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The automatic and accurate identi¯cation of apoptosis facilitates large-scale cell analysis. Most
identi¯cation approaches using nucleus °uorescence imaging are based on speci¯c morphological
parameters. However, these parameters cannot completely describe nuclear morphology, thus
limiting the identi¯cation accuracy of models. This paper proposes a new feature extraction
method to improve the performance of the model for apoptosis identi¯cation. The proposed
method uses a histogram of oriented gradient (HOG) of high-frequency wavelet coe±cients to
extract internal and edge texture information. The HOG vectors are classi¯ed using support
vector machine. The experimental results demonstrate that the proposed feature extraction
method well performs apoptosis identi¯cation, attaining 95:7% accuracy with low cost in terms of
time. We con¯rmed that our method has potential applications to cell biology research.
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1. Introduction

Apoptosis is an ordered and coordinated cellular
process occurring under both physiological and
pathological conditions; it is one of the topics most
studied by cell biologists.1 The morphological
characteristics of apoptosis in the nucleus are
chromatin condensation and nuclear fragmentation
accompanied by cell rounding, reduction in cellular
volume (pyknosis), and retraction of pseudopods.2

Chromatin condensation begins at the periphery of
the nuclear membrane, forming a crescent or ring-
like structure. Inside a cell with an intact mem-
brane, condensation continues until chromatin
breaks up; this feature is called as karyorrhexis.3 In
recent years, the automated high-content screening
(HCS) platform has been developed and applied to
the screening of apoptosis-related drugs and cell
biology research.4–6 A rapid and accurate automatic
identi¯cation method for apoptosis can greatly re-
duce the interaction between the operator and HCS
imaging system, improving the e±ciency of large-
scale cell analysis.7

Over the years, machine learning and deep
learning technologies have exhibited remarkable
performance in biomedical image classi¯cation.8–10

In particular, MobileNet,11 AlexNet,12 ResNet,13

local binary pattern (LBP),14 and gray-level co-
occurrence matrix (GLCM)15 have achieved desir-
able identi¯cation performance levels and have been
adopted for various biomedical imaging tasks.
Many researchers have designed algorithms speci¯-
cally for apoptosis identi¯cation. For example,
Mobiny et al. used a capsule network in phase-
contrast microscopy to extract the edge and inter-
nal texture of cells for apoptosis classi¯cation.16

Feng et al. used four classi¯ers with all the attri-
butes or active attributes of GLCM to identify ap-
optosis in di®raction images.17

Previous studies on apoptosis classi¯cation or
identi¯cation in nucleus °uorescence imaging were
mainly based on manually extracted features. For
example, a speci¯ed threshold of mean intensity is
used to distinguish between apoptotic and healthy
cells.18 However, uneven illumination intensities can
easily a®ect this method, and the threshold setting
is not universal. A more advanced method selects
nuclear morphological parameters (such as cell
stain intensity (e.g., using CellTracker dyes), size,
and roundness) as feature vectors.19,20 Binary
trees21 or other classi¯ers have been employed for

classi¯cation. However, manually assigned
morphological parameters cannot fully re°ect the
morphological characteristics of the nucleus, thus
a®ecting the ¯nal prediction.

This paper proposes a method based on the his-
togram of oriented gradients (HOGs) of high-
frequency wavelet coe±cients to identify apoptotic
cells in nucleus °uorescence imaging. The use of
HOGs instead of typical morphological parameters
enables the more complete description of the re-
presentation and shape of local objects. Further-
more, the method extracts HOGs by cells and
normalizes features by blocks (Sec. 2.4.2),22 elimi-
nating the in°uence of uneven lighting and contrast.
Before HOG extraction was implemented, wavelet
decomposition was applied to the image to separate
the high-frequency texture into horizontal, vertical,
and diagonal directions.23 This signi¯cantly reduces
the HOG feature dimension and improves predic-
tion accuracy.

2. Materials and Methods

2.1. Cell culture and apoptosis induction

The MCF7 human breast cancer cell line, obtained
from the Department of Medicine, the Jinan Uni-
versity in China, was cultured in Dulbecco's modi-
¯ed Eagle's medium (Gibco, Grand Island, New
York) containing 10% fetal calf serum (Sijiqing,
Hangzhou, China) at 37�C and 5% CO2 in a hu-
midi¯ed incubator. When the cells con°uence
reached 70–90% in a 35 mm glass dish, the MCF7
cell line was treated with staurosporine (Sigma-
Aldrich, Santa Clara, USA) at a concentration of
1�mol/L for 6 h to induce apoptosis; untreated cells
were used as controls. The nuclei were stained with
Hoechst 33258 (Invitrogen, USA) for 15 min.

