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Supporting information  

S1. Data cropping 

Data was prepared before applying CNN-based single hit diffraction patterns classification. The 

region of interest on all diffraction patterns from the data set D was cropped as it is shown in Fig. S1. 

 

Figure S1 Illustration of data cropping before sending to the input of a CNN. The center of 

diffraction pattern is located around the center of the bottom part of the only operational detector 

plane with dimensions in pixels 1024 × 512. The area surrounding the center of each diffraction 

pattern with dimensions in pixels 192 × 96 is cropped (white dotted rectangle). The cropped part is 

used as an input of a CNN. (a) Single hit examples, (b) non-single hit examples. 

 

S2. VGG 

The main studies in the field of CNN classification of single hits were carried out with the network 

architecture pre-activated ResNet-18 described in the main part of the paper. In order to investigate an 

effect of CNN depth required for the specific task of single hit classification, a VGG-style network 

was implemented within the same pipeline. This network is realized as a plain sequence of 

convolutional layers organized in four downsampling stages (Fig. S2). The activation function is 

ReLU. Batch normalization layer precedes each convolutional layer, except the first one. 

Dimensionality reduction is realized via maximal pooling. The number of filters in the convolutional 

layers of the first stage is 16. It rapidly grows up to 256 at the last stage. This growth is intentionally 

fast. It allows to extract more higher level features while preventing the network from growing in 
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depth. Global average pooling is used to linearize the final feature representation of the shape 12 x 16 

to a feature vector used for classification. 

 

Figure S2 VGG-style network architecture. We use a simple VGG-style network for comparison. It 

has the same input size of 192 x 96. It processes the input in four downsampling stages. 

Downsampling is implemented via maximal pooling. The convolutional layer of the first stage has 16 

filters. The number grows up to 256 filters for the fourth stage. Global average pooling is used to 

linearize the final feature representation of the shape 12 x 16 to a feature vector used for 

classification. 

 

Training, validation and test follow the same procedure described for Resnet-18. The results for 

relevant metrics for five-fold cross-validation is shown in Table S1. Test performance metrics for the 

VGG-style network (Table S2) is similar to that of Resnet-18 (Table 3 in the main text). This is an 

indication that the choice of network depth within the investigated limit has negligible effect. Thus, a 

simple VGG-style network can be sufficient for the task. 

Table S1 VGG five-fold cross-validation results (n=20,000 training samples). 

F1 score 0.678 

Precision 0.656 

Recall 0.72 

Predicted single hits 113 
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Table S2 VGG test set results (n=171,183 test samples). 

F1 score 0.727 

Precision 0.78 

Recall 0.681 

Predicted single hits 1,130 

 

S3. Details on CNN training and validation  

We train the network with stochastic gradient descent using the Adam optimizer (Kingma & Ba, 

2014), a minibatch size of 64 and an initial learning rate of 10-4. The standard cross-entropy loss 

function is used. Samples within minibatches are sampled randomly with replacement. We modify the 

sampling probabilities such that on average 2% of the presented samples are single hits. We define an 

epoch as 50 training iterations and train for a total of 1,000 epochs (50,000 iterations). The learning 

rate is reduced each epoch according to the polyLR schedule presented in (Chen et al., 2018). 

For model development we used five-fold cross-validation on the training set. The resulting five 

models are then used as an ensemble for test set predictions. Ensembling is implemented via softmax 

averaging, followed by thresholding at 0.5 to obtain the final predictions. 

Below are the details on learning rate scheduler, five-fold cross-validation procedure and softmax 

averaging implemented to make the final prediction of the CNN model. 

S3.1. Polynomial learning rate (polyLR) policy 

Learning rate is one of the most important hyper-parameters in any neural network optimization 

process. It controls the speed of network convergence in the training process. One of the most 

common algorithms of minimization of loss function is stochastic gradient descent (SGD). SGD first 

computes the gradients of the loss function with respect to all model parameters using an algorithm 

called back-propagation and then updates the model weights w as follows: 

𝑤𝑤𝑖𝑖+1 = 𝑤𝑤𝑖𝑖 − 𝜂𝜂 ∙ 𝜕𝜕𝜕𝜕
𝜕𝜕𝜕𝜕

,        (S1) 

where L is the loss function, i is iteration number, nu is learning rate. A conventional approach to 

control convergence of a model is to set an initial value of learning rate and let it decrease over time. 

