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[Summary] With the rapid evolution of artificial intelligence (AI) and its expanding application in fields where 
accuracy is critical, such as healthcare and quality inspection, comprehensive evaluation of AI models 
and their development processes is essential. This article overviews practical methods for evaluating 
image recognition AI and demonstrates the role of eXplainable AI (XAI) within an evaluation frame-
work that encompasses not only accuracy but also interpretability and reliability. We demonstrate the 
need for evaluation at the pipeline level and introduce application of representative XAI methods, 
including Local Interpretable Model-Agnostic Explanations (LIME) and Class Activation Maps 
(CAMs), to inference interpretation and model improvement. We also discuss robustness evaluation 
through uncertainty quantification using Test-Time Augmentation and Bayesian networks. Further-
more, we discuss the outlook for challenges related to applying these evaluation methods to diverse 
tasks and real-world data, as well as integration of evaluation metrics with development objectives. 

(1) 

1 Introduction 
Recent advances in deep learning have led to rapid prolif-

eration of AI across a wide range of fields, including business 

and healthcare. In particular, generative AI and large lan-

guage models (LLMs) have become central to corporate IT 

strategies. At the same time, the opacity of AI decision-mak-

ing poses a significant challenge for ensuring reliability, 

making it urgent to establish evaluation techniques that 

guarantee fairness and accountability. Against this backdrop, 

the importance of a comprehensive evaluation framework 

centered on eXplainable AI (XAI) is growing. 

XAI has drawn attention as a technology that resolves the 

black-box problem of AI and makes the basis for its decisions 

understandable. In critical sectors such as healthcare and fi-

nance, visualizing the rationale behind AI decisions is indis-

pensable from both a regulatory and ethical standpoint. 

However, evaluation of current AI models tends to focus on 

accuracy and speed, making it difficult to identify the causes 

of misjudgments and bias. XAI methods such as LIME (Local 

Interpretable Model-agnostic Explanations)1) and SHAP 

(SHapley Additive exPlanations)2) have enabled contribution 

analysis, but the evaluation of explanation fidelity and sta-

bility remains in its early development stages. Trustworthy 

AI requires not only performance evaluation but also com-

prehensive assessment techniques that integrate explana-

tion quality and uncertainty. 

This article introduces novel evaluation metrics and 

methods for quantifying interpretability, fairness, and expla-

nation reliability through XAI. 

The Microsoft COCO dataset (© 2014 Microsoft. Licensed 

under the Creative Commons Attribution 4.0 International 

License.) was used as training data for the detection model3).  

2 AI Model Evaluation 
Building on the AI reliability challenges outlined in Section 

1, this section introduces evaluation techniques for AI models. 

There are various quantitative and qualitative perspec-

tives in evaluation; for example, accuracy quantitatively as-

sesses model performance on tasks such as classification. 

Training time indicates how quickly an AI model can be cre-

ated and is an important factor in time-constrained opera-

tions. Furthermore, the validity of the decision rationale is a 

qualitative perspective that reflects the reliability and ex-

plainability of the results produced by an AI. These perspec-

tives are indispensable for making a comprehensive assess-

ment of AI performance.  

2.1 AI Development Pipeline Evaluation 
While Section 2 addresses the evaluation of “AI models,” 

the evaluation scope is not limited to the model itself. This 

section introduces the “AI development pipeline” as an addi-

tional subject of evaluation. A development pipeline (or 

simply an “AI pipeline”) refers to the entire sequence of steps 

from AI model development to just before deployment, and 

consists of four components: developers; datasets; AI models; 
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and inference results, along with six processes: data collec-

tion; pre- and post-processing; training; inference; and per-

formance calculation. Figure 1 shows how the components 

and processes are interconnected. 

A reactive development approach is common in traditional 

machine learning where a model is built first, its accuracy is 

then evaluated, and improvements are made based on the 

results. However, this approach can lead to unnecessary 

data collection and preprocessing, especially when feature 

selection during the data preparation stage is insufficient, 

resulting in reduced development efficiency. To address this 

challenge, it is important to identify features and noisy data 

that either do not contribute to or negatively impact perfor-

mance through model evaluation. This enables optimization 

of data design, including feature selection, and makes it pos-

sible to build high-accuracy models even with limited data. 

