used textural features 
in terms of histogram, gradient, run-length matrix and co-occurrence 
matrix in different conventional machine learning methods like SVM, 
MLP, naive Bayes, KNN, RF, etc. for RCC Fuhrman grading, and showed 
AUC in the range of 0.73–0.87. A few artificial neural network-based 
approaches (Kocak et al., 2019; He et al., 2020) have also been pro-
posed for Fuhrman low and high, and ISUP low and high grading of RCC. 
These methods also use hand-engineered textural features. These his-
togram, GLCM, GLRLM, GLSZM, and other tumor intensity-based fea-
tures (e.g., peak tumor enhancement, tumor heterogeneity, etc.) are 
known as statistical context features (Wang et al., 2016) and are found to 
be very useful for RCC grade classification. 

1.2. RCC staging 

Similar to RCC grade, information on RCC stages significantly helps 
clinicians in treatment planning and outcome prediction. Studies 
(Bradley et al., 2015; Janssen et al., 2018) suggested that 
nephron-sparing surgery in patients having lower-stage tumors signifi-
cantly improves cancer-specific survival. In contrast, complete removal 
of a kidney with/without removing the adrenal gland and neighboring 
lymph nodes in patients having higher-stage tumors improves the sur-
vival time. Typically, clinicians perform kidney tumor staging based on 
the tumor size and its extent. However, Bradley et al. (2015) argued that 
the correlation trend between tumor size and stage often deviates for 
higher tumor stages, and thus, suggested using CT image features to 
improve tumor staging. 

TNM staging of RCC is currently a manual process, which radiolo-
gists perform twice for the same patient in the clinical workflow 
(Escudier et al., 2016). The first evaluation of the tumor stage in the 
workflow is called ‘clinical’ staging, which radiologists perform before 
treatment via physical examination and CT image measurements of a 
tumor. Clinicians designate the determined TNM stages with the prefix 
‘c’ (i.e., cT and cM). The final evaluation of the tumor stage is called 
‘pathological’ staging and is based on the resected tumor pathology 
results either during or after surgery (AAlAbdulsalam et al., 2018). Pa-
thologists designate this estimated stage with the prefix ‘p’ (i.e., pT and 
pM). Clinical staging (i.e., cT, cM) of RCC is primarily used for treatment 
management decisions (Bradley et al., 2015). For example, partial ne-
phrectomy (PN), also known as nephron-sparing surgery, is typically 
preferred for cT1 and cT2 tumors (Escudier et al., 2016). After studying 
7138 patients with pT1 kidney cancer, Tan et al. (2012) suggested that 
treatment with PN was associated with improved survival. In a similar 
study on pT2 tumor patients, Janssen et al. (2018) showed that patients 
having PN had a significantly longer overall survival. Radical nephrec-
tomy (RN), which refers to complete removal of a kidney with/without 
removing the adrenal gland and neighboring lymph node, is generally 
reserved for cT3 and cT4 tumors (Bradley et al., 2015). 

The presurgery clinical tumor staging often suffers from miss- 
classification errors. For example, in a recent study, Bradley et al. 
(2015) reported 23 disagreement cases between cT and pT stages of 90 
patients. The study further indicated that five patients were 
miss-classified with cT3 but later downstaged to pT2, while six patients 
were miss-classified with cT2 but later upstaged to pT3 for the same 
patient cohort (∼12%). In another study on 1250 patients who under-
went nephrectomy, Shah et al. (2017) reported 11% (140 patients) 
upstaging of tumors from cT1 to pT3. Besides, there was tumor recur-
rence in 44 patients (31.4% of the pT3 promoted cases), where most of 
these patients initially had PN. These alarming findings suggest that PN 
is associated with better survival in low stage tumors (T1 and T2), while 
RN is associated with reduced recurrence in high stage (T3 and T4) tu-
mors. However, high stage tumors (T3-4) are often miss-classified as the 
low stage (T1-2) in the clinical staging phase. Additionally, we see in 
rows 1–3 of Table 1 that the tumor classifying criterion is not well 
defined for stages T1, T2, and T3. Therefore, radiologists often use the 

Table 1 
The American Joint Committee on Cancer (AJCC) and the Union for Interna-
tional Cancer Control (UICC) specified criteria for RCC staging.  

Anatomical 
stages 

T stages N 
stages 

M 
stages 

Stage I T1 (tumor ≤ 7 cm)  N0 M0 
Stage II T2 (tumor > 7 cm but limited to kidney)  N0 M0 
Stage III T1-2, T3 (tumor extends up to Gerota’s 

fascia) 
N1, any M0 

Stage IV T4, Any (tumor invades beyond Gerota’s 
fascia) 

Any M0-1  
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TNM description to assign an overall ‘Anatomical stage’ from 1 to 4 
using the Roman numerals I, II, III, and IV (Escudier et al., 2016), see 
Table 1. 

