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Abstract—Computer vision is a field of artificial intelligence 

(AI) that is being used increasingly in histopathology to identify 

pathologies in slide images with a high degree of accuracy. In 

this paper, we focus on the different interpreting techniques of 

explainable computer vision (XCV). Analysis of histopathology 

images is a challenging task, and specialized knowledge is 

mandatory to make AI decisions. To carry out this analysis, a 

deep learning model has been used to classify and differentiate 

the scoring (i.e., benign and malignant) of Prostate cancer 

(PCa). However, the AI models are complex and opaque, and it 

is important to understand model decision-making. Therefore, 

to address this problem, we present three techniques for 

accountability and transparency of the model, namely 

Activation Layer Visualization (ALV), Local Interpretable 

Model-Agnostic Explanation (LIME), SHapley Additive 

exPlanations (SHAP), and Gradient-weighted Class Activation 

Mapping (Grad-CAM). XCV is AI in which the results of the 

black-box model can be understood by humans. The robustness 

of our model has been confirmed by using an external test 

dataset including 100 histopathology images. The model 

performance has been evaluated using the receiver operating 

characteristic (ROC) curve. 

Keywords— explainable computer vision, histopathology, 

artificial intelligence, black box, prostate cancer 

I. INTRODUCTION 

The analysis of histopathology images is a gold standard 
for the detection of different types of cancer regions and 
performs diagnosis using AI algorithms [1, 2]. Histopathology 
study is carried out under the microscope for disease 
diagnosis. Hematoxylin and Eosin (H&E) staining is used 
routinely in histopathology laboratories to analyze different 
types of cells and tissue and provides important information 
about the pattern, shape, cell structure in a tissue sample [3, 
4]. Also, H&E dyes make it easier for pathologists to see 
different parts of the cell under a microscope Hematoxylin has 
a deep blue-purple color which shows the ribosomes, 
chromatin within the nucleus. In contrast, Eosin has an 
orange-pink-red color which shows the cytoplasm, cell wall, 
collagen, connective tissue, and other structures that surround 
and support the cell. Image classification and segmentation are 
two basic tasks in digital histopathology. Image classification 
is carried out by categorizing and labeling groups of pixels 
within an image [5]. In this study, the image classification task 
was carried out using PCa tissue samples, and it is a type of 
cancer that has always been an important challenge for 
pathologists. For manual diagnosis of PCa, expert pathologists 

need more attention to analyze the tissue pattern, structure of 
cells, and glands under a microscope, which is time-
consuming. However, to make the work easier for 
pathologists, many researchers are developing different types 
of computer-aided diagnosis (CAD) systems that can make 
decisions automatically. 

In recent years, AI algorithms have shown tremendous 
performance in different kinds of applications, especially in 
medical health. It has been used in many fields as exemplified 
by computer vision and is well-recognized for image 
classification [6]. Recently, the activation features of 
convolution neural networks (CNN) have achieved splendid 
triumphs in computer vision [7-9]. XCV is AI in which the 
results of the black-box model can be understood by humans. 
Nowadays, AI systems and machine learning (ML) algorithms 
are widespread in many areas. Data is used almost everywhere 
to solve problems and help humans, a large factor for this 
success is the progress in the DL area, but also generally the 
development of new and creative ways how we can use data. 

As a consequence, the complexity of these systems 
becomes incomprehensible even for AI experts. Therefore, the 
models are usually also referred to as black boxes. The 
meaning of “black-box” is that it is generally difficult to 
clearly explain the decisions made by the models [10]. 
Explainability and interpretability are very important in 
medical areas because the CAD system needs to be 
transparent and understandable to gain the trust of doctors and 
patients. The procedures and methods that allow human users 
to understand and trust the results and output created by the 
models are called XCV [11]. Fig. 1 shows a schematic 
representation of XCV. 