In this way, model evaluation serves not merely as a per-

formance check, but as an important guide for data design 

and model improvement. 

2.2 Explainable AI (XAI) 
Recent worldwide research has aimed at interpreting black-

box AI models to improve reliability and performance. One out-

come of such research is eXplainable Artificial Intelligence 

(XAI). XAI refers to techniques and methods that present the 

basis for AI decisions and predictions in a form that people can 

understand. It serves as one approach to AI evaluation by com-

paring features that AI focuses on with human perspectives. 

This article introduces several widely used XAI techniques. 

 
1 Heat maps are often used to visualize saliency maps. In fact, a saliency map is often referred to as a “heat map” rather than a “sali-

ency map.” 

2.2.1 Global Explanation and Local Explanation 
XAI methods are generally classified into two categories 

based on their scope of explanation: global explanation and 

local explanation1). Global explanation analyzes the overall 

behavior and dominant internal tendencies of an AI model, 

evaluating model behavior using multiple test data points. A 

representative example is the decision tree. Conversely, local 

explanation aims to understand the reasoning behind indi-

vidual prediction results and to identify which components 

of the input contributed most. Unlike global explanation, lo-

cal explanation evaluates model behavior using only a single 

test data point. A representative example is the saliency 

map1. This article focuses on local explanation and provides 

a detailed discussion of the saliency map as a representative 

method in Section 3.1 What Is a Saliency Map?  

2.2.2 Model-Specific and Model-Agnostic Methods 
XAI methods can also be classified according to whether 

they have access to a model’s internal parameters (such as 

weights and gradients). 

Model-specific methods use internal parameters to ana-

lyze outputs between network layers, and can therefore only 

be applied to specific model architectures. For example, XAI 

techniques for recurrent neural networks (RNN) cannot be 

applied to convolutional neural networks (CNN) without ad-

justment, as their architectures and outputs are different. 

On the other hand, model-agnostic methods only analyze 

changes in input and output, allowing them to be applied to 

a wide range of models, regardless of their internal structure. 

Figure 1 AI Pipeline. ① Developers acquire data from various sources and, where necessary, label (annotate) 

data to create the dataset. The dataset is then divided into three subsets: training data, validation data, 

and evaluation/test data. ② Training and validation data are fed through preprocessing to train the AI 

model (AI training). ③ Evaluation data is fed through preprocessing and is used for inference by model 

trained in ②. ④ Where necessary, results from ③ are fed through postprocessing to obtain the final 

results and measure model performance. ⑤ Where necessary, the experiment is repeated with different 

conditions based on model performance. 
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Since model-specific methods make use of internal parame-

ters, they enable more fine-grained explanation and evalua-

tion by examining specific parts of the AI. For example, by ex-

amining a specific layer of an image recognition neural net-

work, one can verify whether the AI has appropriately learned 

features such as the shape, color, and size of objects. Model-

agnostic methods, on the other hand, offer the advantage of 

being applicable to any model regardless of internal structure. 

It is therefore necessary to select the appropriate method de-

pending on whether the model’s internal mechanisms and pa-

rameters are accessible. Specific quantification methods for 

uncertainty are discussed in detail in Section 4 Evaluation of 

Model Robustness Using Uncertainty Calculation. 

2.3 Evaluation Metrics 
Accuracy is the most important and primary metric for 

measuring performance, but it is not the sole evaluation cri-

terion. AI models and their development pipelines can also 

be assessed from the perspectives of transparency, con-

sistency, data quality, and computational efficiency. These 

evaluation perspectives are worth considering because they 

are directly or indirectly related to model accuracy. 