For accurate staging of RCC before treatment planning, contrast- 
enhanced abdominal CT is considered essential (Escudier et al., 2016). 
Typically, clinicians recognize the tumor size for tumor staging. 
Although several machine learning approaches (Coy et al., 2019; 
Schieda et al., 2020; Yap et al., 2020) have been proposed for classifying 
solid renal mass between benign and malignant cases, by studying the 
pT stages of 94 kidney samples, Bradley et al. (2015) argued that the 
correlation trend between the tumor size and stage often deviates for 
stages beyond T3. Thus, they suggested using CT image-based textural 
features to improve tumor staging, like in the FGS system. Recently, 
Ökmen et al. (2019) used CT textural features in KNN for TNM staging of 
RCC. 

1.3. Learning textural features 

Despite the importance of textural features for image classification 
tasks, identifying such features from images relies on human visual in-
spection, which is difficult, time-consuming, and suffers from a lack of 
quantification. To overcome the limitations of manual feature engi-
neering, supervised deep learning using convolutional neural networks 
(CNN) has exploded in popularity. In a classical CNN, the first layer’s 
learned features typically capture low-level features such as edges. The 
second layer detects motifs by spotting particular arrangements of 
edges. The third layer assembles motifs into larger combinations rep-
resenting parts of objects, and subsequent layers detect objects as 
combinations of these parts (LeCun et al., 2015). These features are 
nonstatistical context features (Wang et al., 2016) and the classical CNN 
tends to put less emphasis on the diffused statistical textural features 
that are often important, especially for medical imaging applications 
like tumor analysis. In an attempt to learn statistical textural features via 
CNNs in computer vision tasks, Andrearczyk and Whelan (2016) pro-
posed deploying a global average pooling over each feature map of the 
last convolution layer of a conventional CNN to make the model object 
shape unaware. However, the pooling still operates on the learned 
object-edge/motifs that do not capture complex and subtle textural 
variations in the input image. In a recent study, Wang et al. (2016) 
proposed an approach to learn histograms that back-propagates errors to 
learn optimal bin centers and widths during training. Wang’s approach 
has 2 stages: in stage-1, a conventional CNN learns the appearance 
feature maps followed by producing a class likelihood (for classification) 
or likelihood map (for segmentation). A learnable histogram is subse-
quently trained on the stage-1 likelihood estimates, and the resultant 
features of this histogram are concatenated with the appearance features 
learned in stage-1. The combined appearance plus histogram features 
are then used to produce a fine-tuned stage-2 
likelihood-map/class-likelihood, which results in a slightly better 
(1.9%) prediction accuracy. We emphasize that this method does not 
directly learn histogram features from the image, instead works on the 
CNN-produced appearance features. 

Learning statistical textural features directly from images using CNN 
is vital for medical imaging applications, e.g., tumor characterization 
and analysis. It is also evident from earlier works (Ding et al., 2018; Shu 
et al., 2018; Huhdanpaa et al., 2015) that CT intensity-based statistical 
features can be used for RCC grading, and suggested being used for 
improved RCC staging (Bradley et al., 2015). Therefore, it is necessary to 
develop a deep neural network (DNN)-based texture learning approach 
for automatic tumor characterization. 

1.4. Contribution 

We propose ImHistNet, a DNN for an end-to-end texture-based image 
classification approach. The preliminary version of this work appeared 
in Hussain et al. (2019a,b). ImHistNet has the following contributions:  

1. Learnable Image Histogram (LIH): We propose an LIH layer within 
a DNN framework, capable of learning complex and subtle task- 
specific textural features from raw images. Different from the work 
of Wang et al. (2016), our ImHistNet learns the global statistical 
features directly from the image intensity.  

2. No Tumor Segmentation: We remove the requirement for the fine 
pre-segmentation of the RCC. The proposed learnable image histo-
gram can stratify tumor and background textures well, thus enabling 
the model to focus specifically on the tumor texture. 

3. RCC Grading: We demonstrate ImHistNet’s capabilities by per-
forming automatic RCC grade classification for the 2-tiered FGS on 
an extended clinical dataset from real patients.  

4. RCC Staging: We also demonstrate ImHistNet’s capability in the 
automatic categorization of RCC into anatomical stage low (I/II) and 
high (III/IV) on an extended clinical dataset from real patients; the 
proposed method is the first and only work that performs CT-based 
RCC staging using deep learning. It is an important finding of our 
experiments that we observe a correlation between the RCC stages 
and the deep-learned CT textural features, which to our knowledge, 
no one thoroughly investigated to date. As TNM staging criteria have 
overlaps among the classes, we aim to perform automatic anatomical 
staging instead of TNM staging (see Table 1). 

In this paper, we present additional experimental findings, results, 
and discussions over our previous work (Hussain et al., 2019a,b) as 
follows: 

1. Intensity Stratification by LIH: We demonstrate our new experi-
mental findings on how the learnable bins stratify the CT intensities 
to facilitate task-specific textural feature learning.  

2. Ability of LIH to Pick Task-specific Intensity Spectra: We perform 
additional experiments to find on which intensity spectra the 
learnable bins of our ImHistNet put emphasis on for RCC grading and 
staging.  

