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Abstract
Deep learning is currently quite prevalent and is often used in image classi�cation or object detection.
This article adds emerging research on the use of explainable AI (XAI) in Tessaratoma papillosa pest
identi�cation and investigates the connotation and importance of XAI, interpretability classi�cation
standards, and neural network interpretation methods and compares the quality of interpretations
between different approaches and various trade-offs. The experimental results include the data
processing in the research, the establishment of training models, a comparison of the results and feature
visualization methods, and the consequences of improving the training models. First, we analyzed the
data processing methods of the dataset, trained the VGG16 model, and �nally added a visual
interpretation method to the model to visualize and explain the model identi�cation results. The
experimental results indicated that the best visual discrimination effect was obtained through
eXplanation with Ranked Area Integrals (XRAI). In this study, XAI was used to obtain the factors
contributing to incorrect predictions based on post-hoc explanations. Based on the inferenced result, we
proposed an adjustment method for improving the model accuracy as a basis for future research to
subsequently adjust and improve the model. It is hoped that the experimental results of this study can
provide researchers in arti�cial intelligence useful information so that they can use XAI to acquire
appropriate interpretations to correct recognition accuracy and drive the development of XAI.

1. Introduction
In recent years, due to the rapid development of arti�cial intelligence (AI), judgments made by AI have
begun to indirectly or directly affect daily human life. In order to understand how arti�cial intelligence
makes the judgments related to ordinary people, it is necessary to use some interpretation methods.

Therefore, explainable AI (XAI) plays a vital role in helping people understand how arti�cial intelligence
can make judgments. XAI has attracted a great deal of attention in recent years. The development
process, main concepts, and methods of XAI are described in a study of Arrieta et al. [1]. In light of XAI,
problems often encountered in the current research can be resolved, particularly the errors that arise when
using a deep learning model for image classi�cation.

The identi�cation target of this study is an orchard pest called Tessaratoma papillosa (T. papillosa). This
pest can harm Litchi chinensis (litchi) and Dimocarpus longan (longan) by piercing and sucking, cause
�ower and fruit drop, twigs and young fruits to wither, and sour fruit rot in litchi in the late stage of the
fruit development (Schulte et al., 2006). By using a deep learning network to classify images of T.
papillosa, we found that twigs, dead leaves and other non-T. papillosa objects are often misjudged as
indicating the presence of T. papillosa. To solve the poor classi�cation accuracy related to T. papillosa,
we designed an experiment based on XAI that conforms to post-hoc explanations.

First, we classi�ed the proportion of the target objects in the image in the data set into �ve categories:
extra small, small, medium, large and extra-large. Then, we divided it into different pixel sizes as samples.
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We used VGG16 as the model architecture to train the samples. The category with the highest probability
during classi�cation was the predicted category of the image. We used four visualization methods,
including a sensitivity analysis (hereafter referred to as Gradient), an integrated gradient, Grad-CAM, and
XRAI, and then performed feature visualization on the recognition results to determine the reason for the
incorrect predictions in order to adjust the model based on the results of the visual presentation and
explain the decision made by the model to the user. Among the available methods, SmoothGrad was
applied to the Gradient and integrated gradient to eliminate noises. Consequently, they became smooth
and smooth integrated gradients, respectively. Therefore, a total of six visualization methods were used.

After the experiment, we classi�ed the input image with the trained VGG16 deep learning model,
compared the visualized results with the original input image and determined how the model was able to
distinguish the essential information in the image. Based on the results after visualization, we deduced
the following: 1) The important area judged by the model is not only on the target but sometimes is
unrelated objects, and 2) even if the important area judged by the model is on the target object, there will
still be some prediction errors.

We used post-hoc explanations to explain the results of the error classi�cation and infer why prediction
errors may have occurred. Two possible explanations were as follows: 1) The background of the target in
the image is too messy, and 2) the features of different categories are too similar. After deducing the
situations that led to incorrect identi�cation, we made corrections and provided post-hoc explanations for
the identi�cation errors caused by the VGG16 deep learning model. By correcting various conditions that
may cause classi�cation errors, the target classi�cation error of the deep learning model was reduced,
and the classi�cation accuracy was then improved.