Interpretation of reasoning logic (transparency) evaluates 

the possibility that even a correct prediction may be based 

on erroneous information. A typical example is the case 

where an image classification model predicts “polar bear” 

based on snow in the background—a phenomenon called 

Clever Hans effect5). As noted earlier, methods such as XAI 

can be used to identify the features a model is focusing on 

and verify whether they align with the features a human 

would notice. This assesses the effectiveness of the training 

method while also enhancing user trust. 

Quantifying model robustness (consistency) evaluates var-

iability caused by unavoidable factors, such as lighting and 

angle in input data such as camera images. While humans 

readily adapt to such changes, AI models’ decisions are sus-

ceptible to even minor differences in pixel values. A good 

model must be capable of stable detection regardless of 

changes in conditions. Robustness is a metric for measuring 

this stability, and serves as a basis for evaluating under 

what conditions a model can be considered reliable. 

Training Data Attribution (TDA) analyzes the impact of 

mislabeled or redundant data to evaluate data quality. For 

example, in an image classification task, if a photo of a cat is 

incorrectly labeled as ‘dog’ and the model is trained on that 

image, it may cause degraded performance. To address such 

issues, TDA is used to calculate the importance (weight) of 

each training data point when updating model parameters. 

Based on this importance, it is possible to identify any data 

that either does not contribute to or may hinder model train-

ing and exclude it from the dataset. 

Measurement of a model’s computational efficiency (effi-

ciency) evaluates whether the model’s size can be optimized 

while maintaining accuracy. The higher the model’s complex-

ity and performance, the larger its file size and the greater 

the computational resources required to run it. Techniques 

such as quantization6) and distillation7) are means of simpli-

fying a model while preserving its accuracy; computational 

efficiency can then be evaluated by comparing model size be-

fore and after applying these methods. 

2.4 Application of XAI Techniques to Performance 
Improvement 

In addition to providing developers with ideas for hyperpa-

rameter tuning, this article introduces several ways to directly 

leverage evaluation results as a form of feedback loop within 

the AI pipeline. For example, during development of an object 

detection model, a saliency map (discussed in detail in Section 

3) can be computed for specific training images and compared 

against the ground truth (reference data) (Figure 2). This com-

parison result can be used as an additional loss value for use 

in backpropagation, serving as an example of loss/feature/gra-

dient augmentation through XAI methods. Saliency maps can 

also be used to refine inference results. For example, it is pos-

sible to apply processing such as lowering the confidence score 

for images wherein the detected bounding box does not align 

with the high-saliency region on the saliency map.  

 
Figure 2 Example of a method for comparing ground truth with 

a saliency map. The intersection area (Intersection over 

Union, IoU) is computed between the bounding box 

area of the ground truth and the high-saliency area ex-

tracted by the saliency map. 

Meanwhile, as discussed in the previous section, TDA can 

be applied to dataset design. It is widely known that selec-

tion of training data significantly influences model 
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performance, and dataset design using TDA is a means of 

quantitatively evaluating the quality and informativeness of 

training samples. This makes it possible to clearly identify 

the data that is most beneficial for the model. 

 

3 Interpretation of Reasoning Logic Using Sali-
ency Maps 

This section introduces saliency maps for evaluating AI in 

object detection. 

3.1 What Is a Saliency Map? 
A saliency map is an image showing the data features that 

are most attended to during inference. ‘Attended’ here refers 

to the features that contribute to the model’s output of an 

inference result. Figure 3 shows a saliency map visualized 

using Eigen-CAM (Eigenvalue-based Class Activation Map-

ping)8) applied to an image of a dog. As shown, the basis for 

the ‘dog’ classification was determined from the features at 

the center of the dog. 

 
Figure 3 (Left to right) Input image, a saliency map,  

and input image overlaid with a saliency map 

3.2 Saliency Map Generation Techniques 
While there are many methods for generating a saliency 

map, this article introduces three: the model-agnostic LIME, 

the model-specific Eigen-CAM, and D-CLOSE (Detector-

Cascading multiple Levels of Segments to Explain)4). 

