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Taking into account energy management and fire safety, electric bicycles are one of the most significant household loads that require real-time sensing for nonintrusive load monitoring. V–I trajectories, power quantities, and harmonic characteristics are the basic selection in feature space for appliance identification. Based on the study of the charging mode of electric bicycles, this study expands the V–I trajectory into V-△I trajectory for gaining the load signature with multi appliances working simultaneously. We perform linear interpolation and pixelation to obtain a bitmap of the V-△I trajectory. Meanwhile, active and harmonic features are encoded and combined to form a hybrid feature bitmap, which is unique to compensate for the high harmonic feature loss caused by the pixelation of the V-△I trajectory. Furthermore, we trained the DeiT model on the self-built dataset and UK-DALE dataset and performed two experiments under single and superposition working conditions for electric bicycles. Our case results indicate that the DeiT model using hybrid feature bitmap offers better overall precision in the prediction of electric bicycles, against other deep convolutional neural networks.
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1 INTRODUCTION
Benefiting from the cheap price and convenient usage, electric bicycles are an important means of transportation for people, especially in China and Southeast Asian countries, and the number of electric bicycles has exceeded 300 million in China.
However, due to poor product quality, illegal modification, and chaotic parking and charging, safety accidents such as fires caused by electric bicycle charging have frequently occurred, which seriously endangered users and their neighborhoods. According to the data from the Fire and Rescue Bureau of the Ministry of Emergency Management of China, there are about 2,000 electric bicycle fire incidents every year around China, and about 80 percent of the accidents occurred during the charging process. For instance, on 8 August 2020, three residents lost their lives in an electric bicycle fire in Gulou District, Nanjing City, Jiangsu Province.
From a security and management perspective, the charging electric bicycles become one kind of malignant load in the grid. The behaviors have high randomness and strong concealment, which cause low efficiency and a high missed detection rate in the human inspection executed by managerial staff. The simple and convenient way to handle this problem is to monitor the charging behavior all the time on the grid side.
Professor Hart proposed the concept of load monitoring in the 1980s (Hart, 1992). Also, the nonintrusive load monitoring (NILM) technology rapidly received a lot of attention from scholars around the world. By analyzing the bus current from a smart meter, NILM can monitor the start and stop of each appliance of residential users and sense the detailed electricity consumption in the household (Zoha et al., 2012). As a special household load, electric bicycles can be completely recognizable and sensed by NILM without any additional plug-in equipment in the household.
Generally, four main stages are vital in NILM, consisting of data collection, event detection, feature extraction, and load identification (Ruano et al., 2019). Relying on metering, data collection can obtain voltage, current, active power, reactive power, and other features at low frequency and gain harmonic, transient waveform, and other information at high frequency. Then, the load event should be detected for gaining the start and end time. Li proposed an algorithm for load event detection in smart homes based on wide and deep learning that combines the convolutional neural network and the soft-max regression (Li et al., 2021). As for data collection and event detection, electric bicycles follow many commercial plug-in devices and detectors of NILM.
In terms of feature extraction, the active, reactive, and apparent powers denoted as P, Q, and S, respectively, calculated from the time series of current variables are the most used features (Kelly and Knottenbelt, 2015a; Le et al., 2015). Some start-up transient feature parameters with clear physical meanings are designed for motor load identification (Liu et al., 2022). Also, many researchers apply different mathematical manipulations, such as fast Fourier transform (FFT) (Nguyen et al., 2017; Bouhouras et al., 2017), discrete wavelet transformation (DWT) (Chang H H et al., 2013), and Hilbert transform (HT) (Gabaldón et al., 2014), to deal with high-frequency time series and gain abundant information in the frequency domain, while a normalized steady-state voltage and current signals during one cycle called V-I trajectories are considered distinguishable load signatures (Hassan et al., 2013; Wang et al., 2018). In the study by Gao et al., (2015), contrast examples based on the PLAID public dataset certify that V–I trajectories have more advantages in identification than other high-frequency features.
The load identification algorithm can be divided into optimization approaches and machine learning methods (Zoha et al., 2012). With the improvement of the types of identification appliances, the NP dimension of the optimization gets bigger, and the efficiency of optimization is difficult to improve. However, the machine learning methods, represented by an artificial neural network (Chang et al., 2015), support vector machine (Su et al., 2019), and decision tree (Buddhahai et al., 2018), can build lots of classifiers through offline data training. Also, a convolution neural network implemented on hardware was used to identify the appliance through the voltage and current (V–I) trajectory. Showing 78.16% accuracy in the PLAID dataset, the CNN algorithm also has low processing time (5.7 ms) and power consumption (1.868 W) (Baptista et al., 2018).