3. Efficacy of LIH in ImHistNet: To show the efficacy of our proposed 
LIH layer further, we perform additional experiments by switching 
off the LIH layer in the ImHistNet, and report the performance on 
RCC grading and staging.  

4. Comprehensive Discussion on ImHistNet Implementation: We 
discuss the specific architecture and implementation of the ImHist-
Net in detail. 

2. Methods 

In this section, we first describe the learnable image histogram layer 
of the proposed ImHistNet. Then we describe the implementation details 
of the learnable image histogram layer via traditional CNN filters/op-
erations. After that, we outline our classification network (i.e., ImHist-
Net) that leverages the LIH layer to classify RCC grades and stages from 
CT. We comprehensively discuss the technical insights of LIH and its 
implementation details in this section, which were not covered in our 
preliminary work (Hussain et al., 2019a,b). 

2.1. Learnable image histogram 

Our proposed learnable image histogram (LIH) stratifies the pixel 
values in an image x into different learnable and possibly overlapping 
intervals (bins of width wb) with arbitrary learnable means (bin centers 
βb). Given a 2D image (or a 2D region of interest or patch) x : ℛ2→ℛ, the 
feature value hx

b : b ∈ ℬ→ℛ, corresponding to the number of pixels in x 
whose values fall within the bth bin, is estimated as: 

hx
b = Φ{Hx

b} = Φ{max(0, 1 − |x − βb| × w̃b)}, (1)  

where ℬ is the set of all bins, Φ is the global pooling operator, Hx
b is the 

piece-wise linear basis function that accumulates positive votes from the 
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pixels in x that fall in the bth bin of interval [βb − wb/2,βb + wb/2], and w̃b 

is the learnable weight related to the width wb of the bth bin: w̃b = 2/wb. 
Any pixel may vote for multiple bins with different Hx

b since there could 
be an overlap between adjacent bins in our learnable histogram. The 
final |ℬ| × 1 feature values from the learned image histogram are ob-
tained using a global pooling Φ over each Hx

b separately. Depending on 
the task-specific requirement, the pooling can be the nonzero element 
count: Φ{Hx

b} =
∑P

p
∑Q

q 1 for Hx
b(p, q) > 0, max-pooling: Φ{Hx

b} =

max(Hx
b), or average-pooling: Φ{Hx

b} = mean(Hx
b), where P × Q is the 

total number of pixels in x. The linear basis function Hx
b of the LIH is 

piece-wise differentiable and can back-propagate (BP) errors to update 
βb and w̃b during training. The gradients of βb and w̃b for a loss ℒ are 
calculated from Eq. (1) as: 

∂ℒ
∂βb

=

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

w̃b if Hx
b > 0 and x − βb > 0,

− w̃b if Hx
b > 0 and x − βb < 0,

0 otherwise.
(2)  

∂ℒ
∂w̃b

=

{
− |x − βb| if Hx

b > 0,
0 otherwise.

(3) 

In Fig. 2, we show a visual representation of four arbitrary LIH bins 
with different bin centers βb and bin widths wb. Also note that our LIH 
layer can be used at different depths of the network for multiple times, as 
well as can be applied directly on an input image or on a feature map. 

2.2. Design of LIH using CNN layers 

We implement the LIH using conventional CNN layers, as illustrated 
in Fig. 1. The input of LIH can be a 2D or vectorized 1D image, and the 
output is a |ℬ| × 1 histogram feature vector. The operation x − βb for a 
bin centered at βb is equivalent to convolving the input by a 1 × 1 kernel 
with fixed weight of 1 (i.e., with no updating by BP) and a learnable bias 
term βb (‘Conv 1’ in Fig. 1). A total of B = |ℬ| number of similar 
convolution kernels are used for a set of ℬ bins. Then an absolute value 
layer produces |x − βb|. This is followed by a set of convolutions (‘Conv 
2’ in Fig. 1) with a total of B separate (non-shared across channels) 
learnable 1 × 1 kernels and a fixed bias of 1 (i.e., no updating by BP) to 
model the operation of 1 − |x − βb| × w̃b. We use the rectified linear unit 
(ReLU) to model the max(0, ⋅) operator in Eq. (1). The final |ℬ| × 1 
feature values hx

b are obtained by global pooling over each feature map 
Hx

b separately. 
We further clarify the specific way of using ‘Conv 2’ in our proposed 

LIH module. This convolution operator works differently than a typical 
convolution layer. Typically, a convolution kernel shares the learnable 
filter parameters among the channels. In contrast, the filter parameters 
of ‘Conv 2’ in our LIH are not shared among channels. Since the channels 

generated from ‘Conv 1’ correspond to different learnable bins B with 
different bin centers βb, ‘Conv 2’ needs to operate on each of the chan-
nels B separately to associate different bin widths parameter w̃b. That is 
why ‘Conv 2’ performs convolution on each channel separately. 

In Fig. 3(a), we show an example raw CT image patch x and corre-
sponding LIH generated image patches randomly selected from the 
feature maps of Hb(x) (Fig. 1). We also show the intensity distributions 
of the selected patches in Fig. 3(a) in terms of a histogram in Fig. 3(b), 
where we can observe the learned histogram of variable bin centers βb 
and bin widths wb. We also observe in Fig. 3(b) that the learned wb for 
different feature maps in Hb(x) have overlaps among those. 