Here we use a learning rate scheduler called polynomial learning rate policy (polyLR) (Chen et al., 

2018). The learning rate is changed during training according to the equation: 

𝜂𝜂 = 𝜂𝜂0 ∙ (1 − 𝑖𝑖
𝑇𝑇𝑖𝑖

)𝑝𝑝𝑝𝑝𝜕𝜕𝑝𝑝𝑝𝑝,        (S2) 
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where Ti is the total number of iterations during training. 

S3.2. K-fold cross validation 

Cross-validation is a procedure used to evaluate machine learning models on a limited dataset size, i. 

e. the amount of data is too small to draw robust conclusions using a conventional training and 

validation split. The procedure of k-fold cross-validation is the following. The entire data set available 

for training and validation is shuffled and split into k groups. For each unique group, the data from 

this group becomes the validation data set; the respective training data set consists of the other k-1 

groups. As a result, there are k individual trained models. The performance metrics are then defined 

by average performance of these models. 

We chose k=5 for developing our models. Final performance on the test set is obtained by using the 

resulting five models as an ensemble, as described in the following section. 

S3.3. Ensembling via softmax averaging 

Ensembling refers to combining predictions from multiple machine learning models. It is a commonly 

used strategy to reduce the variance of the models and increase the overall quality of the predictions. 

In the case of image classification (which is the setting used in this publication), ensembling can be 

implemented via softmax averaging. Here, this is implemented in the following way: Each CNN 

model issues a prediction for each diffraction pattern of the test data set providing single hit 

probability (ranging from 0 to 1). The average of five predictions, one for each model, is then the 

single hit probability for the ensemble. We put a threshold for the average single hit probability to 

obtain the final prediction. Diffraction patterns with final probability above 0.5 are classified as single 

hits. 

S3.4. Details on data augmentation 

Data augmentation is a powerful tool to improve the robustness of models trained on a limited number 

of training cases. By running transformations on the training cases, new images are generated that 

direct the models to learn better generalizing features and thus ultimately improve their generalization 

capabilities on the test set. We use the following transformations from the ‘batchgenerators’ 

framework1: random rotations, scaling, elastic deformation, gamma augmentation, Gaussian noise, 

Gaussian blur, mirroring, random shift and cutout. 

Random rotation is a common augmentation technique when a source image is rotated clockwise or 

counterclockwise by some number of degrees. This changes the position of the object in the image. In 

                                                      
1 https://github.com/MIC-DKFZ/batchgenerators 
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random rotation of the image its corners are cut off, after rotation the new corners are filled with 

padding. 

Scaling can be done outward or inward. When scaling inward, the resultant image size is larger than 

the original image size. A section is cut out from the resultant image to make the size equal to the 

original image. When scaling outward, the size of the image is reduced, the missing part is filled with 

padding. 

Obtaining an augmented image using elastic deformations is done in two parts. First, a random stress 

field is generated for horizontal and vertical directions with randomly sampled values: 

Δx = G(σ)∙(α ∙Rand(n, m)) 

Δy = G(σ)∙(α ∙ Rand(n, m)),      (S3) 

where G(σ) is the strength of the smoothing operation given by the standard deviation of the Gaussian 

filter σ, α is a parameter defining the maximum value for the random initial displacement, n and m are 

the image dimensions. After that, the stress field is applied to the image by moving each pixel to a 

new position (Eq. S4) using spline interpolation of order one to obtain pixel values at integer 

coordinates: 

𝐼𝐼𝑑𝑑𝑝𝑝𝑑𝑑𝑝𝑝𝑝𝑝𝑑𝑑𝑝𝑝𝑑𝑑(𝑗𝑗 + ∆𝑥𝑥(𝑗𝑗,𝑘𝑘),𝑘𝑘 + ∆𝑦𝑦(𝑗𝑗,𝑘𝑘) = 𝐼𝐼(𝑗𝑗,𝑘𝑘) ,    (S4) 

where I and Ideformed are the initial and deformed images, j and k are pixel coordinates. 