The nonintrusive load identification models and algorithms almost focus on multiple classes of appliances and lack the identification method for a single special class such as electric bicycles. This study builds an electric bicycle sensing model based on a hybrid feature bitmap and DeiT. First, the hybrid feature bitmap, combined with V-△I trajectory features, power features, and high-harmonic features, is proposed in this study to avoid the information loss caused by normalization and pixelation of the trajectory. Then, this study incorporates the collecting electric bicycle charging data and other appliance data from the self-build dataset and the UK-DALE dataset into DeiT for training. In view of the single-class identification of electric bicycles, the positive data are the images of electric bicycles, and the negative data are other different appliances. Also, the case under multi-devices working at the same time is tested to effectively avoid the error identification problem of unknown electrical input. In addition, the main contributions/innovations of this study can be concluded as follows:
• By improving the V–I trajectory into V-△I trajectory, the feature of electric bicycle load becomes more unique and efficient for identification.
• This study proposes one novel hybrid bitmap construction method to gain the most suitable input data for subsequent image classifier.
• This study adapts the DeiT to realize the accurate identification of electric bicycle load in a single and complex working scene.
This study is organized as follows: the charging process of the electric cycle and its improved V-△I trajectory are presented in Section 2; Section 3 illustrates the construction of a hybrid feature bitmap of electric bicycles. Also, an electric bicycle identification model based on DeiT is provided in Section 4; Section 5 shows the practicability and effectiveness through examples, and finally, conclusions are drawn in Section 6.
2 CHARGING PROCESS AND THE V-△I TRAJECTORY OF ELECTRIC BICYCLES
2.1 Charging Process of Electric Bicycles
Similar to electric vehicles, electric bicycles are powered by batteries, widely known as nickel-metal hydride (NiMH) and lithium-ion (Li-ion) batteries, which require circulated energy supplement during reduplicated driving. As shown in Figure 1, the charger is essentially a single-phase AC/DC power supply with control voltage and current output capability.
[image: Figure 1]FIGURE 1 | Block diagram of the electric bicycle charger.
Due to the rectification and chopping links, there are a large number of odd harmonics in its output direct current. Figure 2 shows the charging current waveform directly, with a typical triangular wave appearing. Accordingly, the ratios of harmonic content are presented in Figure 3, which are particularly obvious on odd harmonics such as three, five, and seven times.
[image: Figure 2]FIGURE 2 | Current waveform during the electric bicycle charging.
[image: Figure 3]FIGURE 3 | Ratios of harmonic content during the electric bicycle charging.
The charging method directly impacts the safety, durability, and performance of batteries. An unscientific charging method can significantly reduce the life of batteries and cause danger. According to Young et al. (2013), there are three stages in common charging methods shown in the Figure 4.
1) Constant current stage. In the beginning, a large current should be applied to the battery to supply the energy at maximum speed. In order to maintain a constant current to the battery, controlled charging voltage is applied to the battery. However, the voltage of the grid side is basically unchanged, so the overall power is high and constant. In this scheme, the state of charge (SOC) will increase linearly and rapidly till the cut-off point constantly reaches the thermal or other chemical limits.
2) Constant voltage stage. Aimed at protecting the battery, the current has been adjusted to a smaller and more flexible value for batteries. Also, as the SOC of batteries increases, the current gradually decreases to a low level.
3) Mixed stage. The mixed stage is the combination of constant voltage and constant current methods. In this stage, the battery will be filled with less current and voltage.
[image: Figure 4]FIGURE 4 | Active power curve in three charging stage.
2.2 V-△I Trajectory of Electric Bicycles
The V–I trajectory refers to the mutual trajectory of the instantaneous voltage and the current waveform of the electrical load (Hassan et al., 2013), which is mathematically manifested as a function of the sampling voltage and the current over a cycle. Baets proves that the V–I trajectories of household loads can be extracted from the delta of voltage and current samples before and after the start-up event (De Baets et al., 2018). Figure 5 shows the shapes of the V–I trajectories of two kinds of collected electric bicycles.
