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Monitoring propeller failures is vital to maintain the safe and reliable operation of quadrotor UAVs. The simulation-to-reality UAV propeller
damage detection technique offers a secure and economical approach to identify faults in propellers. However, classi iers trained with sim-
ulated data perform poorly in real lights due to the wind disturbance in outdoor scenarios. In this work, we propose an uncertainty-based
fault classi ier (UFC) to address the challenge of sim-to-real UAV propeller damage detection in windy scenarios. It uses the ensemble of
difference-based deep convolutional neural networks (EDDCNN) to reduce model variance and bias. Moreover, it employs an uncertainty-
based decision framework to ilter out uncertain predictions. Experimental results demonstrate that the UFC can achieve 100% fault-
diagnosis accuracy with a data usage rate of 33.6% in the windy outdoor scenario.
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1. Introduction

The utilization of quadrotor unmanned aerial vehicles
(UAVs) has gained popularity in diverse domains, includ-
ing search-and-rescueoperations andhomeland security [1].
However, UAV propellers are susceptible to damage while
in operation (refer to Fig. 1), primarily due to unexpected
occurrences such as collisions with buildings or trees. Such
damage poses a threat to the successful completion of the
UAV’s mission andmay result in signi icant harm to both the
UAV itself and the surrounding individuals. Hence, regular
monitoring of the quadrotor propellers is imperative. Early
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identi ication of propellermalfunctions enables prompt UAV
recall, thus mitigating further damage.

Recently, data-driven approaches have gained consider-
able attention in the ield of UAV propeller damage detec-
tion [3, 4]. In contrast to model-based methods [5], data-
driven techniques do not depend on a system model. In
these approaches, deep neural networks (DNNs) served as
the fault classi ier and were trained using light data [6]. The
DNN fault classi iers operate in an end-to-end fashion and
do not require additional feature extraction. Compared to
other areas of data-driven fault diagnosis, such asmachinery
fault diagnosis [7], obtaining data on UAV faults is challeng-
ing due to the potential risk of drone crashes resulting from
light with a faulty propeller. To mitigate the risk of collect-
ing data in real light, training the real-world fault classi ier
with simulation data is much safer and cheaper. This idea,
referred to as simulation-to-reality (sim-to-real), is widely
used for robot control [8, 9]. Recently, the sim-to-real idea
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Fig. 1. Example of broken propeller [2].

has been adopted in fault diagnosis domain, such as bearing

fault diagnosis [10]. Zhang et al. [2] presented the difference-

based deep convolutional neural network (DDCNN), which

successfully addressed the sim-to-real UAV propeller dam-

age detection problem in indoor scenarios. However, when

conducting outdoor missions, UAVs are subject to wind dis-

turbances that can significantly impact their performance.

The effects of wind on UAVs also pose a significant challenge

to fault classifiers.

The aim of this research is to develop an accurate sim-

to-real fault classifier capable of detecting UAV faults in out-

door windy environments. In order to achieve this objective,

we present the uncertainty-based fault classifier (UFC) to

filter out uncertain predictions and retain highly confident

ones, which in turn enhances the accuracy and reliability of

the diagnostic results. In addition, DDCNN ensemble (EDD-

CNN) is presented as the low-level fault classifier under the

framework of UFC. It can mitigate the variance and bias of

the DDCNNmodel. To sum up, the contributions of this study

are outlined as follows,

• UFC is presented to enhance the confidence of the UAV

fault classifier in its predictions. It allows for more accu-

rate and reliable identification of UAV faults in challenging

outdoor environments.

• The EDDCNN model is presented to reduce the variance

andbias of theDDCNNmodel. It also provides a better esti-

mate of the predictive uncertainty than the single DDCNN

model.

• WithUFC, the EDDCNNmodelwith tenDDCNNmodels can

achieve 100% classification accuracy with a data usage of

33.6%.

The rest of this work is structured as follows. A concise

overview of the relevant literature is given in Sec. 2, then

the problem description is presented in Sec. 3. In Sec. 4, we

introduce our proposed solution, the EDDCNN model and

UFC, describing their respective features and benefits. We

then provide a comprehensive performance analysis of our

approach, including model training and evaluation, in Sec. 5.

Lastly, we draw conclusions and give potential future direc-

tions in Sec. 6.