2.2. Image acquisition

The cells were monitored in °uorescent mode, and
images were captured using a wide-¯eld microscope
(Observer.D1, Carl Zeiss, Germany), equipped with
a high numerical objective (40�/1.3 NA Oil, Carl
Zeiss, Germany) and an sCMOS camera (Flash 4.0,
Hamamatsu, Japan); the excitation and emission
wavelengths were 405 nm and 445 nm, respectively.
The size of the raw captured image was 2048� 2048
pixels.
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2.3. Image preprocessing and dataset
establishment

Image preprocessing included image normalization
and image denoising. For image normalization, lin-
ear function mapping was applied. The corre-
sponding relationship between the normalized
image (y) and raw image (x) is as follows:

y ¼ x�minðxÞ
maxðxÞ �minðxÞ : ð1Þ

To reduce noise, the normalized images were
smoothed by a 3� 3 Gaussian ¯lter.

The adaptive threshold segmentation method,
Otsu,24 was implemented to segment the nucleus
and crop single-nucleus patches around the cen-
troid. We acquired 3500 nucleus patches of healthy
and apoptotic samples. The ratio of healthy to ap-
optotic images in the dataset is 1:1. Each nucleus
patch was manually annotated by a binary label (`0'
for healthy and `1' for apoptotic). Additionally, bi-
linear interpolation was applied to transform the
patches into 200� 200 sizes. Performance was
measured using 10-fold cross-validation in which
the training and test sets were selected from di®er-
ent dishes to ensure independence. Because the
HOG feature had no rotation invariance,22 the
training set images were rotated by 45�, 90�, 135�,
180�, 225�, 270�, and 315� to improve training; a
total of 25,200 samples were used for training.

The °owchart of image preprocessing and dataset
establishment is shown in Fig. 1.

2.4. Feature extraction and
classi¯cation

After establishing the dataset, image feature ex-
traction and classi¯cation were implemented. The
use of appropriate image features can signi¯cantly
reduce the training time and improve prediction
accuracy. Our proposed method ¯rst uses wavelet
decomposition to obtain the horizontal, vertical,
and diagonal wavelet coe±cients (H, V , and D,
respectively) and then extracts HOG feature vec-
tors XH , XV , and XD from the wavelet coe±cients,
respectively. After connecting XH , XV , and XD in
series, the ¯nal feature vector, XHVD, is obtained.
Finally, the ¯nal feature vectors are dropped into
the support vector machine (SVM)25 classi¯er for
training and classifying. The °owchart of feature
extraction and classi¯cation is shown in Fig. 2.

2.4.1. Wavelet decomposition

As an image analysis tool, wavelet decomposition
can separate the image into a set of frequency
channels with optional directions that are typically
used in image texture identi¯cation, edge detection,
and denoising. In this study, Mallat algorithm26 was
applied to ¯rst-order wavelet decomposition for

Fig. 1. Flowchart of image preprocessing and dataset establishment. Gaussian denoising was ¯rst performed on normalized image.
Then, Otsu adaptive threshold method was applied for nuclear region segmentation. Rectangular region of nucleus was cropped and
transformed to 200� 200 pixels. Cropped images are rotated and added to dataset. Scale bar: 50�m.
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e®ectively reducing the complexity of wavelet
transform. Mallat's two-dimensional wavelet de-
composition formula is de¯ned as follows:

cJþ1
k;n ¼

X
l

X
n

cJl;nLðl� 2kÞLðn� 2mÞ;

dJþ1;h
k;m ¼

X
l

X
n

cJl;nLðl� 2kÞHðn� 2mÞ;

dJþ1;v
k;m ¼

X
l
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n

cJl;nHðl� 2kÞLðn� 2mÞ;
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k;m ¼

X
l
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n

cJl;nHðl� 2kÞHðn� 2mÞ;

8>>>>>>>>><
>>>>>>>>>:

ð2Þ

where k is the row subscript; m is the column
subscript; l and n are translation factors;

J represents the decomposition level; H repre-
sents a high-pass ¯lter function; and L represents
a low-pass ¯lter function. After the wavelet J
decomposition of CJ , low-frequency (CJþ1), hor-
izontal high-frequency (dJþ1;h), vertical high-
frequency (dJþ1;v), and diagonal high-frequency
(dJþ1;d) coe±cients were obtained and simpli¯ed
as A, H, V , and D, respectively. To achieve op-
timal classi¯cation results, the discrete Haar
high-pass ¯lter operator [�1,1] and low-pass ¯lter
operator [1,1] were used for wavelet decomposi-
tion. The wavelet decomposition results are
shown in Fig. 3.