[image: Figure 5]FIGURE 5 | V–I trajectories of two kinds of collected electric bicycles.
It is clear that the V–I trajectory exhibits distinct and easily distinguishable shape properties for electrical loads with different operating principles such as heating, motor driving, and electronic driving. At the same time, the voltage of the gird is relatively stable, and the voltage waveform of different loads is basically consistent. Therefore, the V–I trajectory can be equivalent to the current waveform characteristics of the reactive load device.
However, it should be noted that these V–I trajectories are drawn in the stable working state of the electric bicycles, without any other appliances working. When the electric bicycle load is started based on other appliances working, the steady-state current is the sum of the electric bike and other electric currents based on Kirchhoff laws. At this point, it is conceivable that the V–I trajectory of the mixed working state is severely distorted, as shown in Figure 6. The V–I trajectory under multiple appliances simultaneous operating cannot present the typical shape of electric bicycle load.
[image: Figure 6]FIGURE 6 | V–I trajectory of mixed state with electric bicycles and hairdryer both working.
Considering that the load equipment startup is a very short transient process, assuming that the working waveform of already-on appliances is completely unchanged before and after the start event of another electric load on these background appliances is reasonable. Therefore, the difference vector (△I) of the current waveforms before and after the start of the electric bicycles will filter the effect caused by other working appliances. The V-△I trajectories calculated by the current differences and voltage will return to the situation with only one device working, where the voltage vector can take any cycle near the start event. Moreover, there are many event detection methods for NILM, such as generalized likelihood ratio (GLR) (Berges et al., 2011) and log-likelihood ratio (LLR) (Anderson et al., 2012a). In this study, a modified CUSUM algorithm (Fang et al., 2020) with a fast and accurate detection effect is adopted.
Finally, the V-△I trajectories of the electric bicycle devices are only approximated, not identical, which are just like the Arabic handwritten letters. Correspondingly, the identification of the electric bicycles, similar to the Arabic handwritten letter recognition, adopts image construction methods and an image recognition model.
3 BUILDING THE HYBRID FEATURE BITMAP
In the Arabic handwritten letter recognition system, gaining the bitmaps is the first and significant step, which can reduce the complexity of characteristics and improve the accuracy of the subsequent identification. At the same time, the bitmaps cause the fuzzification of the images, which makes different devices in the same category share closer features.
3.1 The Linear Interpolation and Pixelization of the V-△I Trajectory
In order to effectively handle the V-△I trajectories within the same category, this study proposes a three-step mapping algorithm, mapping the V-△I trajectory into a binary bitmap where each cell is assigned one binary number.
Given that the V-△I trajectory is drawn from current and voltage samples whose frequency may not match or meet the requirement, the first step is to perform the linear interpolation for the V-△I trajectory using the formulas given by Hart, (1992); Zoha et al., (2012). Assuming that the number of the original current or voltage samples during one cycle is [image: image], the formulas given by Hart (1992) and Zoha et al. (2012) expand the current or voltage samples sequence.
[image: image]
[image: image]
In the formula given by Hart (1992) and Zoha et al. (2012), [image: image] is the number of interpolation points between the two original samples, [image: image] is the [image: image] sample in the original current sequence, and [image: image] is the [image: image] interpolation point between sample [image: image] and sample [image: image]. Similarly, [image: image] is the [image: image] sample in the original voltage sequence and [image: image] is the [image: image] interpolation point between sample [image: image] and sample [image: image]. The length of the expended current or voltage sequence is [image: image], also marked as [image: image].
The second step is normalization. Changing the values of current and voltage expended sequence per unit which ranges from 0 to 1 is necessary by formula (Ruano et al., 2019) and (Li et al., 2021).
[image: image]
[image: image]
In the formula given by Ruano et al. (2019) and Li et al. (2021), [image: image] and [image: image] are the [image: image] points in the current sequence before and after normalizing, respectively. [image: image] and [image: image] is the maximum and minimum value of the current sequence before normalizing, respectively. As for voltage, the [image: image], [image: image], [image: image], and [image: image] have the same computational properties.
The expended current and voltage sequences should be mapped into the bitmap in the third step, also called pixelization. Generally, the mapping process involves scanning each point in sequence and finding the location cell in the image which has m*m grid cells. The cells occupied by points in sequences will be colored in black, and unmatched cells will be white. A binary matrix, corresponding to a black-and-white bitmap, can be calculated by the formula given by Liu et al. (2022).