Gamma augmentation is a nonlinear operation used to encode and decode luminance in images, it is 

defined by power-law expression: 

V = AUγ,        (S5) 

where V is resultant pixel value, U is initial pixel value, A is a constant, γ is a parameter. 

Gaussian noise is an additive noise type, where the intensity value in a pixel with the coordinates (x,y) 

for the noisy image is given by the expression: 

N(x,y) = A(x,y) + B(x,y),       (S6) 

where the A(x,y) in the pixel value of the original image, B(x,y) is the added noise. The added value 

of noise is defined by probability density function of Gaussian random value is indicated in equation: 

𝑝𝑝(𝑧𝑧) = 1
√2∙𝜋𝜋∙𝜎𝜎

∙ 𝑒𝑒
−(𝑧𝑧−𝜇𝜇)2

2∙𝜎𝜎2 ,       (S7) 

where σ and μ are standard deviation and mean values, z is pixel value. 

Gaussian blur is a type of image-blurring filter that uses a Gaussian function for calculating the 

transformation to apply to each pixel in the image. The response of the Gaussian filter in two 

dimensions is described by 
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𝑔𝑔(𝑥𝑥,𝑦𝑦) = 1
2∙𝜋𝜋∙𝜎𝜎2

∙ 𝑒𝑒−
𝑥𝑥2+𝑦𝑦2

2∙𝜎𝜎2 ,      (S8) 

x and y are the distances from the filter origin in the horizontal and vertical directions, respectively. σ 

is the standard deviation of the Gaussian distribution. 

Mirroring implies flipping images along vertical and horizontal axes. 

Random shift is a transformation when the image as a whole is shifted horizontally and vertically by a 

random number of pixels. The missing parts at the edges appeared due to these shifts being filled with 

padding. 

Cutout is a data augmentation technique that randomly masks out square regions in images. These 

regions are of random size, appear in random positions in the image and filled with padding. 

 

S4. Particle size determination 

Particle size determination was implemented to the initial set D by fitting the power spectral density 

(PSD) function of each diffraction pattern with the PSD of diffraction pattern from the spherical 

particles in a range of sizes from 30 to 300 nm and was described in (Assalauova et al., 2020).  

 

S5. Application of EM algorithm 

Task of a single hit classification in cryogenic electron microscopy (cryo-EM) is commonly solved 

with this approach (Dempster et al., 1977; Scheres et al., 2005). The EM classification algorithm is 

designed to distribute the whole data set into a predefined number of clusters. On each iteration, 

probabilities of patterns to be assigned to each cluster are calculated and cluster models are updated 

by weighted averaging of the associated patterns, where weights are determined by obtained 

probabilities. After the algorithm converges, one can manually select the required clusters which 

correspond to the particle under investigation. 

If one considers the contrast of the PSD function as a criterion for best reconstruction, the EM 

algorithm outperforms CNN classification. EM-based algorithm was applied to the diffraction 

patterns selected by CNN: MaxF1 and moreSH data sets, containing 1,257 and 2,086 patterns 

respectively. Both selections were distributed into 20 classes (example of distribution for MaxF1 data 

set is in Fig. S3) and after 10 iterations of the algorithm, the obtained classes were inspected. Some of 

them clearly contained diffraction patterns of the virus and the rest ones contained other scattering. 

Classes of interest were selected manually by the 6-fold symmetry expected from the virus. In the 

case of the MaxF1 data set, classes 3, 6, 9, 12, 16, 19 (highlighted with red title) were considered to 
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contain patterns of interest. The final numbers of the diffraction patterns before and after applying 

EM-based algorithm are presented in the main text in Table 4.  

Below are computing times to obtain DEM selection by size filtering of 191k diffraction patterns and 

performing the EM algorithm on 18k patterns in the size range 55-84 nm. Size estimation takes 16 

min 26s. It is single threaded and do not really benefit from many cores. Extraction and saving of 

filtered data take: 20 min 37 s. It is limited by storage read and write speed. EM classification takes 26 

min 16 s for 10 iterations. For 5 classifications it is 2 h 11 min 20 s. Calculations were performed on a 

computer cluster node (max-exfl027) with 2 Intel E5-2698 v4 @ 2.20GHz. It is 40 cores and 80 

threads total. The node also has 512GB of memory, but it is barely used by EM. 

