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Abstract

Fine-Grained Image Classification (FGIC) aims to classify
images into specific subordinate classes of a superclass. Due
to insufficient training data and confusing data samples, FGIC
may produce uncertain classification results that are untrusted
for data applications. In fact, FGIC can be viewed as a hi-
erarchical classification process and the multilayer informa-
tion facilitates to reduce uncertainty and improve the relia-
bility of FGIC. In this paper, we adopt the evidence theory to
measure uncertainty and confidence in hierarchical classifica-
tion process and propose a trusted FGIC method through fus-
ing multilayer classification evidence. Comparing with tradi-
tional approaches, the trusted FGIC method not only gener-
ates accurate classification results but also reduces the uncer-
tainty of fine-grained classification. Specifically, we construct
an evidence extractor at each classification layer and extract
multilayer (multi-grained) evidence in hierarchical classifica-
tion. To fuse the extracted multi-grained evidence from coarse
to fine, we formulate evidence fusion with the Dirichlet hy-
per probability distribution and thereby hierarchically decom-
pose the evidence of coarse-grained classes into fine-grained
classes to enhance the performance of FGIC and reduce un-
certainty. The ablation experiments validate that the hierar-
chical evidence fusion can improve the precision and also re-
duce the uncertainty of fine-grained classification. Compar-
ison with the state-of-the-art FGIC methods shows that the
proposed method achieves competitive performance.

Introduction
Fine-grained image classification (FGIC) aims to classify
samples into correct categories with more specific concepts,
e.g., the models of car and the species of bird. With the rapid
development of deep neural networks, the performance of
FGIC has made a significant progress (Zhao et al. 2017; Wei
et al. 2021). In recent years, FGIC has been widely applied
in some fields, such as image retrieval (Wei et al. 2017; Bhu-
nia et al. 2021), personalized recommendation (Bai et al.
2020; Wei et al. 2019; Liu et al. 2016), and so on.

Discriminative information is exploited to improve the
fine-grained classification, such as the discriminative subre-
gions and features interactively extracted from images (Sun
et al. 2018; Gao et al. 2020; Zhuang, Wang, and Qiao 2020).
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Figure 1: Comparison between the traditional FGIC method
and the trusted FGIC method.

In addition, the relationship between classes and the corre-
lation among class attributes are incorporated into FGIC to
enhance the refined classification of similar images (Zhou
and Lin 2016; Zhang et al. 2016). However, due to the insuf-
ficient training data and confusing samples (Van Horn et al.
2015), extant FGIC methods may produce uncertain classi-
fication results that are untrusted for data applications.

Trustworthy machine learning has received a lot of at-
tention in recent years. Sensoy et al. (Sensoy, Kaplan, and
Kandemir 2018) combined evidence theory and deep neu-
ral networks to implement the trusted deep learning method,
where evidence theory is used to quantify the uncertainty of
data samples and predictions with high uncertainty are seen
as untrustworthy. Some researchers further introduced evi-
dence theory into different fields and achieved trusted learn-
ing methods, e.g., trusted multi-view classification(Liu et al.
2022) and trusted long-tailed classification (Li et al. 2021).

In fact, FGIC can be viewed as a hierarchical classifica-
tion process. In the class hierarchy (e.g., label tree), label
nodes near the root node represent the coarser-grained con-
cepts, while label nodes away from the root node represent
the finer-grained concepts. Motivated by this, we adopt the
evidence theory to measure the uncertainty and confidence
in hierarchical classification process and propose a trusted
FGIC method through fusing multilayer classification evi-
dence. At each layer of classification granularity, we extract
evidence that data samples belong to different classes. Evi-
dence extracted from all layers is considered as multilayer
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(or multi-grained) evidence. Multi-grained evidence facil-
itates to reduce uncertainty and improve the reliability of
FGIC. To fuse the multi-grained evidence from coarse to
fine, we formulate evidence fusion with the Dirichlet hyper
probability distribution and thereby hierarchically decom-
pose the evidence of coarse-grained classes into the corre-
sponding fine-grained classes. Besides the algorithm imple-
mentation, we also theoretically demonstrate that the uncer-
tainty of fine-grained classification can be reduced via the
evidence fusion. Comparing with the traditional approaches,
the proposed trusted FGIC method not only generates accu-
rate classification results but also reduces the uncertainty of
fine-grained classification. Figure 1 illustrates the compar-
ison between the traditional FGIC method and our trusted
method in the fine-grained classification of birds. In the
first example, the traditional method without evidence fu-
sion outputs the low probability for the ground-truth class
via softmax and leads to the misclassification. Through ev-
idence fusion, the trusted method produces the high proba-
bility and rectifies the prediction error. For the second case,
the traditional method correctly recognizes the image but the
low probability indicates the high uncertainty and the clas-
sification is untrusted. In contrast, our method produces the
trusted classification result.