2. RelatedWorks

2.1. Data-driven UAV propeller damage detection

Recently, data-driven approaches have shown great poten-

tial in diagnosing the propeller fault in quadrotor UAVs [11].

Yang et al. [12] proposed a deep residual shrinkage network

to classify the fault of UAVpropellers. The trained fault classi-

fier showed good diagnosis accuracy in real flight data. How-

ever, the trained data and the testing data were collected

in the same scenario, the capability of diagnosing the UAV

in different scenarios, such as in different wind conditions,

was unknown. Besides, Park et al. [4] presented a method

based on stacked pruning sparse denoising auto-encoder for

UAV fault detection, which demonstrated good performance

in noisy scenarios thanks to the use of the auto-encoder. Li

et al. [13] also presented an approach using siamese neu-

ral network [14] for diagnosing fixed-wingUAVswith limited

training samples, but its performance advantage was lim-

ited to such scenarios. Its performance became comparable

to conventional classifiers like support vector machine [15]

when the training sample size increased. Zhou et al. [16]

introduced a landing platform designed to diagnose UAV

faults before flight. However, this method is not applicable

for detecting faults that occur during flight. In [17], vibration

data are combinedwithAI-based techniques to identify rotor

failures in multirotor vehicles. Moreover, González et al. [18]

proposed a novel fault detection method that can identify

any rotor failure in UAVs. However, these methods are not

designed to detect faults in windy conditions.

An alternative approach to using UAV state information

for propeller damage detection tasks is to utilize the audio

signals received by an external microphone array. For exam-

ple, Katta et al. [19] used convolutional neural networks

(CNNs) [20] to classify theMel-frequency cepstral coefficient

(MFCC) features of audio signals for fault type identification.

However, for the aboveworks, the use ofmalfunctioning UAV

for data collectionposes a significant safety hazarddue to the

possibility of unexpected behavior. Zhang et al. [2] proposed

DDCNN, which used simulated data as input and achieved

high accuracy in indoor real-world scenarios. However, the

performance of DDCNN will degrade rapidly in windy out-

door scenarios, which will be given in Sec. 5.3.

2.2. Uncertainty-based fault diagnosis

In recent years, uncertainty-based methods have received

increasing attention in the field of fault diagnosis. Han et al.

[21] used predictive uncertainty and deep ensemble to help

address the out-of-distribution (OOD) problem in machin-

ery fault diagnosis. Once the uncertainty value was above

a threshold, the diagnostic system turned to human inter-

vention. However, when the target domain differed a lot

from the source domain, such as sim-to-real and wind dis-

turbances, many samples may produce high uncertainty

values. Such samples must be checked by human experts,

whichmaymake the autonomous diagnostic system human-

controlled. Guo et al. [22] used prediction uncertainty to

detect faults in fixed-wing UAV actuators. The uncertainty
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Table 1. Labels of five fault categories.

Propeller No. label 1 label 2 label 3 label 4 label 5

Propeller 1 healthy faulty healthy healthy healthy

Propeller 2 healthy healthy faulty healthy healthy

Propeller 3 healthy healthy healthy faulty healthy

Propeller 4 healthy healthy healthy healthy faulty

was estimated using prediction residual calculated by an

LSTM-based approximator. However, the fault samples were

created from artificially modified healthy flight signals from

the same domain, and the cross-domain performance of the

method in detecting real faults was unknown. In addition,

Zhou et al. [23] applied predictive uncertainty to detect

unknown faults in bearing fault diagnosis. In the presented

decision process, unknown faults were detected when the

uncertainty value was high. However, their decision frame-

work did not take into account the influence of external dis-

turbances. For example, for thediagnosis ofUAV faults, an all-

healthy sample may yield high predictive uncertainty under

wind disturbances.

3. Problem Description

The problem of identifying faulty propellers in quadrotors

can be approached through a classification framework with

five distinct categories, including one for all-healthy and four

for various faults, as outlined in Table 1. In this paper, we

do not address simultaneous fault detection due to its rarity

and our preemptive recall mechanism upon detecting a sin-

gle fault. To train the classifier, the flight data of thequadrotor

are utilized. The same as [24], our paper employs the angular

accelerations (𝑝̇, 𝑞̇, 𝑟̇) and the square of the propeller rota-

tional speed (𝜔2
𝑖=1,2,3,4

) as input at step time 𝑡, denoted by 𝑥𝑡
as follows:

𝑥𝑡 =
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, (1)

where the variable 𝐿 represents the length of the time win-

dow. The goal of the classifier is to categorize each input sam-

ple into one of the five categories listed in Table 1, based on

their respective outputs.