[image: image]
In the formula given by Liu et al. (2022), x and y are row and column indexes of matrix [image: image], respectively. [image: image] is the symbol of the ceiling. All values in the bitmap are initialized as zero, and each point will be mapped to the corresponding cell.
It is noted that the parameter [image: image] of linear interpolation in step 1 and the parameter m of the grid decide the degree of fuzziness of the bitmap. Under the same conditions, if the value of [image: image] and [image: image] is less, the bitmap of the [image: image] trajectory becomes more blurry. On the contrary, the bitmap is more close to the actual [image: image] trajectory images with larger [image: image] and [image: image]. Figure 7 is a typical bitmap of the [image: image] trajectory of electric bicycles.
[image: Figure 7]FIGURE 7 | Typical bitmap of the V-△I trajectory of electric bicycles.
3.2 Mixed Feature Bitmap
Not surprisingly, the normalized V-△I trajectories lack information about active and reactive power. Therefore, the bitmap of the household with the same working principle but different working power, such as laptop and television, is not considered. In addition, harmonic amplitude and phase, as the effective harmonic features, are also not considered.
To solve the problem caused by the normalization and pixelization of the V-△I trajectory and improve the accuracy of load identification, supplementary features such as active power, reactive power, and harmonic current should be added to the bitmap. This study proposes the mixed feature bitmap, combining the V-△I trajectory, active power, reactive power, and high odd harmonic currents from 5 to 15.
Each supplementary feature is just one single value within the real number fields, differing from the two-dimensional images. It is necessary to change the single value into a special image that only has one column of pixels. Before transforming, the normalization of the supplementary feature should be executed. After all, the units vary across the supplementary parameters. Also, the formula given by Kelly and Knottenbelt (2015b) shows the calculating process during all samples of the supplementary feature.
[image: image]
In the formula given by Kelly and Knottenbelt (2015a), [image: image] and [image: image] are the normalized and original values of the [image: image] supplementary feature, respectively, while [image: image] and [image: image] are the maximum and minimum values of the feature in all training samples, respectively.
After normalizing, the next step of gaining the hybrid feature bitmap is to encode and splice the image. First, each normalized feature, constantly within [0, 1], is expended to an integer within [image: image]. The binary code of this integer is the one-column bitmap for the feature. Horizontal splicing of binary codes of multiple features yields the bitmap of supplementary features, whose matrix expression form is [image: image] and [image: image] is the number of supplementary features. As shown in Figure 7, the hybrid feature bitmap [image: image] can be easily gained by combining the sub-bitmap of the V-△I trajectory and supplementary features.
4 THE IDENTIFICATION MODEL BASED ON DATA-EFFICIENT IMAGE TRANSFORMERS
Obviously, this study draws a black and white image for each sample, called a hybrid feature bitmap, containing the V-△I trajectory, active power, reactive power, and harmonic features. Just like one given Arabic handwritten letter system, electric bicycle load can be extracted and identified by convolutional neural networks (CNNs). In this study, the Data-efficient image Transformer (DeiT) model, which has achieved better results on the large dataset ImageNet, is used for electric bicycle recognition.
The transformer is a natural language processing (NLP) model proposed by Google in 2017 (Vaswani A et al., 2017). Based on the self-attention mechanism, it can not only be trained in a parallel way but can also capture global context information and mine the dependencies between long-distance information. In October 2020, Dosovitskiy proposed the Vision Transformer (ViT) model (Dosovitskiy A et al., 2020), an image classification scheme based entirely on the self-attention mechanism. It is also the first work in the CV field where the Transformer completely replaces standard convolution. However, the ViT model requires millions of datasets to achieve ideal accuracy and generalization ability, and it is difficult for most researchers and projects to obtain such large datasets and computing resources, especially in the field of electric bicycle identification. Therefore, Facebook proposed a Data-efficient image Transformer (DeiT) (Touvron H et al., 2021) model based on knowledge distillation in 2021, which efficiently reduces the amount of dataset and time required for training without declining the accuracy of ViT.
4.1 Transformer and ViT
The Transformer framework consists of an encoder and a decoder. The encoder comprises N identical encoder layers. Each encoder layer includes sub-modules such as multi-head attention, sum and norm layer, feed-forward neural network, etc. The decoder also comprises N identical decoder layers. In addition to including the same four sub-modules as the encoder, each decoder also adds a masked multi-head attention module to avoid subsequent information in the decoding process as known information to predict the current information.