2. Related Works
The purpose of this research is to explain the image classi�cation results of the VGG16 model.
Unfortunately, the computing process of the VGG16 convolutional neural network (CNN) model does not
meet transparency requirements. Therefore, we used post-hoc explanation techniques to explain the
VGG16 model, referring to research on visualizing features in CNNs (Melnyk et al., 2019) that considered
visualization to be feasible. Thus, we used visualization to provide a post-hoc explanation of the model
errors. This section describes how we used the visual explanation method in post-hoc explanation
techniques to conduct research and design experiments to achieve our objective: explaining image
classi�cation results.

2.1. Interpretability vs. Explainability
Explainable AI has two main parts: a transparency design and a post-hoc explanation (Lipton 2016), as
shown in Fig. 1. A detailed description is as follows:

1. The transparency design of the model reveals the function of the model and enables users to 1)
understand the model structure and operating principles. For example, the structure of the decision
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tree is easy to understand, 2) understand the components of the model, for example, the composition
of the parameters in the logistic regression, and 3) understand the model training algorithm.

2. Post-hoc explanation: The result is used to infer the possible operating mechanism of the model.
Visualization is one of ways to determine what leads to a later consequence. In other words, based
on the �nal prediction, we tracked back to the possible factors in�uencing how a model generates
the �nal prediction. For example, a saliency map makes it possible to determine which pattern
features of the target in an image have more signi�cant impacts on the model prediction.

2.2. Local Interpretability or Global Interpretability
The interpretation methods of the model can be divided into global interpretability to explain the behavior
of the entire model and local interpretability to explain a single prediction, which are described as follows:

2.2.1. Global Interpretability
Global interpretability refers to focusing on how the model makes predictions based on the pattern
features, the model structure, the parameters and other factors, where it focuses on the features that are
important and how those features affect each other. The model has many parameters in actual
situations, so it is di�cult for people to imagine how the features interact to each other when obtaining
prediction results. Some models with simple structures are globally interpretable. For example, the weight
of the linear regression model and the decision tree model that divides the branches and obtains the
predicted value of the node can both be transparently interpreted.

2.2.2. Local Interpretability
Local interpretability is more focused on a single sample or a group of samples. We can regard a model
as a black box without considering the complexity of the model and only focus on observing the features
in the subset containing the sample and the prediction principle of the sample based on the subset. For
example, Local Interpretable Model-Agnostic Explanation (LIME) (Rai 2020) can explain why a single-
sample model makes a given judgment for any model.

2.3. Practical Methods for Explaining DNNs
Because an analysis of deep neural network (DNN) models results in many challenges, many scientists
have proposed practical methods to explain these models. There are many such explanations, and each
explanation method has both advantages and disadvantages. The following discussion focuses on six
main explanation techniques: sensitivity analysis, integrated gradients, smooth gradients, smooth
integrated gradients, Grad-CAM, and XRAI.

2.3.1. Sensitivity analysis
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Image data is typically represented by x1, x2, …, xn, …, xN  as vectors. If the probability of an image

being classi�ed into class c is yk, by adding perturbation Δx to a pixel xn, the change ∆y played by yk
can be observed, as shown in Eq. (1). If this perturbation ∆x signi�cantly impacts the �nal classi�cation,
it indicates a high degree of importance of pixel xn in the model judgment:

x1, x2, ⋯, xn, ⋯, xN

→ x1, x2, ⋯, xn + Δx, ⋯, xN

yk → yk + Δy

(1)

If one wants to determine the impact of each pixel's perturbation on the prediction, it is necessary to

calculate 
Δy
Δx , which calculates gradient 

∂yk
∂xn

. The gradient represents the importance of pixel xn in the

judgment category. A saliency map is drawn according to the gradient, where an area with a higher level
of brightness indicates that the pixels in this area have a more signi�cant in�uence on the prediction.

A sensitivity analysis (Simonyan et al. 2013) is the �rst scheme to use a gradient-based method to do the
post-hoc explanation  of the arti�cial intelligence model in the aftermath. The process is as follows: First
assume a simple linear model Sc(I) as in Eq. (2).

Sc(I) = ωT
cI + bc

(2)

where a one-dimensional vector represents image I; c represents class; ωc represents the weight vector; 
bc is the model bias, and Sc(I) is the score of the linear model. The weight ωc shown in Eq. (2), de�nes

the pixels’ level of importance in image I.