In addition, the research works on trustworthy machine
learning introduced above aim to deal with prediction uncer-
tainties in different kinds of deep learning models. For FGIC
tasks, to the best of our knowledge, our method is the first at-
tempt to formulate and process uncertainty in coarse-to-fine
classification and implement trusted fine-grained classifica-
tion. Our contributions are summarized as follows.
• Propose a trusted fine-grained image classification

method through fusing hierarchical classification evi-
dence. We measure the uncertainty in the hierarchical
refined classification based on evidence theory and im-
prove the prediction reliability through fusing the evi-
dence of multilayer classification.
• Formulate evidence fusion and decomposition in hierar-

chical fine-grained classification with the Dirichlet hyper
probability distribution and prove that evidence fusion of
multilayer classification can reduce uncertainty.

Related Work
FGIC Based on Hierarchical Classification
Due to the large intra-class variance and small inter-class
variance, researchers have tried to incorporate more infor-
mation except class labels to improve the performance of
FGIC. Some researchers exploited discriminative informa-
tion from images, e.g., to find subregions with parts of ob-
ject that are discriminative (Zhang et al. 2019), or to perform
feature interaction to improve feature discrimination (Zhao
et al. 2021; Gao et al. 2020; Han et al. 2018).

In addition, fine-grained class labels can be merged into
hierarchies based on taxonomies. Exploiting the relationship
between class labels of different granularities is another way
to improve performance. Existing methods in this paradigm
can be divided into three types, (i) hierarchical classifica-
tion learning based methods, (ii) multi-label learning based

methods and (iii) metric learning based methods. Hierar-
chical classification based methods is to treat FGIC as the
process of hierarchical classification (Xie et al. 2015; Wang
et al. 2015; Chen et al. 2018; Chang et al. 2021). Wang et
al. proposed Multiple Granularity Descriptors (MGD) for
FGIC (Wang et al. 2015). MGD constructed the classifier at
each classification layer separately. Features extracted from
multiple classifiers are concatenated for fine-grained predic-
tion. However, the relationship between classification lay-
ers is not exploited in MGD. Chen et al. (Chen et al. 2018)
used the Kullback-Leibler divergence to measure the out-
put of two classification layers to guide the training process
of fine-grained classification. The method based on multi-
label learning directly models the joint distribution of multi-
ple layers of labels. Zhou and Lin (Zhou and Lin 2016) used
class labels from the coarse classification layer to augment
the last fully connected layer of neural networks, enabling
the neural network to output multi-label predictions, and de-
fined a loss objective to optimize the performance of multi-
label classification. Metric learning based methods focus on
using hierarchical information to optimize the feature repre-
sentation. Zhang et al. (Zhang et al. 2016) defined the triplet
loss on feature space to make the extracted features belong-
ing to the same coarse-grained class closer than the features
belonging to different coarse-grained classes. However, the
objective is not specific to classification and the effective-
ness of the resulting method may be suboptimal.

Existing hierarchical classification based FGIC methods
mainly utilize hierarchical information in the training stage,
but do not utilize it well in the testing stage. In addition, the
uncertainty and trustworthiness of FGIC are not considered.