The heavy use of the layer called self-attention is most special in Transformer. Also, the Attention mechanism imitates the internal process of biological observation behavior, and increasing the fineness of observation in some areas can quickly extract important features of sparse data. Self-attention is a variant of the attention mechanism, which reduces the dependence on external information and is better at capturing the internal correlation of data or features. The application of the self-attention mechanism in text mainly solves the problem of long-distance dependence by calculating the mutual influence between words. Multihead self-attention is the connection and mapping of multiple self-attention mechanisms. The purpose is to construct multiple sub-spaces and find correlations between input data from different angles so that multiple relationships and subtle differences can be encoded.
Compared with the traditional cyclic neural network, the Transformer network has no input sequence but adopts the idea of parallelization to speed up the operation so that the model can process the next sequence at the same time when the result of the previous sequence has not been revealed. Therefore, in order not to lose order, it is necessary to combine position embedding before inputting the sequence.
In order to convert the image into sequence data that can be processed by the Transformer structure, the two-dimensional image is first processed into blocks (sequence of flattened 2D patches), and then each image patch is flattened into a one-dimensional vector through a linear transformation (full connection layer). At the same time, position coding is introduced, and the position information of the sequence is added. In addition, a classification flag (class) is added before the input sequence data as a learnable embedding vector for outputting classification prediction.
4.2 DeiT Model
The DeiT model uses distillation to guide ViT to learn from the teacher model, achieving better performance than the teacher model and spending less training overhead than the original ViT.
The method involves adding a distillation token after the input patch tokens. This token is used for computing the first loss function in the learned representation and the label of the teacher model. The representation and ground truth corresponding to the original class token are used for the second loss, and finally, the learning results of the two tokens are used. After linear transformation, they are used together as inferred embeddings.
There are two loss functions called soft loss and hard loss shown given in the formula by Le et al. (2015) and Nguyen et al. (2017), respectively.
[image: image]
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where [image: image] and [image: image] are the logits of the student model and teacher model, respectively; [image: image] is the ground truth label; [image: image] is the value of the teacher prediction; [image: image] presents the softmax function; [image: image] presents the loss function of cross entropy; and [image: image] is the function calculating the KL divergence.
4.3 The Identification Process Based on DeiT
The overall flow of the electric bike recognition model based on DeiT presented here is shown in Figure 8. First, the high-frequency voltage and current data of all kinds of electrical appliances obtained are preprocessed. Subsequently, the trajectory image is generated, pixelated, and encoded to build a hybrid feature bitmap. Finally, the hybrid bitmap is used as an input to the image classifier, and the DeiT model is used for feature extraction and classification to complete the load recognition task.
[image: Figure 8]FIGURE 8 | Hybrid feature bitmap of electric bicycles.
5 CASE STUDY
5.1 Training Data Gaining
Generally, the example verification of the nonintrusive load identification algorithm uses standard load datasets, such as BLUED and PLAID. The existing datasets released by European and American scientific research institutes mainly focus on households in these areas. Table 1 shows the main features of the household load datasets with more number of references.
TABLE 1 | Main differences between popular load datasets.
[image: Table 1]Unfortunately, these datasets shown in the table are not well-suited for verification in this study. There are three main reasons for this. First, these existing load datasets lack the electric bicycle data. Second, the supply mode, voltage amplitude, and grid frequency for European and American users are quite different from those in China and Southeast Asia. Finally, the cases in which electric bicycle charging event happens under the ON-STATE appliances are also missed in these datasets, so the ability to identify the electric bicycles in more complex situations cannot be tested.
In order to solve the problem of lacking effective load data, a customized load data acquiring device which uses AD7685 from ADI as the core sampling chip, shown in Figure 9, is designed to use in this study. The schematic diagram of our device is shown in Figure 10. The collected data mainly include current, voltage, and active and reactive data at 1.6 kHz. Using this device, more than 507 pieces of data on electric bicycles and nearly 2,340 pieces of data on other household appliances under independent working were recorded separately. Meanwhile, 493 pieces of data on electric bicycles working with other appliances at the same time are also recorded.
[image: Figure 9]FIGURE 9 | Overall flow chart of this method. The physical picture of the data acquiring device.