In this paper, we introduce a Light-Dense CNN (LDCNN) 
model for histopathology image classification. The model 
consists of multiple layers, including the input layer, 
convolutional layers, concatenation layers, dropout layers, 
and classification layer. This model has been modified from 
the light-weight CNN (LWCNN) architecture which was 
introduced in our previous study [12]. Also, we have 
explained the processes and outputs of the supervised model 
so that it is understandable for other readers. The ALV, LIME 
[13], SHAP [14, 15], and Grad-CAM [16] techniques were 
used to generate the activated feature maps and visualize the 
model’s decisions which produce a coarse localization map of 
the important region in the image, thus interpreting the 
decision of the neural network.
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Fig. 1.  A brief schematic representation of explainable computer vision 

The contributions of this paper are summarized as follows: 

• The binary classification was performed successfully 
using the LDCNN model. 

• Experiments were conducted using PCa 
histopathology images with different magnifying 
factors (i.e., 20× and 40×). 

• Two types of datasets were used to perform the 
experiments: a public dataset (i.e., PANDA 
Challenge) and a private dataset. 

• The XCV methods are used to visualize the results of 
the black-box model, which include ALV, SHAP, and 
Grad-CAM. 

The remainder of this article is structured as follows. In 
Section II, we described the related work and recent studies 
about images classification and XAI. Section III illustrates the 
complete methodology of this study, which includes data 
acquisition, model development, and XCV methods. Results 
of the AI models are presented in Section IV. Section V 
discusses the paper and lastly, the paper is concluded in 
Section VI. 

II. RELATED WORK 

 Research on computer vision for histopathology image 
analysis provided valuable findings regarding the problems of 
automatic detection and classifying PCa tissue images. In 
[17], they developed a patch-based classifier using CNN for 
the automated classification of histopathology images. Their 
proposed method achieved promising results for both binary 
and multiclass classification. In [18], they developed a dual-
channel residual convolution neural network to classify the 
histopathology images of the lymph node section. They 
performed binary classification to discriminate between 
cancerous from noncancerous tumors. In [19], a novel method 
was proposed for histopathological image classification of 
colorectal cancer. They developed a novel bilinear 
convolution neural network (BCNN) model that consists of 
two CNNs, and the outputs of the CNN layers are multiplied 
with the outer product at each spatial domain. This proposed 
model of this paper performed better than the traditional CNN 
by classifying colorectal cancer images into eight different 
classes. In [20], they developed an Inception Recurrent 
Residual Convolution Neural Network (IRRCNN) model for 
the histopathology image classification of Breast Cancer. 
They developed their model based on three powerful DL 
architectures, namely Inception, Residual, and Recurrent 
Network. In [12], the author proposed a lightweight CNN 
model to classify the histopathology images of prostate 
cancer. The model achieved promising accuracy of 94.0% for 
binary classification. The comparative analysis was 
performed with other state-of-the-art pre-trained models. In 
[21], the author proposed a fully automatic method that detects 
prostatectomy WSIs with a high-grade Gleason score. The 

model achieved an accuracy of 78% in a balanced set of 46 
unseen test images. 

In recent years, researchers are focusing on the XAI 
because the decision-making process of deep neural networks 
is largely unclear, and it is difficult to understand for humans. 
In [22], the author used different methods to generate the 
importance map from the black-box model indicating how 
salient each pixel importance using gradients or other internal 
network states. Also, they address the problem of XAI for 
deep neural networks that take images as input and output a 
class probability. In [13], the author proposed a novel 
explanation technique (i.e., LIME) to explain the predictions 
of nay classifier. Also, they demostrated the flexibility of this 
method by explaining ML models (e.g. random forests) for 
text  and DL models (e.g. neural networks) for image 
classification. In [14], the author present a unified framework 
for interpreting model prediction, SHAP. It assigns feature 
importance for a particular prediction. Also, they proposed 
new methods that show better consistency with human 
intuition than previous approaches. In [15], the author 
surveyed the current progress of XAI and in particular its 
advances in healthcare applications. They discussed different 
approaches (i.e., Grad-CAM, LIME, and SHAP) to unbox the 
black-box for medical explainable AI via multi-modal and 
multi-center data fusion. In [23], the author evaluated k-means 
clustering and random forest algorithms using two very 
popular xEplainable techniques (i.e., LIME and SHAP) to see 
and understand the output of the black-box model. 