Classification with Evidence Theory
The Dempster-Shafer Evidence Theory (DST) is a gener-
alization of the Bayesian theory to subjective probabilities
(Dempster 1968b), and is widely applied in reasoning with
uncertainty (Denoeux 1997; Liu, Pan, and Dezert 2013) and
opinion fusion (Li et al. 2018; Si et al. 2014). DST rep-
resents the uncertainty in decision making by mass func-
tion. Combining DST with classification methods have im-
plemented a variety of uncertainty inference methods, e.g.,
evidential k-nearest neighbors (Denoeux 2008), evidential
logistic regression (Xu, Davoine, and Denœux 2015), and
so on (Quost, Denoeux, and Li 2017). Sensoy et al. (Sensoy,
Kaplan, and Kandemir 2018) extended DST by combining
it with deep learning and proposed Evidential Neural Net-
work (ENN) to measure the uncertainty of deep neural net-
works and perform uncertainty classification. ENN achieved
end-to-end training without additional costs, which facili-
tates deep learning to perform uncertainty reasoning. In re-
cent years, some researchers have introduced ENN into dif-
ferent fields to achieve trusted deep learning methods (Liu
et al. 2022; Li et al. 2021; Han et al. 2021).

Method
In this section, we introduce the proposed trusted FGIC with
hierarchical evidence fusion. Figure 2 presents the detailed
framework. We first formulate FGIC as the process of hier-
archical classification and extract multilayer (multi-grained)

10658



LKk
p



 HDir

Bird

. . .   . . .

. . .   

classification
layer L

. . .   . . .   

classification 
layer 1

(a). Multilayer (Multi-grained) evidence extraction in hierarchical classification.

evidence extractor 1
1

1 1 1
1 ,..., Ke ee

evidence extractor L
1 ,..., L

L L L
Ke ee

(c). Construction of each evidence extractor.

. .  .

(b). Hierarchical evidence fusion and 
fine-grained prediction.

1e ... HDir

Expert 1

1 21
1 Z u u

1u

Le

,3Le

Expert 2 Expert 3

Le

fine-grained P

,2Le,1Le Fuse 

Multiply

Add

(p )| ,e a

Figure 2: Overall framework of the trusted fine-grained image classification, which is formulated as a process of hierarchical
classification and evidence fusion.

evidence in hierarchical classification (Figure 2(a)). At each
classification layer, we construct an evidence extractor to
extract evidence belonging to different classes at the corre-
sponding classification granularity. Each evidence extractor
is designed as three cascaded sub-extractors named expert
1, expert 2 and expert 3 (Figure 2(c)). Evidence extracted
from the three sub-extractors is combined through weighted
summation, and the weight of each sub-extractor is calcu-
lated based on the uncertainty of the previous sub-extractors.
After that, in Figure 2(b), evidence extracted from all lay-
ers is fused by the Dirichlet hyper probability distribution
(Dir HPDF). The probabilities of fine-grained classes are ob-
tained by calculating the projected expectation of Dir HPDF,
where evidence of coarse-grained classes is hierarchically
decomposed into the corresponding fine-grained classes.

Multi-Grained Evidence Extraction in
Hierarchical Classification
Dempster-Shafer Evidence Theory is an effective tool to
measure the uncertainty of decision making which uses be-
lief mass to represent the confidence and uncertainty about
the opinion. Subjective Logic (SL) (Jsang 2016) extended
the evidence theory to construct a mapping between belief
mass and probability through the Dirichlet distribution

Dir(p|α) =
1

B(α)

∏K

k=1
pαk−1
k , (1)

where pk ∈ [0, 1] is the probability belonging to class k.
αk is the strength parameter, denoted as αk = ek + akW .
ek represents the evidence supporting class k, derived from
observations, while akW is the prior preference for class k.
(e.g., W = K and ak is set to 1/K). By calculating the ex-
pectation of the Dirchlet distribution, we obtain the expected

probability Epk belonging to class k

Epk =
αk
S
, (2)

where S =
∑K
k=1 αk =

∑K
k=1 ek + akW . The belief mass

belonging to class k and uncertainty are calculated by

bk =
ek
S
, u =

W

S
. (3)

According to Eq. (3), we have Epk = bk + aku. The pur-
pose of such design is to decouple the uncertainty u from
probability so that uncertainty can be measured explicitly.