2.3. ImHistNet classifier architecture 

The classification network comprises ten layers: the LIH layer, five 
(F1–F5) fully connected layers (FCLs), one softmax layer, one average 
pooling (AP) layer, and two thresholding layers (Fig. 4). The first seven 
layers contain trainable weights. The input is a 64 × 64 pixel image 
patch extracted from the kidney + RCC slices. During training, we fed 
randomly shuffled image patches individually to the network. The LIH 
layer learns the variables βb and w̃b to extract characteristic textural 
features from image patches. In implementing the proposed ImHistNet, 
we chose B = 128 and ‘average’ pooling at Hx

b . We set subsequent FCL 
(F1–F5) size to 4096× 1. The number of FCLs plays a vital role as the 
model’s overall depth is important for good performance (Zeiler and 
Fergus, 2014). Empirically, we achieved good performance with five 
FCL layers. Layers 8, 9, and 10 of the ImHistNet are used during the 
testing phase and do not contain any trainable weights. 

2.4. Training 

We trained two separate ImHistNets for Fuhrman grading and 
anatomical staging of RCC. We implemented our networks in Caffe (Jia 
et al., 2014) command line environment and trained by minimizing the 
binary cross-entropy loss between the ground truth and predicted labels 
(1: Fuhrman low/stage low, and 0: Fuhrman high/stage high). As we 
mentioned in Section 2.2 that the ‘Conv 2’ operator in our LIH module 
needs to be applied on each channel separately, in our Caffe imple-
mentation, we used the ‘group’ strategy to facilitate separate and par-
allel convolution operations on each channel in the end-to-end learning. 
We set group = B. We used stochastic gradient descent for updating the 
parameters. We employed a Dropout unit (Dx) that drops 20%, 30%, and 
40% of the units in F2, F3, and F4 layers, respectively (Fig. 4) and used a 
weight decay of 0.005. The base learning rate was set to 0.001 and was 
decreased by a factor of 0.1 to 0.0001. We ran the training for 250,000 
iterations with a batch of 128 patches. The training ran on a workstation 
with an Intel 4.0 GHz Core-i7 processor, an Nvidia GeForce Titan Xp 
GPU with 12 GB of VRAM and 32 GB of RAM. Our workstation runs on 
Ubuntu 16.04 operating system with cuDNN version 9.0. Training the 

Fig. 1. The graphical representation of the architecture of our learnable image histogram using CNN layers. We also break down our piece-wise linear basis function 
Hx

b on top of the figure in relation to different parts of the learnable image histogram architecture. 
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ImHistNet took about 5 h to reach an error saturation. The inference 
time per kidney sample is about 1 s. 

2.5. RCC grade and stage classification 

After training ImHistNet (layers 1–7) by estimating errors at layer 7 
(i.e., Softmax layer), we used the full configuration (from layer 1 to 10) 
in the testing phase. Although we used patches from only RCC- 
containing kidney slices during training and validation, not all RCC 
cross-sections contained discriminant features for proper grade identi-
fication. Thus, our trained network may miss-classify the interrogated 

image patch. To reduce such miss classification, we adopt a similar 
multiple instance decision aggregation procedure to our earlier work 
(Hussain et al., 2018). In this approach, we feed randomly shuffled 
single image patches as inputs to the model during training. We feed all 
candidate image patches of a particular kidney to the trained network 
during inference and accumulate the patch-wise binary classification 
labels (0 or 1) at layer 8 (the thresholding layer). We then feed these 
labels into a P × 1 average pooling layer, where P is the total number of 
patches of an interrogated kidney. Finally, we feed the estimated 
average (Eavg) from layer 9 to the second thresholding layer (layer 10), 
where Eavg ≥ 0.5 indicates the Fuhrman low or stage low, and Eavg < 0.5 

Fig. 2. Schematic representation of our LIH bins. We show four arbitrary bins with different bin centers βb and bin widths wb.  

Fig. 3. Illustration of LIH generated Hx
b with variable intensity distribution. (a) Raw CT image patch (x) of size 64 × 64 pixels and four randomly selected image 

patches (Hx
B) before the global pooling in Fig. 1. (b) Corresponding intensity distributions of patches 1–4 in (a) are shown with histogram of variable bin centers βb 

and widths wb. 

Fig. 4. Multiple instance decisions aggregated ImHistNet for RCC grade and stage classification. The light green block represents the proposed LIH layer shown 
in Fig. 1. 
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indicates Fuhrman high or stage high (see Fig. 4). 