3.2.1 LIME 
LIME is a method that generates a set of samples by ran-

domly perturbing parts of the input data and obtaining the 

model’s confidence scores for those samples, thereby con-

structing a local explanation model. Specifically, it performs 

linear regression using the perturbed data features as ex-

planatory variables and the model’s predicted confidence 

scores as the objective variable in order to estimate the im-

portance of each feature. If the perturbed region is important 

for the prediction, the confidence score will decrease; other-

wise, we can expect that the confidence score will be the 

same. For object detection models, a method that masks the 

target region by replacing all pixel values with 0 can be 

adopted as the perturbation when generating images visual-

ized with LIME. An example of the result is shown in Figure 

4(b), which suggests that the model determines the ‘dog’ ob-

ject based on features such as the face, head, and legs. 

3.2.2 CAM/Grad-CAM/Eigen-CAM 
CAM (Class Activation Mapping) is a technique that lev-

erages the structure of CNNs (Convolutional Neural Net-

works)9) to visualize which regions in an image contributed 

to the classification. The algorithm generates a map (activa-

tion map) that highlights important regions in the image by 

multiplying the output of the final convolutional layer of the 

CNN by the weights of the classification layer. 

A weakness of CAM is that it is constrained by model archi-

tecture. Specifically, it can only be applied to CNNs that have 

a classification layer that uses Global Average Pooling (GAP), 

which limits its flexible application to many existing models. 

This led to the proposal of Grad-CAM (Gradient-weighted 

Class Activation Mapping). Grad-CAM is a method that uses 

gradients with respect to the model’s output to weigh the fea-

ture map of the final convolutional layer, thereby visualizing 

the regions of attention within the image10). This makes it ap-

plicable to a wider range of CNN-based models without de-

pendence on a specific model architecture. 

For tasks such as object detection, Eigen-CAM is particu-

larly effective. It is a method that performs principal compo-

nent analysis (PCA) or singular value decomposition (SVD) 

on a feature map to extract and visualize eigenvectors. This 

enables extraction of regions to which the model pays atten-

tion in a class-independent manner. 

In addition to Eigen-CAM, there have been various deriv-

atives and improvements proposed for CAM, such as Clus-

ter-CAM11) and Expected Grad-CAM12). These methods aim 

to improve processing speed and accuracy by clustering fea-

ture maps and refining gradient calculations. CAM-based 

methods are an important means of presenting the basis for 

a model’s decisions in a form that people can understand, 

serving as a technology within eXplainable AI (XAI) that 

continues to attract significant attention. 

Figure 4(c) shows the image visualized by Eigen-CAM, 

showing that the model determines the ‘dog’ object based on 

features around the face. 

3.2.3 D-CLOSE 
The D-CLOSE method achieves visualization by 
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repeatedly obtaining model predictions for a target image us-

ing multiple perturbation regions of different sizes, and then 

integrating those results. While LIME applies perturbations 

at a single segmentation granularity and generates explana-

tions using a local linear model, D-CLOSE applies perturba-

tions at multiple scales ranging from coarse to fine segmen-

tation, making it possible to simultaneously capture the in-

fluence of both broad and detailed features. Figure 4(d) 

shows the image visualized by D-CLOSE, suggesting that 

the model determines the ‘dog’ object based on the face and 

head features. 

 
Figure 4 (a) Input image with inference result (b) Saliency map 

generated by LIME (c) Saliency map generated by 

Eigen-CAM (d) Saliency map generated by D-CLOSE 

 

4 Evaluation of Model Robustness Using Uncer-
tainty Calculation 

This section introduces a method for quantifying uncer-

tainty, a metric that indicates the reliability of model predic-

tions. 

Unlike humans, AI models cannot answer ‘I don’t know’ 

when presented with inputs they have not been trained on, 

and will always return some prediction. For example, if a 

lion image is given to an image classification model that has 

only been trained on images of cats and dogs, there is a high 

possibility that it will misclassify the image as ‘cat’ with high 

confidence, despite never having been trained on lions. 