 

Figure S3 EM-based classification of single hit diffraction patterns for MaxF1 data set. Data were 

distributed into 20 classes, Classes 3, 6, 9, 12, 16, 19 were selected as containing diffraction patterns 

of PR772. These classes contain 893 patterns in total.  
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S6. Orientation determination results for different data selections 

Orientation determination of the diffraction patterns was performed by using Expand-maximize-

compress (EMC) algorithm (Loh & Elser, 2009) in the software Dragonfly (Ayyer et al., 2016). The 

result of such a procedure is the 3D intensity distribution of the investigated particle (Fig. S4).  

 

Figure S4 Result of orientation determination. 2D central slice of 3D intensity distribution for 

MaxF1 with the size filtering applied (a), MaxF1 with the EM algorithm and size filtering applied (b), 

moreSH with the size filtering applied (c), moreSH with the EM algorithm and size filtering applied 

(d). Black scale bar in denotes 0.5 nm-1, vertical and horizontal axes denotes qz and qy directions, 

respectively.  

 

Background level as the mean signal in the high q-region, was subtracted from each data set: MaxF1 

with the size filtering applied, MaxF1 with the EM algorithm and size filtering applied, moreSH with 

the size filtering applied, moreSH with the EM algorithm and size filtering applied; results are shown 

in Fig. 6 and Fig. S5. 
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Figure S5 Reciprocal space representation for different data selections. (a,b) 3D intensity 

distribution and its 2D cut of MaxF1 with the size filtering applied data selection. (c,d) 3D intensity 

distribution and its 2D cut of moreSH with the size filtering applied. (e,f) 3D intensity distribution and 
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its 2D cut of moreSH with the EM algorithm and size filtering applied. All diffraction patterns are 

shown in logarithmic scale. Black scale bar in (a,d,f) denotes 0.5 nm-1. 

 

S7. Resolution 

In order to numerically measure the difference between electron density reconstruction results from 

different data selections, we calculated Fourier-shell correlation (FSC) resolution (Harauz & van 

Heel, 1986). For the FSC-analysis the data set was divided into two sets, each of them oriented, 

reconstructed and then compared to each other. As for the resolution criterion, the 1/2-bit threshold 

(van Heel & Schatz, 2005) was used and is related to the signal-to-noise ratio of the two 

reconstructions. The resolution estimation is the intersection point of the 1/2-bit threshold with the 

FSC-curve. 

Obtained FSC resolution for all four data sets (MaxF1 and moreSH with/without EM algorithm 

applied, with/without size filtering applied) fluctuates from 5.8 nm to 8 nm and is shown in Table S3 

and Fig. S6. Applied EM algorithms for the CNN-based classification could improve the 

reconstruction result by several nanometers in terms of FSC resolution. And CNN-based single hit 

diffraction patterns classification by itself with size filtering applied could give quite good resolution. 

In comparison with the previous EM selection (Assalauova et al., 2020) with 6.9 nm resolution, the 

results obtained in this work showed overall agreement in virus structure (Fig. 7) and FSC resolution, 

the difference varies +/- 1 nm. The best result appeared to be MaxF1 with the EM algorithm and the 

size filtering applied selection - with the FSC resolution of 5.8 nm. Corresponding inner structure 

(Fig. 7(c)) and 2D central slice (Fig. 7(d)) demonstrated only slight variance from the previous work 

(Assalauova et al., 2020).  



 

11 

 

 

Figure S6 Fourier shell correlation resolution for different data selections. In all cases 1/2-bit 

threshold (red dashed line) was used. (a, b) Resolution for MaxF1 with size filtering applied (a) and 

MaxF1 with EM algorithm and size filtering applied (b). (c, d) Resolution for moreSH with size 

filtering applied (c) and moreSH with EM algorithm and size filtering applied (d).  

 

Table S3 FSC resolution for different data selections. 

Data set FSC resolution, nm 

MaxF1 + size selection 8 

MaxF1 + EM + size selection 5.8 

moreSH + size selection 6.4 

moreSH + EM + size selection 5.9 
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