[image: Figure 10]FIGURE 10 | Schematic diagram of the data acquiring device.
The shortcomings of the load types of existing datasets and the amount of data on self-built datasets are both considered. This study adopts part data from UK-DALE which is most similar to the operation of the Chinese distribution network and combines the self-built datasets and UK-DALE as the training set, which contain the electric bicycles under single and superposition working condition. The detailed composition of the training set is shown in Table 2, and the division of the dataset is shown in Table 3. Focusing on identifying electric bicycles, the positive examples in the data set are electric bicycle data, including electric bicycle superposition with other electrical appliances. The counter-examples are various other electrical appliances, including air conditioners and hairdryers. The final DeiT algorithm is a binary classification model.
TABLE 2 | Details of the self-built dataset.
[image: Table 2]TABLE 3 | Division of the self-built dataset.
[image: Table 3]In this study, the ResNet18, ResNet50, and ViT models are selected as comparative experiments, and Table 4 shows the detailed characteristic of different models. ResNet18 and ResNet50 are deep convolutional neural networks. Compared with other fully connected neural networks, the CNN uses convolutional kernels to greatly reduce the training parameters and has high training efficiency.
TABLE 4 | Characteristic of different models.
[image: Table 4]It can be concluded from the aforementioned table that DeiT has more model parameters than the CNN but far less than ViT, and the speed of processing images is much faster than that of ViT, while Table 5 shows the training strategy and hyperparameter settings of the model. In addition, two hyper-parameters for DeiT are set as [image: image].
TABLE 5 | Training strategy and hyper-parameter settings.
[image: Table 5]Moreover, the hardware environment of the load identification case study is briefly explained. The cases are executed using a 64-bit computer with NVIDIA Quadro RTX 8000 graphics card, Intel(R) CoreTM i5-7300HQ CPU, and 6G DDR4 memory. Also, Windows 10, Python 3.6, and Keras comprise the software environment in this study.
5.2 Case 1
The first case is executed using the testing dataset 1 in Table 3 to prove the effectiveness of this electric bicycle identification when other appliances are in off-state in one household. The results of case 1 are shown in Table 6. The results show that the DeiT model has an accuracy of 98.41% for the identification of electric bicycles without the interference of other electrical appliances, and the results are almost perfect.
TABLE 6 | Results of case 1.
[image: Table 6]Because the data set is relatively small, the loss function of the ViT model does not converge, the model fails completely, and the final accuracy rate approaches random probability. Compared with the traditional CNN deep learning model, the DeiT model has better performance in all four indicators.
Only focusing on monitoring the electric bicycles, the electric bicycle identification model based on DeiT is a binary classification model, explaining whether the turn-on device is an electric bicycle. It presents advantages in the accuracy of identifying compared with the multiclassification model. Figure 11 shows the accuracy bars of the DeiT classifier model with two to seven classes. Also, it is obvious that the accuracy of electric bicycles is decreasing with the increase in classification types.
[image: Figure 11]FIGURE 11 | Accuracy of electric bicycles under the two to seven classification DeiT model.
5.3 Case 2
The second case is executed using the testing dataset 2 in Table 3 to test the accuracy of the electric bicycle identification model when multiple appliances are working together. The results of the model on testing dataset 2 are shown in Table 7. The results show that the identification accuracy of the DeiT model under the superposition condition reaches 96.17%, which is lower than that of the single condition. The main reason is that the fluctuation of the superposition electrical appliance will still have a certain influence, but it still exceeds 95%, which can meet the requirements of NILM.
TABLE 7 | Results of case 2.
[image: Table 7]According to the results of case 2, the ViT model still fails completely, and the accuracy of the electric bicycles under the superposition state of other models is generally reduced, but the DeiT model still achieves the best performance, and the four indicators are better than the CNN.
6 CONCLUSION
This study proposes a new method for identifying and sensing the electric bicycle-based hybrid feature bitmap and DeiT. The main process is divided into three steps. First, adapting the complex superposition work situation, the original V–I trajectory is improved by using the current differences as mapping parameters. The second step is the construction of the hybrid feature bitmap for the V-△I trajectory. Finally, the electric bicycle identification model based on DeiT is established. Tests conducted in two cases have shown that the rate of successful identification is above 95% and strong robustness for handling the impact of the simultaneous working by multi appliances. It is believed that the proposed method makes electric bicycle monitoring more applicable.
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