One metric for evaluating the reliability of predictions is 

‘uncertainty.’ In object detection, while confidence indicates 

the probability of an object’s existence, uncertainty repre-

sents the reliability of the prediction itself. Following the 

earlier example, an inference without a proper basis (i.e., a 

prediction of ‘cat’ for a lion image) may have high uncertainty, 

even if the model’s confidence score is high. 

The simplest method for measuring uncertainty is to have 

the model make multiple predictions on the same input un-

der conditions that do not alter the essential nature of the 

input data. For example, uncertainty can be quantified by 

observing the variance in predictions obtained by modifying 

the input image’s color or size. Common metrics for uncer-

tainty include confidence intervals, range of variation, vari-

ance, and standard deviation. 

 
Figure 5 Epistemic uncertainty and aleatoric uncertainty13). Due 

to insufficient data, the behavior between x=−6 and 

x=−4 cannot be modeled, giving rise to epistemic uncer-

tainty. Meanwhile, due to variance in x=0 to x=8, the 

actual behavior becomes unknown. As a result, the 

model’s prediction becomes a range rather than a fixed 

value, giving rise to aleatoric uncertainty. 

Uncertainty can be broadly divided into two types: epis-

temic uncertainty and aleatoric uncertainty14). The former 

arises from data outside the training distribution or from in-

appropriate model selection, and can be mitigated by adding 

data or improving the model. The latter stems from noise and 

randomness inherent in the environment, and is difficult to 

mitigate unless the environment itself is changed. Figure 5 

visualizes both types in the context of a regression task. 

As mentioned previously, a common method for quantify-

ing uncertainty is to obtain multiple inference results for the 

same test input. The following sections introduce several 

methods classified according to whether or not modification 

of the network’s internals is required (model-specific or 

model-agnostic). 

4.1 Model-Agnostic Methods 
A common method for estimating uncertainty is to train 

multiple models on the same dataset with different initial 

values, hyperparameters, or architectures—a technique 

known as Deep Ensembles15). By varying the training condi-

tions, each model follows a different training trajectory, and 
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if the models converge to different points, their inference re-

sults may also differ. Assuming high-quality training data 

was used, high uncertainty with respect to unknown data 

indicates that the model has failed to correctly capture the 

important features—that is, it reflects epistemic uncertainty. 

A related technique is bootstrap aggregating (bagging), 

which involves training multiple models using different sub-

sets drawn by sampling with replacement from the training 

data (bootstrap sets), without changing the model architec-

ture16). 

However, creating multiple models is not always practical. 

As a single-model approach, Test-Time Augmentation (TTA) 

allows evaluation of an existing model without requiring any 

additional training processes17). In TTA, multiple transfor-

mations, such as affine transformations (e.g., translation 

and rotation) or recoloring operations (e.g., contrast en-

hancement), are applied to the input being evaluated, and 

each transformed version is passed through the model to ob-

tain multiple inference results. Figure 6 shows several ex-

amples of such transformations. 

 
Figure 6 (Left to right) Original image, Transformed image #1, 

Transformed image #2 

By exploring a range of transformation patterns and re-

cording detection confidence with respect to the transfor-

mation, the degree of model uncertainty can be visualized as 

a graph. This makes it possible to pinpoint the model’s weak-

nesses and appropriately adjust the training methodology. 

Figure 7 shows how the detection confidence for the ‘dog’ 

object in the left image of Figure 6 varies with image rotation 

angle (−150° to 150°). At 0° (original image), the confidence 

is 0.95, but drops to 0.64 at a rotation of 78°, and detection 

fails entirely at approximately 100°. This demonstrates that 

the model is not invariant to rotation and that such trans-

formations may affect its performance. 

While this graph can itself be treated as a quantification 

of uncertainty, when a single metric is required, ‘flatness’ 

measures such as standard deviation (𝜎) or maximum slope 

are effective. This article uses 𝜎. Since confidence is bounded 

within the interval [0,1], its 𝜎 is constrained to the interval 

[0,0.5]. Accordingly, Eq. (1) for expressing uncertainty as a 

percentage is defined as: 

Uncertainty ൌ  2𝜎 ൈ 100%   (1) 

Computing the 𝜎  of the confidence values in Figure 7 

yields σ = 0.2689, and from Eq. (1), the uncertainty is 53.78%. 