A neural network is a very complicated nonlinear model Sc(I). Therefore, we cannot apply the derivation
of Eq. (1) to it. Nevertheless, we can use a �rst-order Taylor expansion to expand the linear model around
the given image I0 to approximate the Sc(I) value, as shown in Eq. (3):

Sc(I) ≈ ωTI + b (3)

where ω is the derivative of the output value Sc in the input image I0, as in Eq. (4), and ω is the gradient
of the output Sc relative to the input image I0.

ω =
∂Sc
∂I | I0

(4)

{ }

{ }
{ }

| | | |
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Finally, a saliency map is used to present the weight ω of each pixel, so the impact of each pixel in the
image on the classi�cation result can be determined.

2.3.2. Integrated Gradients
The gradient-based interpretation method can indeed successfully explain some arti�cial intelligence
prediction results in many cases, but there may also be some unexplainable situations. Both Simonyan et
al. (2013) and Baehrens et al. (2010) mentioned that gradient-based explanations encounter
unexplainable situations in saturated regions. Once the gradient enters the saturated region and
approaches 0, no effective information can be obtained, as shown in Fig. 2.

Taking the gradient as the importance score, then, the gradient is close to 0 in some areas. This will be
represented as a low intensity area on the saliency map. Therefore, Mukund Sundararajan et al. (2017)
proposed using integrated gradients to solve problems encountered in the saturation region. Instead of
gradients, all gradients are integrated as importance scores of pattern features. Using integrated
gradients to calculate the integral of the gradient as the importance score can prevent the gradient from
approaching 0 in some areas. The di�culty of this method is that for a given image x. However, its
intensity has been �xed, so a method is needed to obtain the gradient of an image whose intensity is less
thanx.

First, suppose that the current image is x, and set a baseline image x′ with an intensity of 0, which is
usually a black image with all zero pixels or a random image. Then, a linear interpolation is performed
between the baseline x' and the original image x to generate the intermediate image, as expressed by
Eq. (5):

x̃ = x' + α(x − x') (5)

As shown in Fig. 3, when α = 0 is the baseline image, when α = 1, it is the original input image x. The
integrated gradient is de�ned as in Eq. (6):

IntegratedGradsi(x) = xi − xi' × ∫ 1
α =0

∂F x' +α ( x−x' )

∂xi
dα

(6)

2.3.3. Smooth Gradients and Smooth Integrated Gradients
Gradient-based interpretation methods, such as sensitivity analysis and integrated gradients, are saliency
maps obtained through backpropagation. A saliency map typically has a lot of visual noise. These noises
will result in the saliency map only inferring the location of the relevant area, which is not the result of a
human process. The surrounding pixels of the target in the saliency map will exhibit a high degree of
brightness, but these high-brightness pixels are not related to the target in the original image.

( ) ( )
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Smilkov et al. (2017) mentioned the reason for the noise may be that the derivative of the function Sc is
not even continuously differentiable.

The SmoothGrad method randomly adds a speci�c degree of noise to the input image and then
calculates the gradient. After several gradient calculations, the average value is taken to make the
gradient change more stable in order to remove the noise. If the saliency map Mc(x) is the gradient value
of the output to the input, as in Eq. (7):

Mc(x) =
∂Sc ( x)

∂x , (7)

then, SmoothGrad perturbates the input image, adds a slight difference N 0, σ2  to generate n

perturbated images, calculates their gradient average, and then obtains a stable saliency map, as shown
in Eq. (8):

^
Mc(x) =

1
n ∑n

1Mc x + N 0, σ2
(8)

When the value of sample size n becomes larger, the saliency map has less noise and is more stable. We
apply the SmoothGrad scheme to eliminate noise and generate two methods, a smooth gradient and a
smooth integrated gradient.

2.3.4. Grad-CAM
Using class activation mapping (CAM) (Zhou et al. 2016), it is necessary to connect the global average
pooling layer (GAP Layer) after the latest convolutional layer output and retrain the model, so this method
is unsuitable for practical applications. Therefore, Selvaraju et al. (2017) improved the CAM method and
proposed a Grad-CAM combining gradient information and a feature map. Regardless of whether the
convolutional layer is connected to a fully connected layer or other different types of networks, the
heatmap can be obtained using the Grad-CAM method without modifying the network. Grad-CAM
replaces the weight value with a gradient and directly uses the output layer's output and the convolutional
layer to calculate the gradient.