Based on the mapping between probability and belief
mass, we construct an evidence extractor in each layer of
class label hierarchy to extract evidence, and formalize it
into Dirchlet distribution

Dir(pl|el,al) =
1

B(el,al)

∏Kl

k=1
pek+akW−1k , (4)

where Kl is the number of classes in layer l. Consequently,
evidence extracted from multiple classification layers forms
multi-grained evidence. Inspired by (Sensoy, Kaplan, and
Kandemir 2018), we can use neural networks as evidence
extractors. By adding an activation layer after the last fully
connected layer, the non-negative outputs of neural networks
are considered as the observed evidence e. To improve the
classification precision and reduce the uncertainty, the evi-
dence extractor of each layer is designed as three cascaded
sub-extractors (named expert 1,2 and 3). As shown in Figure
3, we input an image into expert 1 to extract evidence be-
longing to different classes. Then we crop a discriminative
subregion by using AOLM (Zhang et al. 2021) and input it
into expert 2. From expert 2 to expert 3, multiple subregions

10659



…

Expert 1

Crop&Resize

Expert 2

Crop&Resize

Expert 3

NxN
NxNFeature

MAP

NxN
NxNFeature

MAP

Figure 3: Structure of the evidence extractor.

with high response are further cropped out by using APPM
(Zhang et al. 2021).

In addition, considering the differences in learning dif-
ficulty of data samples, we utilize uncertainty to measure
the difficulty and follow (Li et al. 2021) to dynamically as-
sign the experts for different samples during the training
stage. Assuming that the uncertainty u1, u2 and u3 are ob-
tained from three experts respectively, if the uncertainty u1
is smaller than a threshold ε, the expert 2 and 3 will not be
activated. Otherwise, expert 2 will be activated, and then u1
and u2 will be fused by using Dempster’s rule (Dempster
1968a). Given the belief masses b1, b2 of expert 1 and 2 for
all classes in layer l calculated by Eq. (3), we have

ufuse =
1

1− Z
u1 • u2, (5)

where Z =
∑
i6=j b

1
i b

2
j is the conflict coefficient of expert

1 and expert 2. Based on Eq. (5), expert 3 will be acti-
vated only when the fused uncertainty ufuse is greater than
a threshold ε. Because the uncertainty indicates the learn-
ing difficulty, the activated expert 2 and 3 will focus more
on discriminative subregions and features of the hard sam-
ples. In addition, according to the Dempster’s rule, ufuse is
less than either of u1 or u2 and is related to the conflict be-
tween expert 1 and 2, i.e., the serious conflict will lead to
high ufuse.

In the following section, the uncertainties will also be
used for evidence fusion during the test stage.

Hierarchical Evidence Fusion
Based on the extracted evidence and uncertainty introduced
above, we formulate the evidence fusion in the hierarchical
fine-grained classification. First, we define the evidence fu-
sion in each classification layer below.
Evidence Fusion in Each Layer. The evidence extracted
from all experts in the l-th classification layer is integrated
through uncertainty weighted summation,

el =
el,1 + ul,1 • el,2 + ul,fuse • el,3

1 + ul,1 + ul,fuse
. (6)

Because samples that are difficult to classify have high un-
certainty, the expert 2 and 3 with large weights will con-
tribute more in evidence fusion.

Next we extend the evidence fusion from single layer to
multiple layers.

Evidence Fusion in Multiple Layers. Based on SL (Jsang
2016), assuming that the classes of different layers are in-
dependent of each other, we can map the multi-grained evi-
dence extracted from different layers into a Dir HPDF.

DirH(p|e,a) =
1

B(e,a)

∏K1∪...∪KL

k=1
pek+akW−1k , (7)

where p = p1 ∪ p2 ∪ ... ∪ pL and e = e1 ∪ e2 ∪ ... ∪ eL,
and L is the total number of layers in the label hierarchy.
Evidence fusion of multiple classification layers can reduce
the uncertainty of hierarchical fine-grained classification and
achieve the trusted FGIC.