3. Data 

We used CT scans of 159 patients from The Cancer Imaging Archive 
(TCIA) database (Clark et al., 2013). These patients’ diagnosis was clear 
cell RCC, of which 64 belonged to Fuhrman low (I/II), and 95 belonged 
to Fuhrman high (III/IV). Also, 99 patients were staged low (I–II), and 60 
were staged high (III–IV) in the same cohort. The images in this database 
have variations in CT scanner models and spatial resolution. We divided 
the dataset for training/validation/testing as 44/5/15 and 75/5/15 for 
Fuhrman low and Fuhrman high, respectively. For anatomical staging, 
we divided the dataset for training/validation/testing as 81/3/15 and 
42/3/15 for stage low and stage high, respectively. This database does 
not specify the time delay between the contrast media administration 
and acquisition of the image. Therefore, we cannot distinguish a CT 
volume in terms of the corticomedullary and nephrographic phase. We 
show a summary of the data we used in this work in Table 2: 

Our method’s input data are 2D image patches of size 64 × 64 
pixels, taken from a region-of-interest that contains both the kidney and 
RCC. We do not require any fine pre-segmentation of the RCC. Our LIH 
layer can effectively stratify the overall image intensity range into a 
predefined number of bins (i.e., B). It facilitates ignoring background/ 
unwanted intensity values from the intensity of interest (i.e., RCC and 
kidney intensity). Therefore, our method can effectively learn RCC 
textural features from a non-delineated kidney and RCC. It is also 
essential to check if an RCC extends up to Gerota’s fascia, as it indicates 
higher stages of RCC. As our approach does not use pre-segmentation of 
the kidney, rather uses a loose and wide enough ROI around the kidney 
and RCC, it facilitates the inclusion of surrounding areas, including parts 
of Gerota’s fascia, into the analysis. Given the data imbalance where 
samples for Fuhrman low are fewer than for Fuhrman high and stage 
high are fewer than for stage low, we allowed more overlap among 
adjacent patches for the Fuhrman low and staged high datasets. We 
calculate the amount of overlap to balance the samples from both 
cohorts. 

4. Results and discussion 

First, we present the visual representation of learned bin centers and 
widths by the proposed ImHistNet for RCC grading and staging in Fig. 5. 
Our CT data was normalized between [ − 1000, 3000] Hounsfield Unit 
(HU), and we did not use any windowing of CT data in terms of HU 
values. From the plots in Fig. 5, we see that our ImHistNet concentrates 
roughly between [ − 500, 760] HU, the range that covers the fatty tissue 
[ − 20, − 150] HU (Kim et al., 1999), kidney [20, 45] HU (Lepor, 2000), 
RCC [30, 150] HU (Ching et al., 2017), and kidney calcification [110, 
760] HU (Shahnani et al., 2014). It indicates that the ImHistNet was 
successful in identifying the HU range related to kidney diseases. These 

figures also indicate that ImHistNet does not require any fine 
pre-segmentation of the RCC. It is clear from Fig. 5(a) and (b) that our 
LIH layer can effectively focus on a certain image intensity range. If we 
further observe the pattern of learned bin width variations in the close 
neighborhood (i.e., ∼20 neighboring bins) in both Fig. 5(a) and (b), we 
see that the learned bin widths are more irregular among neighboring 
bins in the region that falls within the RCC HU spectrum (shown with red 
boxes in Fig. 5(a) and (b)). It indicates that the ImHistNet concentrated 
more on analyzing the textural variations of the RCC for the grading and 
staging tasks. 

4.1. RCC Fuhrman grade classification 

We compared our RCC grade classification performance in terms of 
accuracy to a wide range of methods. Note that we trained models with 
shuffled single image patches for all our implementations and used 
multiple instance decision aggregation per kidney during inference. We 
fixed our patch size to 64 × 64 pixels across all contrasting methods. 

To provide a rigorous justification for choosing different hyper- 
parameters of our proposed model, we evaluated the effects of our 
model’s different components incrementally in Table 3. First, we use 
ResNet-50 (He et al., 2016) with transfer learning to test the perfor-
mance of conventional CNN (Table 3). Here, we used the full 
kidney + RCC slices as input in experiment 1 and patches as input in 
experiment 2. As we mentioned in Section 1 that a classical CNN typi-
cally gives less emphasis in capturing textural features, it has become 
evident from the results in Table 3 where such CNNs performed poorly 
in learning the textural features of RCC. 

Next, to evaluate the performance of hand-engineered feature-based 
conventional machine learning approaches, we tested a support vector 
machine (SVM) employing the conventional image histogram of 128 and 
256 bins, as shown in Table 3 experiments 3 and 4, respectively. We also 
compared two state-of-the-art methods (Shu et al., 2018; Meng et al., 
2017), denoted as experiments 5 and 6, where we quote authors’ best 
self-reported performances. These methods mostly relied on the RCC 
textural features and used classical predictive models, e.g., logistic 
regression. Here, the method by Shu et al. (2018) performed the best 
with 77% classification accuracy (Table 3 experiment 5). 

Then, we examine the performance of hand-engineered features with 
deep neural network (DNN) and the LIH features with SVM in experi-
ments 7–9 in Table 3. To contrast the performance of an SVM against a 
DNN, in experiments 7 and 8, we fed the conventional histogram (128 
and 256 bins) features to a DNN of 5 FCL with weight sizes (4096 × 1)– 
(4096 × 1)–(4096 × 1)–(4096 × 1)–(2 × 1). We choose this FCL 
configuration as our ImHistNet contains the same. Next, to evaluate the 
hand-engineered features against LIH features, we used LIH features to 
train an SVM in experiment 9. We see in Table 3 that the SVM with LIH 
features outperformed the SVM with conventional histogram features. 

