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Abstract. Medical Image Captioning, which is the automatic generation of de-

scriptive text through medical images, has yet to be a very valuable assistant for 

clinicians regarding image interpretation and diagnosis. Notable in particular is 

the recent break-through on deep learning that has greatly improved the accura-

cy and efficiency of image captioning model. However, on the other hand this 

“black-box” nature of deep learning model raises even more worrisome ques-

tions about interpretability and trustworthiness in a crucial field like healthcare. 

To address these challenges, incorporation of eXplainable AI (XAI) techniques 

in the framework of medical image captioning will enhance the transparency of 

these model decisions. This paper investigates about various XAI techniques 

such as GRAD-CAM, LIME and other attention mechanism to provide visual 

explanation of model output. The paper covers the challenges and further possi-

bilities in order to enhance the trustworthiness and interpretability at the same 

time. 

Keywords: Artificial Intelligence, Deep Learning, Medical Imaging, eXplaina-

ble AI (XAI). 

1 Introduction 

In recent years, the deep junction between deep learning and healthcare has been re-

markable, and the analysis of medical images has been identified as one of the most 

active research areas. Among all the tasks in medical image analysis, “medical image 

captioning” is extremely powerful; it can give a descriptive textual summary of medi-

cal images in order to facilitate healthcare professionals' interpretation, diagnosis, and 

treatment design. Recently, Hospitals regularly produce a lot of medical photos that 

can be used for a variety of reasons, thanks to improvements in cloud computing and 

electronic health technology. However, it takes a big time and effort to manually 

summarize the information found in medical photos to produce the related reports [1]. 

For example, a radiologist needs at least five to twenty minutes for analyzing, under-

standing and explaining the findings of an ultrasound or CT image for a single patient 

[1]. 
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Critical domains like healthcare need a model that does not only perform very well 

but also interpretable and trustworthy. Deep architectures of learning intrinsically are 

black box models. They hinder their acceptance within clinical workflows since clini-

cians need to understand why the model arrives at a particular prediction, just like 

knowing the prediction itself. In health care, nearly as important as the prediction 

coming from the model is understanding why that model produces its prediction, es-

pecially if the decision has an immediate impact on patient care. As Zachary Lipton 

noted, "if an algorithm produces some result but its decision process is purely black 

box in that case, it is not employable in medical sector and doctor can’t trust" [2]. 

Much emphasis has thus been placed on the integration of XAI (eXplainable AI) 

techniques into medical image captioning systems to eliminate such shortcomings. 

XAI aims to explain the decision-process by the Artificial Intelligence models, mak-

ing it more interpretable and transparent for the output of the models. More trustwor-

thy and interpretative deep learning models in “medical image analysis” are provided 

by giving information as to what features of an image contribute to caption generation 

[3]. 

As it is depicted in fig. 1 that AI integration with health sector will ease the diagnosis 

process and will cut short the diagnosis time also. The impact of the AI in health sec-

tor is extraordinary. At the same time, AI decision will lead to human life or death. 

Therefore, in most crucial domains, like Self-controlling driving or health care, it 

becomes significant to know "Why?". Therefore, fig. 2 depicts that there are various 

approaches that lead up to an explanation, depending upon whether a given AI model 

is by nature explainable (known as “White-Box models”) or not (named “Black-Box 

model”) which is much trustworthy and interpretable [4]. 

 
 

Fig. 1. Deep Learning Model without XAI  
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Fig. 2. Deep Learning Models with XAI 

The paper covers the various XAI approaches to provide the interpretability and ex-
planations to the AI produced results. A comparison among different report genera-
tion and eXplainable AI methods is also discussed in this paper. This article also re-
views the various available medical image datasets which can be used for medical 
image analysis with XAI. Further, challenges and future aspects are also discussed in 
this paper. 

2 Taxonomy of Explainability Approaches 

Normally, the explanbility methods are not classified absolutely. Since, it can be clas-

sified in different types based on the features, usage of the method. Sometimes it can 

overlap too. Various types of methods are discussed below as it is depicted in fig. 3. 

 

Fig. 3 A brief schematic of basics of XAI methods [1] 

2.1 Model Specific vs. Model Agnostic Model 

“Model-specific” interpretation depends on the features or attributes of specific mod-

el. Graph neural network explainer (GNNExplainer) is a specialized kind of model-

specific interpretability [5], where specifically, the complexity of representing data 

needs to have a “Graph Neural Network (GNN)”. For the post-hoc analysis “Model-

Agnostic” methods are actually applicable and not specifically on any model architec-

ture. These models do not utilize the internal weights directly or structural model 

parameters in order to maintain the integrity of the specifications. 