Trusted FGIC with Hierarchical Evidence Fusion
Based on the evidence fusion in multiple layers, we use
the generalized expectation formula of the Dirichlet distri-
bution (Jsang 2016) to calculate the expected probabilities
of each fine-grained class, where the evidence of coarse-
grained classes is hierarchically decomposed into the cor-
responding fine-grained class.

Ẽpk =

∑
k′∈K

ãk|k′ek′ + akW

W +
∑
k′∈K

ek′
(∀k ∈ KL)

=
ek

W +
∑
k′∈K

ek′︸ ︷︷ ︸
bSk

+

∑
k′∈K,k′ 6=k

ãk|k′ek′

W +
∑
k′∈K

ek′︸ ︷︷ ︸
bVk

+
akW

W +
∑
k′∈K

ek′︸ ︷︷ ︸
uF
k

= bSk + bVk + uFk , (8)

where K = K1 ∪ ... ∪ KL. ãk|k′ is the relative base rate
denoted as

ãk|k′ =

{
1
Ck′

if k′is the superclass of k,

0 otherwise.
(9)

Ck′ is the number of fine-grained class labels contained in
k′. Eq. (8) satisfies

∑
k∈KL

Ẽpk = 1. As can be seen in Eq.

(8), Ẽpk is decomposed into three terms. bSk is the sharp be-
lief mass representing the degree of direct support for the
fine-grained class k. bVk is the vague belief mass where the
evidence supporting class k is the weighted summation of
the evidence of all its superclasses, by which we hierar-
chically decompose the evidence of coarse-grained classes
into corresponding fine-grained classes to enhance the per-
formance of fine-grained classification. uFk is the focal un-
certainty transformed from overall uncertainty based on the
ratio ak. In addition, we can guarantee that the overall un-
certainty of fine-grained classification can be reduce when
the evidence of coarse-grained classification are fused.
Proposition 1. The evidence fusion in hierarchical classi-
fication layers will reduce the uncertainty of fine-grained
classification.
Proof. According to Eq. (3), the uncertainty u can be ob-
tained by

u =
W

S
=

W∑
k∈KL eLk +W

,
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After fusing the coarse-grained evidence of classification
layer l, the uncertainty becomes

u =
W∑

k∈KL eLk +W +
∑
k∈Kl elk

.

It is obvious that the uncertainty is reduced after fusing the
evidence from coarse-grained layer l. �

For the model training, the loss function for optimizing
the evidence extractor of each layer l is defined as the sum
of the losses of all experts.

Ll = Ll,1 + Ll,2 + Ll,3, (10)

and for each expert i, we have

Ll,i = LlCE + λtLlKL. (11)

Where λt = min{1.0, t/50} is the annealing coefficient and
t denotes epoch. The first term LCE is the Bayes risk of the
cross-entropy loss with respect to Eq. (4) (Sensoy, Kaplan,
and Kandemir 2018), denoted as

Ll
CE

=
∫ [ Kl∑

k=1

−yklogpk

]
1

B(αl)

Kl∏
k=1

pαk−1
k dp

=
Kl∑
k=1

yk [ψ(S)− ψ(αk)],

(12)

where ψ(·) is the digamma function and S =
∑Kl

k=1 αk. In
addition, we introduce Kullback-Leibler divergence term to
reduce the evidence of false predictions.

Ll
KL

=KL[Dir(pl|α̃l)||Dir(pl|1)]

=log
Γ(

∑Kl

k=1 α̃k)

Γ(Kl)
∏Kl

k=1
Γ(α̃k)

+
Kl∑
k=1

(α̃k−1)[ψ(α̃k)−ψ(
Kl∑
k=1

α̃k)],
(13)

where Γ(·) is the gamma function, and α̃l = y+ (1− y)�
αl is the adjusted Dirichlet parameters which remove the
predicted evidence belonging to the ground-truth class. Then
the evidence extractor of each classification layer is trained
individually by using Eq. (10).