In previous research works, the authors developed 
different kind of CNN models for histopathology image 
classification and achieved promising results. Also, few 
explainable techniques were proposed for interpreting model 
prediction. However, in the present study we developed a 
LDCNN model which is a modified version of LWCNN [12], 
and it is not complicated like other CNN models discussed in 
this section. The proposed model performs better than 
LWCNN in terms of accuracy, overfitting issue, and 
computational cost. 

III. MATERIALS AND METHODS 

A. Dataset 

 We have used two different datasets from two different 
centers. Out of which, one is public and the other one is 
private. 

Public Dataset: It was collected online from the Kaggle 
repository [24]. The whole slide images (WSIs) were prepared 
at Radboud University Medical Center, Netherland. The slides 
were scanned using 3Dhistech Pannoramic Flash II 250 
scanner at 20× magnification. Sample patch images used for 
model testing are shown in Fig. 2 The size of the patch images 
extracted from WSIs is 512 × 512 pixels. 

Private Dataset: This dataset is not publicly available 
online. It was collected from the Severance Hospital of Yonsei 
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University, South Korea. The slides were scanned at 40× 
optical magnification with 0.3 NA objective using a digital 
camera (Olympus C-3000) attached to a microscope 
(Olympus BX-51). The sizes of patches extracted from WSIs 
are 256 × 256 and 512 × 512 pixels. Fig. 3 shows the sample 
images of PCa used for model training and validation. 

 

Fig. 2. The four types of PCa histopathology images from the PANDA 

challenge dataset. Grade 2 is considered a benign tumor and Grade 3, Grade 

4, and Grade 5 is considered a malignant tumor 

 

Fig. 3. The four types of histopathology images of PCa (benign, grade 3, 

grade 4, and grade 5) from a private dataset 

Image resizing is a crucial step in computer vision. DL 
models train faster on smaller images and require the same 
input image dimensions (i.e., height × width) for all the input 
samples. Also, the model produces an error if the image is too 
small or too big. So according to the rule of thumb method, 
we decided to use 256 × 256 pixel images for the DL model. 

Moreover, we performed data augmentation to increase 
the number of samples in the dataset because the huge data 
increases the likelihood that it contains useful information, 
which is advantageous for the DL model. Also, by adding 
more data in the training set the chances of overfitting 
decrease rather than increase. Therefore, we generated 2 
samples from each input sample with rotation (i.e., 10° and 
180°) augmentation technique. Table I shows the statistics for 
the PCa classification datasets. 

TABLE I.  STATISTICS FOR PRIVATE AND PUBLIC DATASET 

Training and 

Validation 

Private Dataset 

Benign Malignant Total 

Total Number of 

Samples 

900 900 1800 

Number of Training 

Samples Before 

Augmentation 

810 810 1620 

Number of Training 
Samples After 

Augmentation 

1620 1620 3240 

Number of 
Validation Samples 

90 90 180 

Testing Public Dataset 

Number of Test 

Sample 
50 50 100 

B. LDCNN Model for Prostate Cancer Recognition 

To perform supervised learning, we introduce an LDCNN 
model for PCa classification. We have used two different 
datasets from two different centers. Out of which, one is 

public and the other one is private. Although the model was 
not trained with a sufficient amount of data, the proposed 
model has shown state-of-the-art performance. The model 
provides better recognition performance using fewer network 
parameters. 

To construct the model, we utilized a concatenation 
operation between the CNN layers to build the dense 
connections in the network. Here, the output feature maps of 
the layer are concatenated with the incoming feature maps. 
The model has several advantages: it strengthens feature 
propagation, encourages feature reuse, and substantially 
reduces the number of parameters. Nonetheless, the model 
may require high graphics processing unit (GPU) due to 
concatenation operation. The model included CNN layers, 
such as those for input, convolution, rectified linear unit 
(ReLU), concatenation, dropout, global average pooling 
(GAP), and classification. In this model, ‘Stride=2’ was 
utilized in the convolution layer instead of the ‘Maxpooling (2 
× 2)’ to down-sample an input representation (image, hidden-
layer output matrix, etc.), reducing its dimensionality and 
allowing for assumptions to be made about features contained 
in the sub-regions binned. The entire model is shown in Fig. 
4. 