2.2 Global Methods vs. Local Methods 

Local explainability method describes how a machine learning model has made cer-

tain individual predictions. The concept of local model explainability is important to 

use to determine which individual components have driven a particular decision. For 

models implemented in regulated organizations, local model explainability is more 

important. On the other hand, if the internal details of the model and the related data is 

required for the explanation, this method is known as “Global Method” [6]. This 
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method focuses to ascertain the significant feature among all features which is respon-

sible for the better performance. It gives the explanation of the behavior of that model. 

2.3 Pre-Model vs. In-Model vs. Post-Model 

Independent methods do not rely on any specific model architecture to use them with. 

PCA [7], t-SNE [8] are some of the common examples of these methods. In-model 

methods, also known as interpretability methods, are said to be those that are internal-

ly set up in the model itself. Some methods are applied after developing a model and 

therefore these methods are called post model and it can further facilitate the devel-

opment of meaningful insights about exactly what a model might have learned during 

the training. 

2.4 Surrogate Methods vs. Visualization Methods 

Surrogate methods include different models as an ensemble that can be used to analyze 

other black box models. Interpreting the surrogate model's decision regarding the deci-

sions of the black box models would better help to understand the black box models. 

The black box model is an example of surrogate methods. The visualization methods are 

not a different model, but it helps explain some parts of the models through visual un-

derstanding like activation maps [9]. One important point to be noted is that these classi-

fication methods are non-exclusive, built upon different logical intuitions and hence 

have significant overlaps. For example, most of the post-hoc models, such as attribu-

tions, can also be considered as model agnostic in that these methods have generally 

been independent of the structure of a model. However, for some of the attribution 

methods, there are some limitations on the layers of a model or activation functions. 

3 Related Survey 

This might be one reason why medical image captioning has deserved attention in 

recent years due to the significant potential to improve healthcare decision-making 

through descriptive textual summaries of medical images. This section describes the 

key research contributions in this field, paying special attention to those deep learning 

approaches and the integration of eXplainable AI techniques to enhance model inter-

pretability and trustworthiness. 

The very first step arguably [10] covered the bulk of the methods currently in use, 

benchmark datasets for medical image captions, and evaluation standards used in the 

literature under study. The poll, nevertheless, was too brief and didn't properly assess 

cutting- edge practices. 

Subsequent to the study [11] gave a succinct description of biological image caption-

ing approach. The author addressed the available evaluation criteria, datasets and 

some cutting-edge techniques. However, the survey was poorly organized and had a 

narrow focus. 
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The next beneficial and a detailed literature review on “medical image captioning” 

highlighting on radiological pictures and datasets has been proposed by [12]. Deep 

learning-based methods for creating radiology reports have also been discussed. The 

author divided the existing generating approaches into words, sentences, and para-

graphs as the three main levels. However, the survey did not consider any other meth-

ods or imaging modalities other than radiography; it solely took into account deep-

learning-based methodologies for producing diagnostic reports. 

In 2021, a significantly expanded version of this was released [13]. The later tried to 

present the most recent diagnostic captioning systems with spotlighting pertinent 

evaluation metrics, publicly accessible datasets and field's upcoming developments. 

Eventually, [14] provided the broad review of “deep learning methods” for “Medical 

Image Captioning”. 

In an “attention-based Encoder-Decoder” architecture, object features from the 

“YOLOv4 model” were trained on the “MS COCO” dataset and a “CNN model” was 

trained on “ImageNet” (Xception). They both were integrated. The "importance fac-

tor" was a fresh approach to positional encoding of object features that was also 

demonstrated in this work by [15]. This model used the “MS COCO” and “Flickr30k” 

datasets for the testing purpose and the results were contrasted with relevant prior 

findings. The feature extraction method used in this article increased the CIDEr score 

by 15.04%. The time taken to find the result was much high. 

In two showcases that followed actual clinical scenarios, [16], introduced a solution 

for XAI utilizing “multi-modal” and “multi-center data fusion”. This validation 

showed the research trends towards XAI that is promoted globally by reliable AI. It is 

much demanded in the field of medicine and healthcare. In this investigation, the 

“dice scores” were calculated for the each segmentation outcome and displayed the 

visualization results of the thin-sliced MRI and CT images. This model and U-Net++ 

were successful in segmenting the four brain ventricles in MRI images. Due to the 

pre-trained encoder's informative feature representation, this model was especially 

able to forecast the third ventricle of the brain more accurately than the prediction 

made by UNet++. Because the area was too small to be identified, this model's weak-

ness was that it was unable to forecast the connection between verticles. 