To improve performance details, Selvaraju et al. (2017) multiplied the result of Guided Backpropagation
and the original Grad-CAM result to affect the output image and obtain a higher resolution and a
heatmap with superior positioning accuracy.

2.3.5. XRAI
The XRAI method is used to extract symbolic representations of a mathematical function. A symbolic
representation of the mathematical function is used as the basis of the representations for learning the
neural network during training. The XRAI method is used to adjust the interpretation method used after
the neural network is trained. After neural network training, the weight and deviation values are used as

( )

( ( ))
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the input for the interpretation method and determine how to express the neural network formula during
training. This formula is then converted into a symbolic representation in the XRAI method.

In the study of XRAI: Explainable Representations through AI (Christiann et al., 2020), it is indicated that
Boolean functions and low-order polynomials can be used as examples to perform o�ine training on
synthetic data to explain different types of functions. Unlike with integrated gradients, XRAI also
evaluates the overlapping area of the image to reconstruct a saliency map that highlights the relevant
area of the image instead of pixels.

Kapishnikov et al. (2019) �rst performed oversegmentation on an image, repeatedly tested the
importance of each area, and merged smaller regions into larger regions based on the attribution score.
The results of the experiment con�rmed that this strategy can produce signi�cant regions with high
quality, tight boundaries, and the performance of XRAI was better than other existing post-explanatory
methods. More importantly, XRAI can be used with any DNN-based model as long as the input features
can be classi�ed through a similarity calculation (for example, the color similarity in the image).

Kapishnikov et al. (2019) proved that under a general neural network model, for the purpose of comparing
post-interpretations of an ImageNet data set, XRAI is more effective. This interpretable method is often
applied to models that accept image input, such as natural images of any real scene containing multiple
objects.

The XRAI algorithm proposed by Christiann et al. (2020) is as follows:

Given image I, model f and attribution method g

Over-segment I to segments s ∈ S

Get attribution map A = g (f, I)

Let saliency mask M = 0, trajectory T = []

while S ≠ ∅ and area(M) < area (I) do

for s ∈ S do

Compute gain2:gs = ∑ i∈s ∖M
Ai

area ( s ∖M)

end for

ŝ = argmax
s

gs

S = S /ŝ

M = M ∪ŝ
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Add M to list T

end while

return T

XRAI uses integrated gradients to satisfy sensitivity-N (Ancona et al., 2017), where the sum of all its input
parameters will be equal to the input of the softmax value subtracted from the benchmark softmax value.
XRAI starts with an empty mask and then selectively and continuously adds the most pro�table block in
the total attribution of each block until the complete image is obtained as a mask or all the blocks that
can be added have been used. The density of the trajectory of masks obtained from the calculation
above is regarded as an essential order when sorting the blocks, which means that image blocks
contributing to the prediction category should have a high positive attribution. Blocks that are not related
to the prediction should have an attribution close to zero. Blocks that contain competing types should
have a negative attribution.

3. Research Methods
After putting the XAI method into perspective, we referred to two studies on image classi�cation of plant
diseases and insect pests (Vaishnnave et al., 2020; Ji et al., 2020) and then designed an experiment to
improve the classi�cation accuracy of T. papillosa images. A diagram of the architecture is shown in
Fig. 4, which shows how the model judges the input images and predicts their category through XAI. Six
visualization methods were employed to visualize the block5-conv3 layer in VGG16 for post-hoc
explanations of how the model made judgments. The six visualization methods are as follows: sensitivity
analysis, integrated gradients, smooth gradients, smooth integrated gradients, Grad-CAM, and XRAI.

Afterward, by comparing the results predicted by the model with the visualization results, we determine
the reasons for the correctness of the image error prediction in the experiment.

The approach used in a study of XAI conducted by Arrieta et al. (2020) was employed in the present
research for the purpose of recognizing litchi stink bugs based on deep learning networks. XAI
demonstrates a high degree of transparency. In transparent machine learning models, it is necessary to
have the ability to interpret the model while designing the model to meet the de�nition of transparency,
including requirements for simulability, comprehensibility, and algorithm transparency. The model design
of the deep learning network cannot meet the requirements for transparency due to its many layers and
degree of complexity. We found that post-hoc explanation methods are more suitable for explaining the
research content of T. papillosa than transparency methods. Therefore, we used six post-hoc explanation
methods, including a sensitivity analysis, integrated gradients, smooth gradients, smooth integrated
gradients, Grad-CAM and XRAI, to explain classi�cation errors related to T. papillosa.