For classification, we set the input shape to 256 × 256 × 1 
while building the model. The model contains 9 convolutional 
layers, 3 concatenation layers, a GAP layer, and a 
classification layer. Softmax activation function was utilized 
for the binary classification. An Adam [25] optimizer was 
used during training and the ReduceLROnPlateau function 
was used to control the learning rate (LR) of the model. To 
avoid model overfitting, we used the early stopping function 
which is a form of regularization. A total of 100 epochs were 
set for training the model and the learning stopped at 45 
because there was no progress on the validation set for 
consecutive 10 epochs. All the experiments were conducted 
on a workstation with an NVIDIA GeForce RTX 3060 GPU, 
32 GB of RAM using Tensorflow and Keras libraries. 

C. Activation Layer Visualization 

ALV is the technique for visualizing the feature maps by 
digging into neural networks. In the CNN model, activation 
layers are a crucial part of the design, and each layer produces 
a different number of feature maps that are the result of 
applying the filters to an input image. Therefore, visualizing 
the activation layer of the black-box model is important 
because it shows the output (i.e., the activated feature maps) 
of specific activation layers and this is done by looking at each 
specific layer. 

D. Gradient Weighted Class Activation Map 

 Grad-CAM is another popular and effective technique for 
interpreting black-box models. It is a simple method 
compared to SHAP but we can see which regions in the image 
were relevant in a specific class. To visualize the attention 
regions in the image, a GAP layer was used instead of fully 
connected (FC) layers at the end before the final classification 
layer, and the network takes the convolutional feature maps as 
input through the GAP layer to produce the outputs for each 
class. Therefore, the class-discriminative localization map is 
obtained by computing the gradient of class 𝐶 with respect to 
feature maps 𝐹 of a convolutional layer. The global average 
pooled gradients flow back to obtain the importance weights 
𝛼𝑘
𝑐. The computation for Grad-CAM can be expressed as:
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Fig. 4. Light Dense Convolutional Neural Network Architecture 
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where  𝛼𝑘
𝑐 is the average of all gradient score of class 𝐶 for the 

kth feature map, 𝑢  and 𝑣  are the length and width of the 

image, 
1

𝑢𝑣
Σ𝑖
𝑢Σ𝑗

𝑣  is the global average pooling, 
𝜕𝑦𝑐

𝜕𝐹𝑖𝑗
𝑘  are the 

gradients via backpropagation, 𝑅𝑒𝐿𝑈  is the activation 
function of a convolutional layer, and 𝐺𝑟𝑎𝑑𝐶𝐴𝑀𝑐  is the 
final attention result for the predicted class. 

E. Local Interpretable Model-Agnostic Explanation 

LIME is one of the novel explanation methods that 
explains the model predictions form each data sample in a 
faithful way by approximating the local interpretable models 
[23]. The implementation strategies of LIME are different for 
different data format (i.e., tabular, text data, and image data) 
[26].  

To explain the decision of the black-box model for image 
data, LIME technique was used to visualize the important 
regions that contributed to the prediction results. In LIME 
algorithm, first an image segmentation method (i.e., 
Quickshift) is utilized to separate the original data into 
multiple pixel blocks. Then the pixel block is used as the 
original data set and perturbs it to achieve model 
interpretation. The equation for LIME explainer can be 
expressed as: 

𝜉(𝑥) =
𝑎𝑟𝑔𝑚𝑖𝑛

𝑔𝜖𝐺
𝐿𝑜𝑠𝑠(𝑓, 𝑔, 𝜋𝑥) + Ω(𝑔) (3) 

where 𝑓 is an original predictor (i.e., the CNN model), 𝑥 is 
the original features, 𝑔 is a local model, 𝐿𝑜𝑠𝑠(𝑓, 𝑔) signifies 
the local approximation degree of the target model 𝑓 and the 
proxy model 𝑔 [26], 𝜋𝑥  is the measure of proximity of an 
instance 𝑦  from 𝑥 , Ω(𝑔)  is measure of complexity of 𝑔𝜖𝐺 
[23], and 𝜉(𝑥) is an interpreter. 