[17] proposed a system for creating histological captions for endoscopic biopsy sam-

ples of stomach adenocarcinoma. The algorithm used the two distinct vision models 

for the vision portion of the image captioning process. First is a standalone vision 

model, and the second, which enhances feature extraction, is a merge of two 

standalone vision models. Then, in order to maximize the language component, author 

tested the usage of “LSTM” with pretrained language embedding models, precisely 

“BioLinkBERT-Large” to select the model that will produce generated captions that 

are the most correct. 

There was not much work done on Arabic image-caption generation. This is mostly 

caused bythe lack of publicly accessible datasets. Therefore, [18] introduced an algo-

rithm for Arabic image captioning. It extracted the features from images at the encod-

er and decoder stage as well using transformer models. At the decoder stage, it used a 

pre-trained word embedding model. It used the connected characters rather than capi-

tal, tiny, and diacritical letters set Arabic apart from other languages in general. In-
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stead of “English Text Preprocessing” which converts capital letters to lowercase, 

Arabic text preprocessing operations include removing suffixes, prefixes, diacritics 

and the connective letter. The accuracy of the captions it generated for several terms 

was insufficient. Due to the absence of Arabic captions during training, certain cap-

tions appeared with the same word being repeated numerous times. 

[19] suggested a top-down framework with a group of CNN networks working jointly 

to encode the input images and for detecting information a decoder that produces a 

description of the contents of the image. The hybrid strategy was a standout aspect of 

the suggested method. While the composite algorithm's detection time was faster, the 

generating time for captions was longer. 

In 2023, to replicate the workflow of radiologists, [20] presented an “Auxiliary Sig-

nal-Guided Knowledge Encoder-Decoder” (ASGK). Particularly, the “external lin-

guistic signals” assist the decoder in better mastering prior information during the pre-

training process,while the auxiliary patches are examined to improve the frequently 

used visual patch features before being given to the transformer encoder. On two 

medical datasets, it was demonstrated that ASGK enhances the performance of report 

creation and tag classification tasks for medicalreports. The model looked at the most 

effective waysto use medical textbooks' medical domainknowledge, cropping the 

auxiliary region from the overall medical image, and understand howthese auxiliary 

signals function. Additionally, author created a new dataset COV-CTR and made it 

available for further esearch. Hence,classification accuracy was achieved slightly 

lower by 0.6%, and 1.8% than previous records. Auxiliary signals remarkably in-

creased tag classification performance and enhanced report quality. With CX-CHR 

dataset, the internal “Auxiliary Signal-Guided Learning” performed 4.5% higher than 

the baseline in regard to classification accuracy while outperforming the automatic 

metrics by 15.6%, 1.4%, and 0.6%, respectively. 

4 XAI Methods 

Loosely put, the two famous kinds of techniques that attempt to address the perfor-

mance of a deep neural network on “medical imaging”: explanation strategies using 

standard “attribution based” methods and those employing novel, mostly architecture, 

or domain-specific approaches. 

4.1 Attribution Based 

The fundamental method for medical image analysis is attribution based method of 

XAI. Its simplicity of plug and play and open source availability makes it the first 

choice of researchers for their diagnosis. As it generates the explanation in easy man-

ner and provides the optimal solution for particular given task. The only limitation is 

to ascertain the attribution value of all the input features which yields the best contri-

bution. Therefore, the main purpose of attribution based method is to map the contri-

bution of each input feature. This way, this method generates heatmaps against the 

input features which are called attribution maps. The biggest part of attribution meth-
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od is that it can be utilized on CNN (Black Box) without changing its architecture. 

This makes the XAI tool highly significant for researchers.   

4.2 Perturbation Based Methods  

One of the most basic ways of probing how modifying the input features impacts the 

output of an Artificial Intelligence model is Occlusion Perturbation. It can be done by 

masking, removing, or rewriting specific input features and computing-the difference 

from the former output-through a forward pass. It is somehow analogous to the “sen-

sitivity analysis” applied in models using a parametric control system. Hence, the 

features most affecting the output are ranked the most important. This method is com-

putationally expensive because a forward pass needs to be run after perturbing each 

group of features of the input. To achieve the perturbation, an image is covered by a 

grey patch. This way from the system point of view, it is occluding them. This method 

may generate both (+ve) positive and (-ve) negative signatures by emphasizing the 

answerable features. Zeiler and Fergus [21] used this method on the CNN for the 

“image classification task”. To study the attribution a benchmark is studied that is 

occlusion. Bing the simple model agnostic approach it reveals the importance of fea-

ture for a model. This way, overfitting is demonstrated for a model. It also specifies 

that the model is learning irrelevant features or not as happens in the scenario of ad-

versarial examples [22]. Depending on the size of the target features and available 

computational resources, adversarial examples—which are inputs that are intended to 

make the model make a false decision—are similar to optical illusions for the models. 