Algorithm 1 presents the entire workflow of the trusted
fine-grained image classification.

Experiments
In this section, we perform experiments on three FGIC
benchmark datasets, CUB-200-2011 (CUB), FGVC-
Aircraft (AIR) and Stanford Cars (CAR). For CUB, we
follow the setting in (Chen et al. 2018) to organize the label
hierarchy of bird to 200 species, 122 genera, 37 families,
and 13 orders. For AIR and CAR, we follow the setting
in (Chang et al. 2021) to organize the label hierarchy of
airplane to 100 models, 70 families and 30 makers, and
organize the label hierarchy of car to 196 car makers and 9
car types. For each dataset, we use the bottom two layers in
the class label hierarchy to implement the evidence fusion
for fine-grained classification. The experiments consist of
three parts. The first one is the ablation experiment to verify
the improvements brought by the hierarchical evidence fu-
sion for fine-grained classification. The second experiment

Algorithm 1: Trusted fine-grained image classification
Input: Depth L of label hierarchy, threshold ε.
Training :
1. for each l ∈ L do
2. Initialize the neural network as evidence extractor of

layer l;
3. Train evidence extractor of layer l using Eq. (10);
4. end for
Testing :
1. for each l ∈ L do
2. Input test images to evidence extractor of layer l;
3. Extract evidence from multiple experts;
4. fuse evidence of all experts by Eq. (6);
5. end for
6. fuse evidence of all layers into a Dir HPDF, Eq. (7);
7. Calculate the projected probabilities of fine-grained cla-

sses by Eq. (8), and output the prediction.

is conducted to validate the superiority of the proposed
method through comparing with other state-of-the-art FGIC
methods. In the final experiment, we provide representative
cases to interpret how the proposed method enhances the
trustworthiness of fine-grained classification.
Implementation Details. We use ResNet50 (He et al. 2016)
as the backbone network and add an activation layer on
top of the last fully connected layer as evidence extractor
to extract non-negative evidence. To reduce complexity, the
three cascade experts of each evidence extractor share pa-
rameters. The hyperparameter ε is set to 0.5 for CUB and
AIR. Since the CAR dataset has only 9 car types, we do not
use ε to reduce experts when training the evidence extractor
for car types. For fair comparison, we use only regular data
augmentation, enabling the fine-tuned ResNet50 to achieve
84.6% accuracy on CUB. We use Stochastic Gradient De-
scent (SGD) with momentum=0.9 as optimizer. The learn-
ing rate is 0.001 and multiplied by 0.1 after 15, 30 and 45
epochs. The batch size is set to 6.

Ablation Study
The ablation experiments consist of two parts. (I) The First
one is to verify the effectiveness of the hierarchical evidence
fusion in improving the performance of FGIC. (II) The sec-
ond ablation experiment is conducted to validate the effec-
tiveness of uncertainty-based multi-expert combination in
enhancing the performance of evidence extractors. In the
following experimental results, we use R and NR to de-
note whether to reduce the number of experts in the training
stage. In the testing stage, we denote the fusion of hierar-
chical classification evidence as HE, and denote the use of
multiple experts in each evidence extractor as ME. We use
USUM to denote the combination of experts by Eq. (6), and
use SUM to denote the combination of experts by summing
and averaging.

To validate the effectiveness of hierarchical evidence fu-
sion, we conduct experiments on CUB. From Table 1(b) to
(d) and (c) to (e), after fusing hierarchical evidence, the clas-
sification accuracies are increased from 88.6% to 89.3% and
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Method Accuracy(%)
(a) FT-ResNet50 84.6
(b) ResNet + ME + NR + SUM 88.6
(c) ResNet + ME + R + USUM 89.3
(d) ResNet + ME + NR + SUM + HE 89.3
(e) ResNet + ME + R + USUM + HE 89.9

Table 1: Ablation experiments on CUB to validate the ef-
fectiveness of hierarchical evidence fusion, and uncertainty-
based multi-expert ensemble of evid ence extractor.
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Figure 4: Six representative cases illustrate that fusing hier-
archical classification evidence can help improve the perfor-
mance of FGIC and reduce the uncertainty.