F. SHAP Gradient Explainer 

SHAP is a very popular AI technique and game theory-
based approach used for explaining the output of any black-
box model (e.g., DL or ML). SHAP technique is used in this 
paper to measure feature importance and explain model 
decisions using expected gradients (i.e., an extension of 
integrated gradients). Generally, the feature attribution 
method is called integrated gradient which is used for deep 
neural networks. Therefore, the SHAP value indicates the 
importance of each feature in the model and how much it is 
contributed to the predictions for each given instance. 

To explain and interpret the decisions of the black-box 
model, we used the SHAP algorithm to visualize the attention 
regions by plotting the SHAP values of every important 
feature for every predicted tissue sample. The equation for 
Shapely value estimation can be expressed as: 

∅𝑖(𝑓, 𝑥) =∑
|𝑆|! (𝐹 − |𝑆| − 1)!

𝐹!
𝑆⊆𝐹

× 

[𝑓𝑥(𝑆) − 𝑓𝑥(𝑆\𝑖)] 

() 

where ∅𝑖  Shapley value for feature 𝑖 , 𝑓  is the black-box 
model, 𝑥 is the input dataset, 𝑆 ⊆ 𝐹 is the feature subsets, and 
𝐹 is the set of all features. The SHAP value is computed based 
on the model prediction with the training dataset 𝑓𝑥(𝑆) and 
testing dataset 𝑓𝑥(𝑆\𝑖). 

IV. RESULTS AND DISCUSSION 

 We trained and tested the LDCNN model on high-
resolution H&E stained image datasets collected from two 
different centers. A total of 900 images were used from private 
dataset and 100 from public dataset for training and testing, 
respectively. We performed data augmentation to avoid 
overfitting issues and improve the performance and outcomes 
of the CNN model by creating new and different samples to 
train the dataset. Further, to learn our CNN model, we divided 
private dataset into training and validation datasets according 
to an 9:1 ratio. Both LWCNN and LDCNN models were 
trained and tested on private and public datasets, respectively. 
From the comparative analysis (Table II), it can be observed 
that our proposed model achieved the best performance. In 
particular, LDCNN obtained a better performance by 6.0% on 
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accuracy compared to LWCNN. Moreover, at testing phase, 
the public dataset was further separated into five-split for 
determining the generalizability of the learned model (i.e., 
LDCNN). Therefore, the model showed promising results and 
achieved an accuracy of 100%, 100%, 95.0%, 90.0%, and 
85.0%, and area under the curve (AUC) of 1.00, 1.00, 1.00, 
0.90, and 0.99 at test split 1, 2, 3, 4, and 5, respectively. In 
addition, we also provided the ROC curves to evaluate and 
compare the CNN models which illustrates the diagnostic 
ability of a binary classifier system, shown in Fig. 5. From the 
figure, we can observe that both the models performed well at 
training phase and achieved an overall AUC of 98.0%. In 
contrast, at testing phase, LWCNN model did not achieve 
better results compared to LDCNN.  

TABLE II.  COMPARISON RESULTS OF LWCNN AND LDCNN 

Model Performance 

at Testing Phase 

Public Dataset 

LWCNN LDCNN 

Accuracy (%) 87.0 93.0 

Precision (%) 96.0 92.0 

Recall (%) 81.4 93.8 

F1-Score (%) 88.1 92.9 

AUC (%) 98.0 98.0 

 

Fig. 5. ROC curve for analyzing the model performance on each test split 

generated by plotting the model’s confidence scores 

Unboxing the black-box model is very important for the 
medical image analysis. Many AI algorithms cannot provide 
any evident how and why a decision has been cast. Therefore, 
in this paper, we adopted few techniques for interpreting the 
black-box model. Fig. 6 shows the visualization results of four 
different activation layers extracted from our proposed CNN 
model. From the figure, we can observe low- and high-level 
feature maps obtained by CNN to identify cancer types (i.e., 
benign and malignant).  