This study trains the classifier using simulated samples

and all-healthy samples from actual flights, since acquiring

samples with faulty propellers from real flights poses risks.

After training, the classifier is applied to detect UAV faults

in windy outdoor scenarios. This sim-to-real classification

problem is essentially a cross-domain classification chal-

lenge, where the simulation domain represents the source

domain and the real-world domain serves as the target

domain. Due to the domain gap induced by installation error

and unexpected wind, this cross-domain classification prob-

lem is highly challenging. The main objective of our paper is

to develop a classifier using simulated data and all-healthy

real flight data that can accurately identify UAV faults in out-

door windy scenarios.

4. Approach

In this section, we describe how model uncertainty is calcu-

lated andhow touseuncertainty of the prediction to improve

the accuracy of fault classifier.

4.1. Overall framework

The overall framework of the proposed approach is given in

Fig. 2. As shown in the training part of the framework, 𝑁

fault classifiers are trained individually with the simulated

training samples to learn the fault classification task. In this

paper, difference-based deep convolutional neural network

(DDCNN) [2] is utilized as the fault classifier due to its high

performance for propeller damage detection in indoor sce-

narios. During training, each DDCNN is initialized with dif-

ferentweights. The purposes of usingmultiple classifiers are

using model ensemble to reduce training variance and bias

and to get a better estimation of the model uncertainty.

In addition, the same as [2], all-healthy samples col-

lected from a single flight before the task serves as the train-

ing data for the domain adaptation (DA) task. The objective

of DA is to reduce the bring the distributions of all-healthy

samples in simulation closer to the counterpart in real flight.

The training loss of the DDCNNmodel is as follows:

ℒ = ℒ𝑐 + 𝜆ℒ𝐷𝐴, (2)

where ℒ𝑐 denotes the cross entropy loss for classification;

ℒ𝐷𝐴 denotes the DA loss; the factor 𝜆 is a constant that

Fig. 2. Framework of the proposed approach.
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Algorithm 1. EDDCNN training procedure

1 Initialize parameters of the 𝑁 DDCNNs 𝜃1, 𝜃2, … , 𝜃𝑁;

2 Input: training Dataset A, all-healthy real-flight

Dataset B;

3 Copy the all-healthy category in Dataset A and

Dataset B into Dataset D and E;

4 formodel number 𝑖 = 1, 2, …, do

5 for epoch= 1, 2, …, do

6 for training step= 1, 2, …, do

7 Randomly sample𝑚 samples from

Dataset A, B, D and E into a mini-batch

ℳ𝐴,ℳ𝐵,ℳ𝐷 andℳ𝐸;

8 Updating the 𝜃𝑖 by minimizing total loss

ℒ in (2) using gradient decent;

9 end

10 end

11 end

12 Combine the 𝑁 trained DDCNNmodels into

EDDCNN using (3);

13 Calculate the uncertainty threshold 𝑇 using Dataset

B and (9);

14 Output: EDDCNN with uncertainty threshold 𝑇;

weighs the contribution of the DA loss. Detailed descriptions

of DDCNN can be found in [2].

In the testing phase, the trained 𝑁 classifiers are com-

bined into classifier ensemble. In this paper, we choose the

commonly-used model average method to build the classi-

fier ensemble.When diagnosing a real flight sample, the clas-

sifier ensemble can give a prediction with predictive uncer-

tainty. When the uncertainty value is higher than a given

threshold, the prediction is considered unreliable andwill be

discarded; otherwise, the prediction will be selected as the

final decision.

4.2. Soft voting

Once the𝑁 classifiers are trained, theywill be combined into

the classifier ensemble using the ensemble learning algo-

rithms. As DDCNN is chosen as the fault classifier, the out-

put of the classifier is the probability of each fault calculated

by the softmax function. In this paper, soft voting [25], a fre-

quently used ensemble learning method for DNNs, is chosen

to combine the class probability outputs of the 𝑁 classifiers.