from 89.3% to 89.9% respectively. These results clearly val-
idate that fusing hierarchical evidence can enhance the per-
formance of FGIC. Moreover, we provide six representative
cases to illustrate the effectiveness of hierarchical evidence
fusion. In Figure 4, ‘Single Layer’ corresponds to Table 1(c)
and ‘Single + Hierarchical Fusion’ corresponds to Table
1(e). As shown in Figure 4, fusing the hierarchical evidence
corrects the wrong prediction of using single fine-grained
classifier, and reduces the uncertainty. Similar conclusions
can be observed from other examples.

Moreover, as shown in Table 1 from (b) to (c) and (d)
to (e), using uncertainty-based multi-expert fusion improves
the classification performance. In addition, we provide six
representative cases to further illustrate how it works. In Fig-
ure 5, (1) to (3) are three different types of hard samples, i.e.,
confusing appearance, small object and background noise.
(4) to (6) are three easy samples with clear background or
significantly discriminative features. According to Eq. (5)
and Eq. (6), the lower the uncertainties of experts 1 and 2,
the smaller the weight values of experts 2 and 3 in the multi-
expert fusion. For easy samples, expert 1 has high confi-
dence and outputs low uncertainty values. Then the multi-
expert fusion will be contributed mainly by expert 1. In con-
trast, for hard samples, both experts 1 and 2 have low confi-
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Figure 5: Two types of examples for illustrating the effec-
tiveness of uncertainty-based multi-expert fusion. (1) to (3)
are three subtypes of hard samples, and (4) to (6) are three
easy samples. Compared with easy samples, experts 1 and
2 output higher uncertainty values for hard samples. The
high uncertainties of experts 1 and 2 correspond to the large
weight values of experts 2 and 3 in the fusion.

dence and output high uncertainty values. Then experts 2
and 3 will be assigned large weight values in the fusion.
Thus the trustworthiness and accuracy for hard samples can
be improved by the contribution of more experts.

Comparison with State-of-the-Art Methods
For a fair comparison, FGIC methods using ResNet50 as the
backbone are compared, including two methods of incorpo-
rating class label hierarchy.
CUB-200-2011. As shown in Table 2, our proposed method
achieves state-of-the-art performance on CUB that outper-
forms the GHORD and PMG by 0.3%, and outperforms
other methods by at least 0.7%. In addition, our method sig-
nificantly outperforms two state-of-the-art methods of com-
bining label hierarchy by a large margin (1.8% for HSE and
3.1% for MGDR). These two methods use label hierarchy
as additional supervised information to guide the learning
of fine-grained classifier during the training stage. However,
during the testing stage, the label hierarchy is not well ex-
ploited. As a result, the performance of FGIC is limited.
In contrast, our method can fuse the label hierarchy during
the testing stage and achieves better performance. These re-
sults validate that the hierarchical classification information
should be better motivated during the testing stage.
FGVC-Aircraft. As shown in Table 2, our method achieves
state-of-the-art performance on AIR that outperforms the
second best method by 0.5%, and outperforms other meth-
ods by at least 1%. These results validate that fusing the ev-
idence of classifying aircraft families (e.g., ‘Boeing 737’,
‘A330’) can significantly improve the performance of classi-
fying aircraft models (e.g., ‘Boeing 737-76J’, ‘A330-300’).
Similar to CUB, our method outperforms MGDR by 2%,
which verifies the effectiveness of fusing hierarchical evi-
dence during the testing phase.
Stanford Cars. As shown in Table 2, our method achieves
competitive performance on CAR that performs inferiorly
than GHORD and PMG by 0.2%. The reason is that evi-
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Method CUB AIR CAR
CIN (Gao et al. 2020) 87.5 92.8 94.5
Cross-X (Luo et al. 2019) 87.7 92.6 94.6
DCL (Chen et al. 2019) 87.8 93.0 94.5
API-Net (Zhuang et al. 2020) 87.7 93.0 94.8
ACNet (Ji et al. 2020) 88.1 92.4 94.6
GCL (Wang et al. 2020b) 88.3 93.2 94.0
S3N (Ding et al. 2019) 88.5 92.8 94.7
FDL (Liu et al. 2020) 88.6 93.4 94.3
DF-GMM (Wang et al. 2020c) 88.8 93.8 94.8
CSC-Net (Wang et al. 2020a) 89.2 93.8 94.9
PMG (Du et al. 2020) 89.6 93.4 95.1
GHORD (Zhao et al. 2021) 89.6 94.3 95.1
MGDR∗ (Chang et al. 2021) 86.8 92.8 94.3
HSE∗ (Chen et al. 2018) 88.1 - -
Ours 89.9 94.8 94.9