In this scenario, the model misclassifies the image (for example, a cat as a dog) even 

when discriminating features are present. It can be computationally costly and take 

several hours per image to obstruct all features (pixels) one at a time and run the for-

ward pass each time [23]. Shapley value sampling, another perturbation-based tech-

nique, calculates estimated Shapely Values to take each input feature a certain number 

of times. Shapley value sampling is an additional perturbation-based technique that 

computes approximate Shapely Values to take each input feature a predetermined 

number of times. This method, which comes from coalitional game theory, explains 

how the input characteristics' profits and losses are fairly distributed. It was first sug-

gested for use in regression analysis [24]. It is slower than all of the approaches above 

since the network needs to be run samples × number of features times. This conse-

quence is that it is not a realistic practical approach in its crude form but has instead 

driven the efforts to create game theory-informed methods such as “Deep SHapley 

Additive exPlanations” (SHAP). 

4.3 Back Propagation Based 

These techniques use a single forward and backward run through the network to cal-

culate attribution for each input characteristic.  These steps are required to be iterated 

multiple times for some of the methods, However, it is significantly smaller than for 

perturbation-based approaches and is independent of the quantity of input characteris-

tics. A poorer correlation between the output's variance and the result is the price paid 
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for the faster runtime. Table 1 lists a number of backpropagation-based attribution 

methods. Note that some of these methods only provide positive evidence, while oth-

ers give both positive and negative evidence. The method that typically result in high-

frequency noise- even if the results seem spurious - are these ones that also give both 

positive and negative evidence. [23]. The below given Table 1 provides the detailed 

comparison of various explainable AI methods. 

Category Method Strength                                      Weaknesses 

Perturbation 

based 

Occlusion Model-agnostic 

since no access 

to mode inter-

nals required  

Higher computational cost  

Approx. results of object 

morphology 

 SHAP Denotes positive 

and negative 

contribution    

Computationally expensive 

 LIME Denotes positive 

and negative 
Relies on pre-defined pa-

rameters 
contribution    High computational cost 

 RISE Realistic pertur-

bations                                         
Approximate results of 

objects morphology   

Relies on pre-defined pa-

rameters 

 Real-Time 

Perturbation 

Individual neural 

network generat-
High implementation efforts  

 External  

ed perturbation 

mask 

Investigates the Blur and noise  availability 
Perturbation perturbation’s 

effect w.r.t  its 

size 

in medical images 

Back-propagation 

based 

Grand-CAM  Intuitive, No 

explicit labelling 

of data needed   

Multiple occurrences of 

same class objects result in 

coverage 

 DeconvNet Fast computation                                                   Uses only on approximate 

inverse of convolution 

 CAM     Intuitive, No Architectural Independence 
explicit labelling 

of data needed   
Inaccurate localization of 

heatmap 

 Deep Dream Versatile range 

of implementa-

tions                  

Result can be challenging to 

interpret, especially for 

medical  

 Vanilla    Straightforward Saturating gradient 
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and direct com-

putation gradient 

 GBP                        Applicable to 

several network 

architecture   

In some cases, invariant

to data and model 

Table 1. Comparison of Various XAI Methods 

5 Datasets Available 

Digital Some datasets in the domain of medical image captioning are available along 
with similar ones that assist in easy development and research in this field. Some of 
the commonly used datasets that are employed in medical imaging along with similar 
data are listed below: 

1. Medical Decathlon: The Medical Decathlon dataset primarily consists of ten 

different medical imaging tasks, including the segmentation of brain tumors, 

liver, and the heart. Although it mainly deals with segmentation tasks, it pro-

vides a diverse set of medical images that can be used for captioning as well. 

2. ChestX-ray14:It has over 100,000 frontal-view chest X-ray images and has 

information about up to 14 different thoracic pathologies regarding each im-

age. The ChestX-ray14 is mainly applied for disease classification, detection, 

and localization purposes but can be also used for medical image captioning 

[25]. 