To evaluate the performance of a DNN, combining a conventional 
CNN and ImHistNet, we added AlexNet (Krizhevsky et al., 2012) in 
parallel to the ImHistNet in experiments 10 and 11. We concatenated the 
last FCLs of size 4096 × 1 in both networks, and the whole network was 
trained end-to-end. We implemented two such approaches using the full 
kidney + RCC images and patches as inputs in experiments 10 and 11, 
respectively. To use patches as input to the AlexNet, we upsampled those 
to a size of 227 × 227 pixels. We observed in Table 3 that the classical 
CNN affect the performance of the proposed ImHistNet negatively, i.e., 
results were worse than those by ImHistNet. 

In experiment 12, we also did an ablation study to check the per-
formance of ImHistNet without the LIH layer. The resulting DNN con-
sists of only 5 FCLs. Then, we fed image patches directly to FCLs, without 
any hand-engineered or LIH-generated intermediate features. We see 
from Table 3 that the accuracy of this approach is the worst among all 
comparing techniques. Thus, it is clear that our LIH layer learns 
discriminatory textural features. 

Finally, to achieve the optimum results from LIH, we varied the 

Table 2 
Summary of relevant and available information about the CT data used in 
this work.  

Items Descriptions 

Modality CT 
Pixel dimensions Axial: 1.5–7.5 mm  

Coronal: 0.29–1.87 mm  
Sagittal: 0.29–1.87 mm 

Total patients 159 
Number of males 106 
Number of Females 53 
Age Mean: 61.18 ± 12.07 Y   

Minimum age: 34 Y  
Maximum age: 89 Y 

Race White: 155  
Black or African American: 4  
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number of bins (64/128/256) and FCLs of size 4096 × 1 (4/5/6), and 
the pooling types (AP/NZEC) with the LIH layer and present the results 
as experiments 13–18 in Table 3. We see that ImHistNet with 128 bins, 
average pooling, and 5 FCL achieved the highest accuracy (80%) among 
all contrasting methods shown in Table 3. The corresponding confusion 
matrix is shown in Fig. 6. The method of Shu et al. (2018) showed the 
closest performance to ImHistNet with 77% accuracy (see experiment 5 
in Table 3). The estimated RCC grading accuracy of the ImHistNet on the 
training data is 82%. 

4.2. RCC stage classification 

We also compared our RCC stage classification performance in terms 
of accuracy to a wide range of methods in Table 4. To our knowledge, 
there is no automatic and machine learning-based approach for RCC 
stage classification. Therefore, we compare the RCC staging perfor-
mance of different methods by implementing those in our capacity. 
Similar to RCC grade classification, we trained models with shuffled 
single image patches and used multiple instance decision aggregation 
per kidney during inference. We fixed our patch size to 64 × 64 pixels 
across all contrasting methods except for ResNet-50. 

First, to compare the performance of ImHistNet to that of traditional 
hand-engineered feature-based machine learning approaches, we eval-
uated an SVM as experiments 19 and 20 employing a conventional 
image histogram of 16 and 64 bins, respectively, and Table 4 shows a 
resulting poor performance at 53% accuracy for both the cases. 

Fig. 5. Illustration of the learned bin centers and widths by the proposed ImHistNet for (a) RCC grading and (b) RCC staging. The bin centers are plotted after sorting 
from low to high values of the CT Hounsfield Unit. The red boxes in both figures indicate the Hounsfield Unit spectrum of RCC, where high variation in bin widths 
among the neighboring bins are observed. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) 

Table 3 
Comparison of automatic RCC Fuhrman grade classification performance by 
different methods. Acronyms used – Exp.: experiment, NTS: number of test 
samples, Acc.: accuracy, SVM: support vector machines, xFCV: x-fold cross- 
validation, LxOCV: leave-x-out cross-validation, ‘-’: not reported.  

Exp. Aspects checked Methods NTS Acc. 

Conventional CNN 
1 Full image vs. patch Full image + ResNet-50 (He 

et al., 2016) 
30 53.33% 

2  Patch + ResNet-50 (He et al., 
2016) 

30 50.00% 

Hand-engineered features-based conventional machine learning 
3 Number of histogram- 

bins 
Patch + histogram (128 
bins) + SVM 

30 56.66% 

4  Patch + histogram (256 
bins) + SVM 

30 63.33% 

5 State-of-the-art (Shu et al., 2018) (5FCV on 
260 samples) 

– 77.00% 

6  (Meng et al., 2017) (L1OCV on 
90 samples) 