It averages the probability outputs of the 𝑁 classifiers and

can reduce the variance and bias of the classification results.

Using soft voting, the classification label 𝑦 using𝑁 individual

DDCNNmodels is as follows:

𝑦̄ = argmax
𝑗

1

𝑛

𝑁

�

𝑘=1

𝑒𝑧𝑗,𝑘

∑5
𝑖=1

𝑒𝑧𝑖,𝑘
, (3)

Algorithm 2. Decision process of UFC

1 Input: the input representation 𝑥𝑡 for flight data at

time step 𝑡;

2 Feed the sample 𝑥𝑡 to EDDCNN;

3 Calculate model uncertainty 𝐻 [𝑦 | xt] using (4);

4 if 𝐻 [𝑦 | x] < 𝑇 then

5 calculate the prediction result 𝑦̄𝑡 using (3);

6 else

7 Drop the result;

8 end

where 𝑧𝑗,𝑘 denotes the logits of the 𝑗th output neuron of the

𝑘th model. We refer to the DDCNN ensemble as EDDCNN.

4.3. Uncertainty-based fault classifier

Due to the external disturbance, such as wind, the fault clas-

sifier may not have confidence in its output. Different from

machinery fault diagnosis, the UAV propeller damage detec-

tion results must be reliable enough, i.e. ensuring 100%

accuracy. For example, incorrectly classifying the all-healthy

status into fault condition can lead to false recall of a work-

ing UAV and can result in mission failure. Therefore, for UAV

propeller damage detection, it is more important to ensure

the reliability of the results of each diagnosis than to improve

the accuracy of the classifier for all test samples. Predictive

uncertainty is a widely used metric to measure the confi-

dence of the classifier. When the predictive uncertainty is

high, the classification results are not reliable. With predic-

tive uncertainty, in this paper, we design uncertainty-based

rules to filter out unconfident predictions and select highly

confident results as the decision of propeller damage detec-

tion. We refer to such a classifier as an uncertainty-based

fault classifier (UFC).

In this paper, predictive entropy is chosen to measure

the uncertainty of the model because of its foundations in

information theory [26]. It represents the mean information

content present within the predictive distribution:

𝐻[𝑦 | x] ∶= −

5

�

𝑐=1

𝑝(𝑦 = 𝑐 | x) log𝑝(𝑦 = 𝑐 | x), (4)

where 𝑝 (𝑦 = 𝑐 | x) denotes the probability of 𝑐th category

on test sample 𝑥. As shown in (4), the maximum value of the

predictive entropy is achievedwhen all classes are predicted

with equal probabilities, which indicates the highest uncer-

tainty of the model. In addition, the minimum value of zero

is attained when one class has a probability of one and the

rest classes have a probability of zero, which indicates the

most confident prediction. As there are𝑁 individual DDCNN

models, the predictive distribution can be approximated as
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follows:

𝑝 (𝑦 = 𝑐 | x) =
1

𝑁

𝑁

�

𝑘=1

𝑝 (𝑦 = 𝑐 | x, 𝜃𝑘). (5)

With the prediction results in (3) and the calculated model

uncertainty 𝐻 [𝑦 | x], the final decision of the fault classifier

is as follows:

𝑦𝑡 = �
𝑦̄𝑡, if 𝐻 [𝑦 | x] < 𝑇,

Rejection, otherwise,
(6)

where 𝑇 denotes the uncertainty threshold. As shown in (6),

when the DDCNN model is confident in its prediction result,

i.e. 𝐻 [𝑦 | x] < 𝑇, the prediction will be accepted as the fault

detection result, otherwise, the prediction result is consid-

ered unreliable and will be rejected. Using UFC, the results

used for the final decision do not come from all the evaluated

samples, so we need to redefine the accuracy 𝛼 as follows:

𝛼 =
𝑄𝑝

𝑄𝑇
, (7)

where 𝑄𝑝 denotes the number of correct predictions; 𝑄𝑇
denotes the total number of predictions chosen by the UFC.𝛼

is not sufficient to evaluate the performance of UFC, as a high

𝛼 can be accompanied by a small 𝑄𝑇, which can significantly

reduce the efficiency of fault detection. Hence, we introduce

the secondmetric named data usage rate 𝜌𝑖, which is used to

measure the proportion of data that can be used to support

the final decisionof the fault classifier. It is defined as follows:

𝜌𝑖 =
𝑄𝑇,𝑖

𝑄𝑖
, (8)

where 𝑄𝑖 is the total number of samples in fault category 𝑖;

𝑄𝑇,𝑖 is the number of samples whose uncertainty values are

below the threshold 𝑇 in fault category 𝑖. As shown in (8), a

high data usage rate means more data can be used for fault

detection, which allows the fault classifier to diagnose faults

earlier. It should be noted that the data usage rate 𝜌1 for the

all-healthy category is not of concern, as failure to detect an

all-healthy sample does not result in any action by UAV in the

decision framework.

The objective of UFC is tomaximize the accuracy and the

data usage rate, and the uncertainty threshold 𝑇 is the key

factor to achieve a balance between the metrics. Choosing

a small threshold value can lead to more reliable diagnostic

results, but at the expense of data usage rate. In this paper,

the uncertainty threshold 𝑇 is calculated as follows:

𝑇 = max �argmax
𝜏

𝛼𝜏� , (9)

where 𝛼𝜏 is the testing accuracy conditioned on the thresh-

old 𝜏. Thedataset used to calculate𝛼𝜏 contains the all-healthy

samples collected before the task, which is the same dataset

used for domain adaptation. As shown in (9), the uncertainty

threshold is the highest value that can maximize accuracy,

which allows the highest data usage rate with the highest

precision. It should be noted that when both 𝑄𝑇 and 𝑄𝑝 are

zero, 𝛼𝜏 is also considered to be 100%, as this case has the

same effect as 100% accuracy in the other conditions. The

EDDCNN training procedure and the UFC decision process

can be found in Algorithms 1 and 2, respectively.

5. Implementation and Test

In this section, we introduce the training data and training

procedure for the EDDCNN model. After the training was

completed, the EDDCNN model was adopted by the UFC,

whichwas testedwith real flight data collected fromoutdoor

windy conditions.

5.1. Dataset description

As shown in Table 2, three datasets, i.e. Dataset A, B, and C,

were generated or collected in this work. Dataset A was gen-

erated in simulation using the simulator introduced in [27].

To simulate the impact of wind on the drone, we utilized the

model presented in [28], which correlates wind velocity and

direction to the bluff-body and the induced resistance oper-

ating on the UAV.

Dataset A consists of 7500 samples divided into five cat-

egories, with each category comprising 1500 samples. The

samples in each category were produced under three dif-

ferent wind conditions: no wind, 5 m/s, and 10 m/s wind

speeds. In order to collect samples for each fault category,

a simulated UAV was employed, which had to fly to spe-

cificwaypoints using an onboard controller. Figure 3(a) illus-

trates one of the UAV’s trajectories. Notably, the same way-

points were used for all five categories and wind conditions.

In addition, both training and testing utilized Dataset

B, which was obtained from an individual flight conducted

before the task. The data collection process required the

healthy UAV to navigate to specified waypoints in the out-

door scenario (see Fig. 3(c)), resulting in the collection of

1500 all-healthy samples. Dataset B served different pur-

poses in training and testing. In the training phase, it was

utilized to carry out domain adaptation, while in the testing

phase, it aided in computing the average features for the all-

healthy category in real-world situations and calculating the

threshold of uncertainty.

Dataset C, which comprises five categories, was

employed for testing purposes. The datawere collected from

real flights performed in the outdoor scenario shown in

Fig. 3(c), with 1200, 1200, 1200, 1150 and 900 samples

for Label 1 to Label 5, respectively. During flying, the aver-

age wind speed was around 3 m/s, and the gust speed was

around 6 m/s. The UAV was required to navigate to desig-

nated waypoints during data collection, with a human pilot
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Table 2. Description of quadrotor datasets using in training and testing.