We also examined to interpret the decisions of the CNN 
black-box model using the SHAP technique (Fig. 7). This 
shows how each feature is significant in determining the final 
prediction of the model outputs. This technique could 

recognize the cell nuclei surrounding circular regions and 
highly scattered in other sections in benign and malignant 
tissue samples. Fig. 8 shows another popular effective method 
(Grad-CAM) for interpreting the CNN model. This technique 
is utilized to see which regions in the image are relevant to the 
particular class. Fig. 9 shows the model explanation via LIME 
to visualize the super-pixels that contributed to the benign and 
malignant prediction results. To visualize the interpretable 
results, we used the predicted benign and malignant samples, 
shown in Fig. 7a and b, respectively.    

 

Fig. 6. Feature maps are generated from the activation layers of the CNN 
model. (a) Block 1 activation layer. (b) Block 2 activation layer. (c) Block 3 

activation layer. (d) Block 4 activation layer. The bright pixels represents the 

activated and significant features 

 

Fig. 7. Visualization of the attention regions that are positively contributed 
to the prediction via the SHAP method. (a) and (b) Predicted benign and 
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malignant tissue samples. (c) and (d) Interpretable results of (a) and (b), 
respectively. The color bar signifies the SHAP value. The red and blue color 

represents the positive and negative value that increases and decreases the 

model’s output, respectively 

 

Fig. 8. Visualization of the attention regions using the Grad-CAM method. 

(a) Benign tissue sample. (b) Malignant tissue sample. The red color signifies 

the most class-specific discriminative parts of the image 

 

Fig. 9. Visualization of the attention resions and super-pixels that are 

positively contributed to the prediction via the LIME method. (a) Benign 

tissue sample. (b) Malignant tissue sample. The green color signifies the 

most class-specific discriminative parts of the image 

In this study, we have first discussed the methods utilized 
for image classification and XCV. Binary classification (i.e., 
benign vs. malignant) was performed using LDCNN and 
LWCNN models, and comparative analysis was carried out to 
analyze their performance on a public dataset used for testing. 
Then, we adopted different explainable and interpretable 
techniques to visualize the attention regions and contribution 
of each pixels for the prediction. The main difference between 
the two models is that the LDCNN consists of the 
concatenation layers that create dense connections in the 
network and each convolutional block is constructed using the 
combinations of activation functions (i.e., Tanh and ReLu). 

Diagnosis of PCa using histopathology images has been 
one of the key topics in recent oncology. In this study, we 
focused on interpretability and explainability in DL. Our 
proposed CNN model classified the H&E stained images of 
PCa into benign and malignant and achieved the best result at 
test split 1 and 2, obtaining an AUC of 1.00. The interpretable 
and explainable techniques (i.e., ALV, Grad-CAM, LIME, 
and SHAP) are very beneficial for individual diagnosis by 
analyzing each super-pixel in the predicted sample. Also, 
these methods explain how local explanations affect the final 
prediction. It is of note that PCa detection and classification is 
a widely investigated problem in medical data analysis. 
Therefore, meta-explanation is important to describe the 
behavior of the black-box model at a more human-
understandable level [14]. Research in XCV should be more 
precise and meaningful because human users are the viewers 
of XCV results.  

Nevertheless, the visualization results extracted from our 
CNN model are interpretable and explainable which shows the 
activated and significant feature maps for classification and 
attention regions in the predicted outputs. However, from the 
existing research works, it has been analyzed that there are no 
standardized metrics to evaluate the explainability techniques 
of CNN. 

V. CONCLUSION 

In this paper, an LDCNN model was developed for the 
classification of H&E stained images of PCa (i.e., benign and 
malignant). This model was modified from the LWCNN 
model introduced in our previous study. The modified model 
plotted some astounding results by prompting an accuracy of 
100% at test split 1 and 2. The approaches we used in this 
study are significantly superior for tissue image classification 
and detection of the cancer regions. Therefore, the quantitative 
and qualitative results are promising to rationalize further 
research of our approach for other domains. In the future, the 
deliberated approach will be applied to other cancers. 
However, the present work motivated and encouraged us by 
providing an excellent output that could be useful in real-life 
scenarios for the healthcare industry. 
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