– 70.00% 

Hand-engineered features-based deep neural networks 
7 Number of histogram- 

bins 
Patch + histogram (128 
bins) + 5 FCL 

30 50.00% 

8  Patch + histogram (256 
bins) + 5 FCL 

30 50.00% 

LIH Features-based conventional machine learning 
9 – Patch + LIH (128 

bins) + AP + SVM 
30 60.00% 

Combined LIH features-based DNN and conventional CNN 
10 Full image vs. Patch Patch + LIH + AP + 5 FCL ‖

AlexNet  
30 53.33% 

11  Full Image + LIH + AP + 5 
FCL ‖ AlexNet  

30 50.00% 

Deep neural network 
12 Absence of histogram Patch + 5 FCL 30 36.67% 
LIH features-based deep neural networks 
13  Patch + LIH (128 

bins) + NZEC + 5 FCL 
30 50.00% 

14 Number of FCLs, 
number of bins, 
pooling types 

Patch + LIH (128 
bins) + AP + 4 FCL 

30 53.33% 

15  Patch + LIH (128 
bins) + AP + 6 FCL 

30 50.00% 

16  Patch + LIH (64 
bins) + AP + 5 FCL 

30 50.00% 

17  Patch + LIH (256 
bins) + AP + 5 FCL 

30 43.33% 

18 Proposed ImHistNet [LIH (128 
bins) + AP + 5 FCL] 

30 80.00%  

Fig. 6. Confusion matrix showing the actual and predicted Fuhrman grades for 
the test data. 
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Next, to contrast the performance of SVM against DNN, in experi-
ments 21 and 22, we fed the conventional histogram (16 and 64 bins, 
respectively) features to a DNN of 5 FCL with weight sizes (4096 × 1)– 
(4096 × 1)–(4096 × 1)–(4096 × 1)–(2 × 1). We chose this FCL 
configuration for fairer comparisons since our ImHistNet contains the 
same. Table 4 shows that the FCL with conventional histogram per-
formed worse, achieving 50% accuracy. 

Then we used ResNet-50 (He et al., 2016) in experiment 23 with 
transfer learning to test the performance of high performing modern 
CNN (see Table 4). We used full kidney + RCC slices of size 224 × 224 
pixels as input. As mentioned in Section 1, a classical CNN typically 
gives less emphasis to capture textural features, which is evident from 
our results where ResNet-50 performed poorly in learning the textural 
features of RCC, resulting in 60% accuracy. 

We also did an ablation study for RCC staging similar to experiment 
12 to check the performance of ImHistNet without the LIH layer. In 
experiment 24, we fed image patches directly to FCLs, without any hand- 
engineered or LIH-generated intermediate features. We see from Table 4 
that the accuracy of this approach is the worst among all comparing 
techniques. Thus, it is clear from here too that our LIH layer learns 
discriminatory textural features. 

Finally, we show our proposed method’s performance in Table 4 
experiment 25, where ImHistNet achieved the highest accuracy (83%) 

among all contrasted methods. The corresponding confusion matrix is 
shown in Fig. 7. The estimated RCC staging accuracy of the ImHistNet on 
the training data is 87%. 

4.3. Discussion 

In this work, we achieved over 80% accuracy in RCC grade/stage low 
and high classification using a straightforward but robust DNN archi-
tecture. The proposed learnable image histogram layer in conjugation 
with five fully connected layers outperformed the state-of-the-art com-
puter vision image classifier, i.e., ResNet (He et al., 2016). The proposed 
ImHistNet is also efficient in segregating different textures in a CT image 
that it easily stratify the tumor/cancer textures from the background. 
Thus our method does not require any segmentation of the RCC. Besides, 
to our knowledge, for the first time, we have shown that the RCC stages 
can also be estimated automatically by analyzing the CT textural fea-
tures of RCC. 

We faced a big challenge in this work because of the small size of our 
experimental dataset, especially in the RCC staging experiment. In our 
159 patient cohort, the number of RCC stage I, II, III, and IV patients are 
84, 15, 41, and 19, respectively. These numbers are highly imbalanced 
and insufficient for some cases to train a deep neural network properly. 
Thus, we choose to group them into stage low (I/II) and stage high (III/ 
IV) as the nature of treatment is often similar between stages I and II, and 
between stages III and IV (Escudier et al., 2016; Bradley et al., 2015). 
Furthermore, we used small image patches to increase the number and 
variability of training samples and address class imbalances in the 
training data via controlling the overlap between adjacent patches. 

Although we compared RCC grading performance of the ImHistNet 
with conventional machine learning approaches by Shu et al. (2018) and 
Meng et al. (2017), there are two neural network-based RCC grading 
approaches (Kocak et al., 2019; He et al., 2020) present in the literature. 
However, these methods used hand-engineered RCC features and sub-
sequently used simple neural networks to reduce the feature dimen-
sionality. In addition, the method by Kocak et al. (2019) is designed for 
unenhanced CT, while the method by He et al. (2020) is designed for the 
WHO renal tumor classification system. Therefore, the performance of 
these methods cannot be compared directly to our approach. 

On the other hand, we found only one CT feature-based RCC staging 
approach (Ökmen et al., 2019) that used K-nearest neighbors. However, 
this method is designed for TNM I-IV staging, while our approach is 
designed for low and high anatomical staging. Thus, our performance 
cannot be compared directly to that by Ökmen et al. (2019). 