3.1. Sensitivity Analysis
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A sensitivity analysis (Simonyan et al., 2013) is the �rst method using a gradient-based form. The
Gradient will be referred to as a sensitivity analysis in the following discussion. The importance of each
pixel to the prediction result can be observed using a saliency map drawn by calculating the magnitude
of the gradient value. When a pixel's brightness in the saliency map is higher, this indicates that it has
higher importance related to the output result.

3.2. Integrated Gradients
Sundararajan et al. (2017) used integrated gradients to solve the saturating gradient problem caused by
the gradient-based method. If a gradient is replaced with the integral of the gradient as the importance
score, this will not result in the gradient value being 0. Sundararajan et al. (2017) assumed a current
image x and a baseline image x′, which usually is a black image with an intensity of 0. Then, the linear
interpolation was applied to the baseline and the original image x to generate the intermediate image.

3.3. Smooth Gradient and Smooth Integrated Gradient
SmoothGrad (Smilkov et al. 2017) used the addition of noise to eliminate noise, making the saliency map
more conducive to the interpretation of the model. By randomly adding different degrees of noise to the
input image, the gradient of the noise image can be calculated and averaged. This procedure will make
the gradient change more stable so as to remove the noise in the saliency map. Both the Gradient and the
integrated gradient use SmoothGrad to eliminate noise and become the so-called smooth gradient and
smooth integrated gradient.

3.4. Grad-CAM
In a study conducted by Zhou et al. (2016), CAM was connected to the GAP Layer in the last
convolutional layer and the model was retrained. This kind of operation is complicated, so it is infeasible
for practical applications. The Grad-CAM in Selvaraju et al. (2017) does not need to modify the network
architecture. It calculates the gradient based on the output of the output layer and the output of the
convolutional layer. We thus could use this gradient to replace the weight value in CAM to save the time
required for model retraining.

3.5. XRAI
Kapishnikov et al. (2019) demonstrated XRAI saliency maps where pixels were replaced with regions. The
interpretability of the XRAIs was better than other existing post-hoc explanation methods and could be
incorporated into any DNN-based model. In our experiment, an XRAI heat map was created, and the top
30% of the blocks that were most relevant to the prediction result were selected to interpret the
correlations.

4. Experimental Results And Discussion
In this study, we used a camera to collect images of T. papillosa located on the top of trees, and the
images were appropriately cut and then classi�ed. The training data set was divided into eight categories:
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eggs of T. papillosa, T. papillosa 30 mins prior to birth, T. papillosa larva 30 mins after birth, juveniles of T.
papillosa, T. papillosa, branch, leaf, and longan. We used the VGG16 neural network model with six post-
explanation methods, including Gradients, integrated gradients, smooth gradients, smooth integrated
gradients, Grad-CAM, and XRAI and applied them to the trained model. Finally, the advantages and
disadvantages of the six post-hoc explanation methods were compared according to the relationship
between the importance of pattern features and the prediction results.

4.1. Data Processing
In this research, 987 images of T. papillosa collected with a camera comprised the data set. The
proportion of the target classi�cation object in the image could be divided into �ve scales: extra small,
small, medium, large, and extra-large, as shown in Fig. 5. The description of the �ve scales is as follows:

1. Extra small: The target occupies a tiny proportion of the image. The image is cut with 150x150
pixels, for a total of 58 samples.

2. Small: The target occupies a small proportion of the image. The image is cut by 300x300 pixels, for
a total of 224 samples.

3. Medium: The target occupies a moderate proportion of the image, and the image is cut with 600x600
pixels, for a total of 574 samples.

4. Large: The target occupies a more signi�cant proportion of the picture, and the image is cut with
1000x1000 pixels, for a total of 119 samples.