Therefore, with respect to the detection confidence of 0.95 for 

‘dog’ in the left image of Figure 6, we can say that this pre-

diction is approximately 53.8% uncertain. 

The uncertainty metric reflects a model’s stability and con-

sistency rather than its performance. Accurate evaluation 

requires consideration of both. A model that achieves high 

performance but exhibits high uncertainty may be failing to 

capture essential features and instead relying on back-

ground cues; possible causes include insufficient diversity in 

the training data, among various other factors. Conversely, 

when both performance and uncertainty are low, this sug-

gests that the model is overly simplistic, making a review of 

its architecture important. The ideal model achieves both 

high performance and low uncertainty. 

 
Figure 7 Image Rotation Angle vs. Detection Confidence for ‘Dog’ 

4.2 Model-specific Methods 
Compared to model-agnostic methods, model-specific 

methods require access to the model’s source code, making 

their implementation more sophisticated and challenging. 

However, these methods enable more refined evaluation and 

allow developers to identify specific areas of the model in 

need of improvement. The following outlines two such meth-

ods. 

In conventional neural networks, precise weights are com-

puted for each neuron or node and adjusted during training. 
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By contrast, in Bayesian networks18) the network weights 

are assumed to be random variables, and the goal of training 

is to estimate the mean and variance of the probability dis-

tributions (typically Gaussian distributions) that describe 

these variables. During the forward pass when inputting 

data, sampling is performed from these probability distribu-

tions to obtain specific weight values. When computing un-

certainty for a given input, multiple forward passes are exe-

cuted, resulting in a different combination of weight values 

within the network for each pass. Equation (2) shows the 

mathematical formulation of a Bayesian neuron. 𝑦 = 𝑓ሺ∑ 𝑤௜𝑥௜ + 𝑏௜ ሻ, where 𝑤௜~𝑁ሺ𝜇௜ ,𝜎௜ଶሻ  (2) 

 𝑦： Neuron output 

 𝑓൫・൯：Activation function 

 𝑤௜：Weight 

 𝑥௜： Input features 

 𝑏： Bias value 

 𝜇௜ ,𝜎௜ଶ：mean and variance of distribution N 

When a model includes Dropout layers 2 , Monte Carlo 

Dropout19) is a technique that leverages them to compute un-

certainty. While Dropout is originally only used during train-

ing to prevent overfitting, this technique keeps the Dropout 

layers active at inference time as well, assigning zeros to 

random weights in order to vary the weight patterns. This 

effectively disables the corresponding weights, producing an 

effect analogous to that of a Bayesian network. As a result, 

multiple inference outputs can be obtained. 

 

5 Conclusions 
In AI model development, it is important to evaluate accu-

racy after building a model and to make improvements based 

on the results. However, conventionally, improving a model 

requires addition of large amounts of data, entailing consid-

erable cost. One reason for this is that the basis for AI deci-

sion-making is a black box, making it difficult for people to 

understand what data characteristics are effective. This ar-

ticle addresses these challenges by introducing XAI tech-

niques and presenting implementation examples, thereby 

demonstrating the potential for a more effective approach to 

selecting additional training data. Furthermore, we propose 

that by incorporating these XAI techniques into the perfor-

mance evaluation of an AI pipeline, it is possible to visualize 

 
2 Dropout layer: A layer that randomly disables some neurons (computational units) during training. 

the presence of insufficient or excess data and facilitate bet-

ter understanding. It should be noted that since this study 

evaluated an object detection model, different evaluation 

methods will be required for other tasks. 

Going forward, we plan to pursue application of these 

methods to different AI models and real-world data, as well 

as further development and evaluation of XAI techniques us-

ing uncertainty-based functions. In addition, when incorpo-

rating these evaluation techniques into an AI pipeline, it will 

be necessary to design evaluation metrics suited to the spe-

cific objectives, and these too remain subjects for future re-

search. 
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