Category label (fault location)

1 (None) 2 (Propeller 1) 3 (Propeller 2) 4 (Propeller 3) 5 (Propeller 4)

Dataset Name Data source Purpose Number of samples

A Simulation Training 1500 1500 1500 1500 1500

B Real flight Training for DA 1500 — — — —

C Real flight Testing 1200 1200 1200 1150 900

(a) (b)

(c)

Fig. 3. Data collection in simulation and real flight. (a) One of the UAV trajectories for data collection in simulation. (b) One of the UAV trajectories for data

collection in real flight. (c) Outdoor scenario for data collection in real flight.

taking control of the UAV’s controller when the onboard con-

troller malfunctioned. One of the flying trajectories is shown

in Fig. 3(b). Due to unknown reasons, the UAV did not fly to

itswaypoints for Label 5, and therefore the samples for Label

5were collected under the control of the human polit, result-

ing in fewer samples for this label. As shown in Fig. 4, prior

to collecting data for each fault category, one healthy pro-

peller was replaced by a broken propeller in the designated

position. It is worth noting that the damaged level of the bro-

ken propellers in the four locations varied.

5.2. Training details

We optimized the DDCNN model using Adam optimizer, set-

ting the learning rate to 3 × 10−4, mini-batch size to 128,

and themaximum training epochs to 10. Additionally, we set
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Healthy Propeller

Broken propeller installed in Propeller 1 

Broken propeller installed in Propeller 2 

Broken propeller installed in Propeller 3 

Broken propeller installed in Propeller 4 

(a) Broken propellers

Propeller 1 Propeller 3

Propeller 4 Propeller 2

(b) Real UAV model

Fig. 4. The real UAV model and broken propellers used in real-world data collection.

Table 3. Testing accuracy under different numbers ofmodels in EDDCNNand uncertainty threshold

in UFC.

the Dropout rate to 0.1 and 𝜆 = 0.05 for the DA coefficient.

The GPU used for training was an RTX 2080Ti, with each

model requiring approximately twominutes to complete the

training process. Each DDCNN model in the EDDCNN model

was trained with different random speeds. The uncertainty

threshold chosen for the 10-model EDDCNN model was 0.5.

The effect of the uncertainty threshold on the different EDD-

CNNmodels is examined in section 5.3.

3 5 7 10 20 30 40 50 60 70 80 90 100
Label 2 14.8% 19.3% 20.4% 21.2% 23.8% 22.9% 22.6% 22.8% 22.6% 21.8% 21.3% 21.7% 21.3%
Label 3 36.3% 39.8% 41.3% 45.6% 55.8% 47.0% 48.2% 47.8% 47.1% 47.4% 47.7% 48.1% 48.3%
Label 4 13.0% 24.0% 40.3% 39.0% 42.0% 39.7% 37.9% 37.0% 37.0% 35.7% 35.5% 35.6% 35.5%
Label 5 18.8% 20.9% 25.1% 28.8% 29.8% 29.2% 33.0% 33.7% 30.7% 28.7% 28.6% 29.4% 30.0%
Average 20.7% 26.0% 31.8% 33.6% 37.8% 34.7% 35.4% 35.3% 34.3% 33.4% 33.3% 33.7% 33.8%
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Fig. 5. Data usage rate of each fault category for different number of models.
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Fig. 6. Confusion matrix of the 10-model EDDCNNmodel without UFC.

5.3. Results and comparison study

Once trained, the EDDCNN model can make propeller dam-

age detection decisions using the proposed UFC. The diag-

nostics were performed after collecting the outdoor flight

data. During testing, we used a single-core Intel Xeon Gold

5120 CPU @ 2.20GHz for fault detection, with a processing

time of 45 ms per sample. It is important to note that due to

wind effects, the fault detection accuracy of DDCNN dropped

from 99.1% in indoor scenarios [2] to 56.2%. When apply-

ing EDDCNN, we first investigated the effect of the number

of models and uncertainty threshold on the testing accuracy.

Specifically,we summarized the accuracy ofmodels from3 to

100models at uncertainty thresholds ranging from0.4 to1.0.

(a) 𝑇 = 1.0 (b) 𝑇 = 0.9

Fig. 7. Confusion matrix of 10-model EDDCNNmodel with UFC under different uncertainty thresholds.

As shown in Table 3, without the support of our uncertainty-

based decision framework, the test accuracy was around

60% for the EDDCNNmodels with different numbers of base

classifiers. With the introduction of the uncertainty thresh-

old, the testing accuracy showed great improvement. When

the threshold reached 0.5, the use of 7 models could achieve

a testing accuracy of 100%, which was the ideal accuracy for

the diagnosis of UAV faults in the real world.