The proposed ImHistNet also produced several miss classifications in 
both grading and staging tasks. To examine those miss classification 
cases, we plot the Softmax probability of each test case used in RCC 
grading and staging experiments in Fig. 8(a) and (b), respectively. We 
defined the probability range 0.41–0.50 as an uncertain decision region, 
where our method fails to decide with certainty. We see in Fig. 8(a) that 
the probabilities associated with all three miss-classification of actual 
grade low cases fall within the uncertain region. Two of the three 
probabilities associated with the three miss classification of actual grade 
high cases fall within this uncertain region. Thus, our method lacked 
confidence in a total of five out of six miss classification test cases in RCC 
grading. In the RCC staging task, we see in Fig. 8(b) that only one of the 
two probabilities associated with the miss classification of actual stage 
low cases fall within the uncertain region. 

Image-based RCC grading and staging has a promising clinical 
implication. Although biopsy-based RCC grading is an inseparable part 
of the clinical workflow, it often requires considerable time in the pro-
cess of performing the biopsy and subsequent radiological analysis. It is 
also reported that percutaneous imaging-guided renal fine-needle aspi-
ration suffered from low sensitivity and frequent nondiagnostic results 
(Maturen et al., 2007). A recent study (Patel et al., 2016) of core biopsy 
on 2,979 patients found a notable Fuhrman upgrading (16%) from low 
to high grade after surgical resection of the renal mass. Since our 

Table 4 
Comparison of automatic RCC stage classification performance by different 
methods. Acronyms used – Exp.: experiment, NTS: number of test samples, Acc.: 
accuracy, SVM: support vector machines.  

Exp. Aspects checked Methods NTS Acc. 

Hand-engineered features-based conventional machine learning 
19 Number of 

histogram-bind 
Patch + histogram (16 
bins) + SVM 

30 53.33% 

20  Patch + histogram (64 
bins) + SVM 

30 53.33% 

Hand-engineered features-based conventional machine learning 
21 Number of 

histogram-bins 
Patch + histogram (16 bins) + 5 
FCL 

30 50.00% 

22  Patch + histogram (64 bins) + 5 
FCL 

30 50.00% 

Conventional CNN 
23 – Full Image + ResNet-50 (He 

et al., 2016) 
30 60.00% 

Deep neural network 
24 Absence of 

histogram 
Patch + 5 FCL 30 43.33% 

LIH features-based deep neural networks 
25 Proposed ImHistNet [LIH (128 

bins) + AP + 5 FCL] 
30 83.33%  

Fig. 7. Confusion matrix showing the actual and predicted anatomical stages 
for the test data. 
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image-based noninvasive approach covers the full tumor region, it is less 
susceptive to misdiagnosis. Therefore, our approach can be useful in 
clinical decision support. Besides, while a patient waits for the biopsy 
conduction and results, an image-based approach can help physicians 
diagnose and prepare the treatment plan. The biopsy results can confirm 
the decision. 

5. Conclusion 

We proposed a learnable image histogram-based DNN framework for 
end-to-end image classification. We demonstrated our approach on a 
cancer grade and stage prediction task providing automatic 2-tiered FGS 
(Fuhrman low and Fuhrman high) grade classification and stage low and 
stage high classification of RCC from CT scans. Our approach learns a 
histogram directly from the image data and deploys it to extract repre-
sentative discriminant textural image features. We increased efficacy by 
using small image patches to increase the number and variability of 
training samples and address class imbalances in the training data via 
overlap control. We also used multiple instance decision aggregation to 
robustify binary classification further. Our proposed ImHistNet out-
performed current competing approaches for this task, including con-
ventional ML, deep learning, as well as manual human radiology 
experts. ImHistNet appears well suited for radiomic studies, where 
learned textural features from the learnable image histogram may aid in 
better diagnosis. 

Our proposed ImHistNet efficiently stratifies the intensity spectrum 
into learnable bins. We plan to investigate a process to incorporate the 
spatial texture context via learning the co-occurrence statistics within 
the DNN framework. It is also essential to find an optimal architecture of 
ImHistNet that can lead to better RCC analysis performance. That being 
said, the problem of comprehensive exploration of possible network 
architectures is beyond the scope of this work. Our future work envisions 
to include neural architecture search (NAS) to find the optimal network 
for this work. 

Furthermore, to learn domain-invariant RCC features, we plan to use 
the classification and contrastive semantic alignment (CCSA) loss Yoon 
et al. (2019). This approach would facilitate learning RCC-specific fea-
tures irrespective of the data source. Thus, it would avoid a deep model 
being negatively affected by the domain-specific features. It is also a 
widely accepted fact that pathological data are scarce compared to 
healthy data. Another possible future direction is to address this 
imbalance in training data by synthesizing pathological RCC cases, as 
previously reported for lung nodules in Han et al. (2019) and brain 
tumor synthesis in Yu et al. (2018). Synthesized pathological cases may 

enhance the result of cross-domain training testing. 
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