5. Extra-large: The target occupies a large proportion in the picture and remains uncut, for a total of 12
samples.

Images at �ve different scales were segmented by cutting the image into many small images and making
the target in each small image progressively clearer after cutting, as shown in Fig. 6. After the
segmentation was completed, these images were classi�ed into eight different types, labeled from 0 to 7
for eggs of T. papillosa, T. papillosa 30 mins prior to birth, T. papillosa larva 30 mins after birth, juvenile of
T. papillosa, T. papillosa, branch, leaf, and longan, for a total of eight categories, as shown in Fig. 7.

To maintain the integrity of the data set, fuzzy images or images containing multiple targets were deleted
and excluded from the data set. After cutting and classifying, there were a total of 6,983 samples
available for model training using VGG16. The sample numbers for the 8 types of target images in the
data set are detailed in Table 1.



Page 12/28

Table 1
The 8 types of image samples of the target in the data

set
Label Category Image Samples

0 Eggs of T. papillosa 87

1 30 mins prior to birth 108

2 larva 30 mins after birth 178

3 Juvenile of T. papillosa 257

4 T. papillosa 586

5 Branch 275

6 Leaf 4,868

7 Longan 627

4.2. Establishment of the Training Model
In this work, the XAI method was used to do the analysis of the identi�cation of T. papillosa based on
deep learning networks. A single image taken by an UAV was classi�ed into one of eight types (eggs of T.
papillosa, T. papillosa 30 mins prior to birth, T. papillosa larva 30 mins after birth, juvenile of T. papillosa,
T. papillosa, branch, leaf, and longan). Since VGG16 is better than other neural network models in image
classi�cation, it was used for T. papillosa images.

First, we used the weights of 1 million images being trained on ImageNet as the pre-training models and
proceeded with training. The �nal output layer is changed to eight categories. The category with the
highest probability is taken as the predicted category of the image.

We divided the image into a training set and a testing set and then split 20% of the samples from the
training set as a validation set. After continuous testing, we used the Adam optimizer. The learning rate is
0.000001 as the basic parameters of the experiment in this work. The schematic diagram of the model
architecture is shown in Fig. 8.

After the VGG16 model was trained, the accuracy of the training set was 81.1%; the accuracy of the
validation set was 69.1%, and the accuracy of the training set was 68.8%, as shown in Fig. 9(a).
Figure 9(b) shows the confusion matrix obtained by predicting the testing set using the self-trained
VGG16 model. According to the prediction results of this confusion matrix, the accuracy of the self-
training model in the test set was not good. Most larva were predicted to be T. papillosa, and a leaf was
predicted to be T. papillosa or a branch.

To put the basis of the self-training model's prediction into perspective, we used a post-hoc explanation
method to explain the self-training model to explain the model classi�cation errors.
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4.3. Visualizing Prediction Pattern Features
From the prediction results of the VGG16 training model, we found that many targets were classi�ed into
the wrong category. We used the Gradients, integrated gradients, smooth gradients, smooth integrated
gradients, Grad-CAM, and XRAI visualization model methods to discover the reason for these
classi�cation errors. The last convolution layer, the block5-conv3 layer, of the model was visualized to
determine how the model worked. By adjusting the model parameters through the results of the
visualization effects, we could determine the reasons for the model's prediction errors and explain the
decisions made by the model to users.

As shown in Fig. 10 and Fig. 11, different visualization methods were used to represent the correct and
incorrect predictions of eight target objects. It can be observed that the pixels or blocks with high
importance fall on the target in the saliency map where the prediction of each category is correct
(Fig. 10). Therefore, the visualization method explains the model well. However, the model can be
improved to classify the image into the correct category based on the pattern features of the target. Thus,
two phenomena can be observed based on Fig. 11.

1. In some saliency maps, the essential pixels or areas not only fall on the target but also on other
unrelated objects, as shown in Fig. 12. Taking juvenile T. papillosa and T. papillosa as an example, it
can be observed that not only the features of juvenile and T. papillosa are given attention in the
remarkable picture, but the leaves next to them are also regarded as essential features. It is believed
that the background images in the data set are too complicated, which leads to the model learning
other types of features during model training.

1. Although important pixels or blocks fall on the target, they are still mispredicted, as shown in Fig. 13.
Taking T. papillosa 30 mins prior to birth and T. papillosa larva 30 mins after birth as examples, there
are targets in the important part of the saliency map, but they were still predicted as the wrong
category. We believe that the features among different categories are too similar. It is recommended
that images with higher resolution be used rather than out-of-focus as training samples so that the
model can learn the pattern features of each category correctly.