Based on the results presented in Table 3, we conducted

further investigation of the proportion of samples that con-

tributed to the 100%accuracy ofUFC. Specifically,weplotted

the data usage rate for each fault category with a different

number of models in EDDCNN when the UFC first reached

its 100% accuracy. As depicted in Fig. 5, with 10 models,

the average data usage rate reached 33.6%, indicating that

one-third of the total samples could be used to make a final

decision. Besides, when there is a higher level of damage

to the propeller, such as labels 3 and 4, the corresponding

data usage rate is also higher. In addition, the highest data

usage rate of 37.8% was achieved with 20 models. However,

increasing the number of models beyond 20 did not increase

the data usage rate. To strike a balance between the number

of models and the data usage rate, we selected the EDDCNN

model that comprised 10 models for the remainder of this

study.

To better understand the UFC filtering process, the con-

fusion matrices without and with UFC are plotted in Figs. 6

and 7, respectively. As depicted in Fig. 6, in the absence of

UFC, a substantial number of faulty sampleswere incorrectly

classified into the all-healthy category, while one-third of the

all-healthy samples were misclassified as faulty. However,

as the uncertainty threshold in UFC gradually decreased,

the misclassified samples were progressively filtered out.
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(c) 𝑇 = 0.8 (d) 𝑇 = 0.7

(e) 𝑇 = 0.6 (f) 𝑇 = 0.5

Fig. 7. (Continued )

(a) Label 1 prediction (b) Label 1 uncertainty

Fig. 8. The prediction result and uncertainty value at each time step for the five fault categories in outdoor real flight.
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(c) Label 2 prediction (d) Label 2 uncertainty

(e) Label 3 prediction (f) Label 3 uncertainty

(g) Label 4 prediction (h) Label 4 uncertainty

Fig. 8. (Continued )
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(i) Label 5 prediction (j) Label 5 uncertainty

Fig. 8. (Continued )

At a threshold value of 𝑇 = 0.7, none of the faulty samples

was misclassified as all-healthy. Subsequently, at a threshold

value of 𝑇 = 0.5, all of the all-healthy samples were elim-

inated by the UFC, and the remaining samples were accu-

rately classified. Although all of the all-healthy samples were

ultimately filtered out by the UFC, this did not have any

adverse impact on theUAV flight process, since no actionwas

taken.

5.4. Visualization of the testing result

In order to gain a deeper understanding of both the EDDCNN

model and the UFC decision-making process, we analyzed

the prediction results and uncertainty values at each time

step of the flying trajectories, as shown in Fig. 8. As shown,

the color coding in prediction figures (on the left) indicates

thepredicted labels of themodel at the current time step. The

color coding in the uncertainty figures (on the right) indi-

cates the degree of confidence that the model has in its pre-

dictions,with blue representing high confidence and red rep-

resenting low confidence. Since the time-window length of

the input signal was 8 s, the propeller damage detection pro-

cess began 8 s after the UAV took off. As depicted in Fig. 8(b),

the uncertainty values for the entire flight trajectory were

high, leading to the filtering out of prediction results by the

UFC. Moreover, as shown in Figs. 8(c)–8(j), all incorrect pre-

dictions were associated with high predictive uncertainty.

The prediction of UFC became more accurate when it was

confident in its predictions. This observation clarified why

our UFC can enhance the accuracy of the EDDCNNmodel.

6. Conclusion

In this paper, we have presented a feasible solution to the

challenging problem of sim-to-real UAV propeller damage

detection in a windy environment. By leveraging our pro-

posed EDDCNN model and UFC, we achieved a substantial

increase in the average accuracy of the classifier, from 58.3%

to 100%. Despite predictionswith high uncertainty being fil-

tered out by UFC, the average data usage rate for the four

fault categories can reach 33.6%, which is acceptable for

real flights. The visualization of the prediction and uncer-

tainty values made it easier to comprehend why our UFC

can improve the classification accuracy in outdoor real-flight

data. In the future, we intend to further enhance the data

usage rate of our UFC. Moreover, we plan to improve our

method to detect additional UAV faults, such as motor faults.
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