Table 2: Comparison with other state-of-the-art methods on
CUB, AIR and CAR. ‘∗’ denotes the methods with class la-
bel hierarchy.

dence extracted from coarse-grained classification layers is
used to improve the confidence and reduce uncertainty of
fine-grained classification. However, when the class hierar-
chy is too rough to reveal the correlation between classes
from coarse to fine, fusing evidence from coarse-grained
layers will provide very limited improvement to fine-grained
classification. In Stanford Cars, the coarse-grained classes
consist of only 9 car types, which is too rough to provide
precise evidence to enhance the fine-grained classification
of 196 car models. Therefore, the hierarchical evidence fu-
sion on this data set does not work as well as on other data
sets. In contrast, when the class hierarchy is moderate or spe-
cific, hierarchical evidence fusion can significantly improve
the performance of FGIC.

In summary, these results well demonstrate that fusing
hierarchical evidence can help improve the performance of
FGIC.

Trusted FGIC vs. Traditional FGIC
In the final experiment, we further interpret the trustworthi-
ness of the proposed method. Specifically, we compare our
method with fine-tuned ResNet50 on CUB. Figure 6 gives
the representative prediction results of two comparing meth-
ods. We find that our proposed method can achieve trusted
FGIC from following three aspects. First, as shown in the
first row of Figure 6, all samples have clear backgrounds
and significantly discriminative features. However, baseline
method classifies these samples as the wrong categories with
high probabilities. In contrast, our method accurately pre-
dicts the correct class of the samples and outputs small un-
certainty values to indicate that the prediction is trustworthy.
Second, compared to the samples in the first row, the sam-
ples in the second row have a lot of noise. This allows the
baseline method to classify these samples as the wrong cat-
egory with high probabilities. In contrast, our method im-
proves the probability of belonging to the correct class by
hierarchical evidence fusion and identifies these untrusted
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Figure 6: Three different types of representative cases illus-
trate how our method enhances the trustworthiness of FGIC.

samples by outputting large uncertainty values. In this way,
we can further extend our model to perform uncertainty
FGIC by rejecting the samples with large uncertainty val-
ues. Lastly, in the last row of Figure 6, baseline method can
identify the correct class of samples, but the probability of
belonging to the correct classes is low. This can lead that the
prediction is untrusted. In contrast, our method improves the
prediction probabilities by fusing hierarchical evidence.

In summary, by measuring uncertainty and fusing hier-
archical evidence by evidence theory, our method achieves
trusted FGIC from three aspects. 1) Our method can correct
the wrong prediction and reduce uncertainty. 2) Our method
can recognize noise samples. 3) Our method can improve
the confidence of the prediction.

Conclusion

In this paper, we argue that in addition to classification accu-
racy, the trustworthiness of FGIC should also be concerned.
Because insufficient training data and confusing samples can
cause FGIC to produce untrusted classification results, we
adopt evidence theory to explicitly represent uncertainty,
and use uncertainty to measure trustworthiness. Further-
more, we view FGIC as a hierarchical classification and pro-
pose to fuse hierarchical evidence into fine-grained classi-
fication. In addition to improving the classification perfor-
mance, our method can reduce uncertainty through theoret-
ical proofs. The experimental results on three benchmark
datasets validate that our method achieves competitive per-
formance and trusted classification. In the future, we will
attempt to extend our method to uncertainty FGIC and semi-
supervised FGIC.
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