4.4. Comparison of the Pattern Features in the Visualization
Methods
Although the visualized Gradient and integrated gradient saliency maps can provide high feature
correlations, there will be still a lot of noise. Smooth gradient and smooth integrated gradients, which
eliminate noise, can make observations of essential features easier. Grad-CAM overlays the heat map on
the original image, which stresses the critical points of a feature. XRAI regionally expresses essential
features, indicating that it is the best visualization method because the features that affect the prediction
results can be seen immediately.
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As shown in Fig. 14, we preserved the top 30% of the XRAI saliency map most relevant to the prediction
and removed the remaining less relevant 70% of the area. The XRAI method signi�cantly improved the
judgment e�ciency, making the observation of essential features more intuitive.

4.5. Improving the results of the training model
We visualized the last convolutional layer, called the block5-conv3 layer, of the original VGG16 model
based on the post-hoc explanation method to explore the reasons for the model's prediction errors. It is
believed that too many low-resolution, out-of-focus, and cluttered background images in the training data
set caused the model prediction errors. Therefore, the training data set is adjusted to remove bad images,
retrain the model, and re-predict the test set.

The parameters of the improved model were the same as those of the original self-training model. After
enhancing the model, the accuracy of the training set was 92.5%; the accuracy of the validation set was
75.6%, and the accuracy of the training set was 72.5%, as shown in Fig. 15 (a), where the test accuracy of
the improved model was higher than that of the original model.

After comparing the confusion matrix of the original model Fig. 9 (b) and the improved model Fig. 15 (b),
we found that there were fewer prediction errors. At the same time, we also found the prediction accuracy
of the improved model was improved with respect to the original model. The improvements in accuracy
are shown in Table 2 and Fig. 16. Therefore, we concluded that the selected data set has a signi�cant
in�uence on the model's prediction.

We used the post-hoc explanation to visualize the output pattern features of the convolutional layer to
help lead to an understanding of the model's prediction standards and then improve the model to obtain
better predictions.

Table 2
Comparison of the accuracy of the original and improved

VGG16 model
Accuracy Training set Validation set Testing set

Original 0.811 0.691 0.688

Improved 0.925 0.756 0.725

5. Conclusions And Prospect
After visualizing the classi�cation results of T. papillosa, we inferred the possible reasons for
classi�cation errors as follows: 1) The background of the data set image is cluttered, which leads to the
learning of other non-target features during model training. 2) The different characteristics of the
categories are not distinguishable. Therefore, we concluded that high-resolution images should be
selected in future data set images. The number of training samples for each category should be
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increased so that the model can learn the characteristics of each target category more correctly, which
can improve the target weight of the feature of the class in the model. We suggest that in the future, when
performing model training for image classi�cation, the content of the experiment can be improved to
reduce classi�cation errors and improve accuracy. Furthermore, the experiment and image classi�cation
accuracy can be indeed improved by the inferences made by explainable arti�cial intelligence.
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Figure 1

Two signi�cant parts of XAI: Transparency design and the post-hoc explanation

Figure 2

The gradient in the saturation region approaching 0
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Figure 3

Interpolated images generated between the baseline image and the original input image using linear
interpolation

Figure 4

Diagram of the experimental architecture
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Figure 5

The classi�cation is based on the proportion of the size of the target identi�er T. papillosa in the picture.

Figure 6

Cutting an image into many small images
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Figure 7

The target images after cutting in each category
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Figure 8

VGG16 model architecture
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Figure 9

The accuracy and confusion matrix in the self-trained VGG16 model
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Figure 10

Using different visualization methods to output images with correct predictions for each category
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Figure 11

Using different visualization methods to represent images with incorrect predictions for each category
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Figure 12

The pattern features of objects other than the target are also mistakenly adopted, leading to
misprediction.

Figure 13

A target pattern feature with high importance but classi�ed into the wrong category
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Figure 14

The most important 30% of the XRAI saliency map used to judge the importance of the pattern features
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Figure 15

The accuracy and confusion matrix of the improved VGG16 model
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Figure 16

Comparison of the accuracy of the original and improved VGG16 model