3. COCO (Common Objects in Context): Although it is not medically specif-

ic, COCO remains one of the most widely used benchmark datasets for im-

age captioning tasks. Its database contains more than 330,000 images, with 

multiple captions describing the content of each of these images across 80 

common categories of objects. 

4. PubMed Central Open Access Subset (PMC-OAS): PMC-OAS contains 

full-text biomedical literature articles on the PubMed Central repository. 

This image collection contains images from different medical domains along 

with associated captions and metadata, and therefore serves to be suitable re-

search material in the area of captioning of medical images. 

5. RSNA Pneumonia Detection Challenge: This dataset comprises of chest 

X-ray images labeled as pneumonia or nonpneumonia. Although designed 

for pneumonia detection tasks, it can be used in experiments of image cap-

tioning for the related topic of pneumonia and other thoracic abnormalities. 
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6 Challenges and Future Aspects 

6.1 Challenges 

1. Complexity of Deep Learning Models:Deep learning models having mil-

lions of parameters - like CNNs - might be very complex and hard to inter-

pret. Still, the main challenge remains on the development of XAI techniques 

which effectively explain the decisions made by such models. 

2. Human-Model Interaction:The meaningful and interpretable presentation 

of XAI explanations to users will be difficult, where one of the target audi-

ence groups is likely to be non-experts. Friendly interface that enables users 

to effectively interact with XAI explanations will thus form one of the signif-

icant enablers for increased adoption. 

3. Robustness and Generalization:Proper XAI methods should present con-

sistent and reliable explanations across different datasets, architectures, and 

variations in inputs. In fact, making a guarantee on the robustness and gener-

alization of XAI techniques is really challenging, especially in safety-critical 

applications like healthcare and autonomous vehicles. 

4. Scalability:Some XAI methods are computationally expensive, and thus un-

scalable-up scalable at best -and may even be entirely impractical for de-

ployment in real time, particularly when perturbation or sampling-based 

techniques are employed. Scalability techniques that are efficient and com-

putationally tractable are clearly important. 

6.2 Future Works 

1. Interpretable Model Architectures:Another promising line of research fol-

lows the trend of designing deep learning architectures that are infused with 

interpretability. Models able to return explanations along with predictions 

could significantly reduce complexity in the process of XAI and, indirectly, 

improve confidence in AI [26]. 

2. Adversarial Robustness:Deep learning models have been known to be sub-

stantially challenged by the reliability of adversarial attacks. Future work 

will be on developing robustness techniques for XAI against adversarial per-

turbations; that is, the explanation itself remains reliable when the malicious 

input is introduced in the surrounding environment. 

3. Multimodal XAI:Combining knowledge of different modalities-rich interac-

tions of text, images, and sensor information-one can generate richer expla-



 

 

 

 

 

https://doi.org/10.1007/s10462-022-10270-w. 

arXiv:1711.08037 (2017). 

explainable AI systems for the medical domain? arXiv 2017, arXiv:1712.09923. 

    85Deep Learning-Driven Medical Image Captioning with eXplainable AI         

nations that are more accurate, complete, and understandable. Multimodal 

XAI approaches that harness data from diverse sources should be developed 

to make models provide richer insight into what they have decided. 

4. Explainability in Reinforcement Learning: Explanation stands out as one 

of the key challenges in RL scenarios since agents learn by interacting with 

their environment. Future works should consider proposing specific XAI 

methods that can then be applied to RL algorithms such that a learning agent 

is capable of explaining the actions and policies that help determine its be-

havior. 

7. Conclusion 

Visual eXplainable AI (XAI) methods are perhaps the most important way to enhace 

the transparency, interpretability, and trustworthiness of deep models, especially in 

image-related tasks. Techniques such as “Grad-CAM”, “Integrated Gradients”, and 

“Activation Maximization” enable people to visually understand decisions made by 

AI models. 

Various deep learning models with explainable AI for the diagnosis of medical imag-

es are reviewed in this paper. Initially, an introductory comparative analysis among 

various already available surveys are discussed on this topic. Even the strength and 

weakness of each method is also addressed. For the readers, basic XAI concepts and 

fundamentals are discussed in order to have proper knowledge about this field and the 

application of XAI in medical imaging domain. 

This paper presented the implementation of various frameworks which utilizes the 

XAI methods for medical image diagnosis. Moreover, the available datasets for medi-

cal imaging is discussed here.  In the final part, the challenges and future aspects re-

lated to XAI for medical image diagnosis is also addressed. This survey paper will 

assist the new researchers who are going to work in the field of medical image cap-

tioning and use of eXplainable AI for enhancing the transparency and trustworthiness. 
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