(a) (b)

Fig. 3. Wavelet decomposition results of nucleus image. (a) Resized image of apoptotic nucleus. (b) Low-frequency (A) and high-
frequency horizontal (H), vertical (V ), and diagonal (D) coe±cients obtained by ¯rst-order wavelet decomposition.

Fig. 2. Schematic of feature extraction and classi¯cation. First, image was decomposed to obtain high-frequency wavelet coe±-
cients (H, V , and D). Then, HOG feature vectors XH , XV , and XD were extracted and then connected in series to obtain ¯nal
feature vector XHVD. Finally, SVM classi¯er was used for feature classi¯cation.
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2.4.2. HOG feature extraction of high-
frequency wavelet

The appearance of apoptotic and healthy cells dif-
fers; nevertheless, because HOG can describe cell
nucleus texture and edge orientation, it can identify
apoptotic cells. The extraction process is as follows.

If the gray value of the image at ðx; yÞ is assumed
as F ðx; yÞ, then the horizontal gradient, Gxðx; yÞ,
and vertical gradient, Gyðx; yÞ, are de¯ned as
follows:

Gxðx; yÞ ¼ F ðxþ 1; yÞ � F ðx� 1; yÞ;
Gyðx; yÞ ¼ F ðx; yþ 1Þ � F ðx; y� 1Þ: ð3Þ

The gradient amplitude, Gðx; yÞ, and gradient di-
rection angle, Angleðx; yÞ, are mathematically
expressed as follows:

Gxðx; yÞ ¼ sqrtGxðx; yÞ2 þGyðx; yÞ2;
Angleðx; yÞ ¼ tan�1

Gyðx; yÞ
Gxðx; yÞ

:
ð4Þ

As shown in Fig. 4, a gradient amplitude image was
obtained after calculating the gradient amplitude of
each point in the image. Because directly extracting

the gradient amplitude from the raw images could
not re°ect the complete shape of the nucleus edge
and texture of holes in the nucleus, the raw image
was decomposed by a wavelet. Then, the gradient
amplitudes of the horizontal, vertical, and diagonal
high-frequency coe±cients were determined. The
nucleus edge was observed to be missing over a large
area in the gradient amplitude of the raw image.
The texture of holes inside the nucleus was fuzzy
and indistinct (Figs. 4(a) and 4(b)). However, the
nucleus edges in the gradient amplitude of high-
frequency wavelet coe±cients are more continuous
and clearer. In reality, removing the low-frequency
while retaining the high-frequency coe±cient is
equivalent to enhancing the gray value of edge
points and inhibiting nonedge points, which
increases the gradient amplitude of the edge. The
horizontal and vertical high-frequency gradient
amplitudes (Figs. 4(a1) and 4(a2)) can extract the
horizontal and vertical hole textures of the nucleus,
respectively. Many long holes were present in the
apoptotic nucleus, whereas many round holes
were observed in the healthy nucleus (Figs. 4(b1)
and 4(b2)). The diagonal high-frequency gradient

Fig. 4. Gradient amplitude of nucleus. (a) Resized raw image of apoptotic nucleus and its gradient amplitude image:
(a1) horizontal, (a2) vertical, and (a3) diagonal high-frequency coe±cients of apoptotic nucleus and its gradient amplitude image.
(b) Resized raw image of healthy nucleus and its gradient amplitude image: (b1) horizontal, (b2) vertical, and (b3) diagonal
high-frequency coe±cients of healthy nucleus and its gradient amplitude image.
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amplitude (Figs. 4(a3) and 4(b3)) re°ects the
overall diagonal texture of the cells. The healthy
nucleus (Fig. 4(b3)) had clear edge contours. In
contrast, the apoptotic nucleus (Fig. 4(a3)) showed
blurry edges; hence, distinguishing the shape of the
nucleus was di±cult. After extracting the gradient
from the high-frequency wavelet coe±cient in the
three directions, the amplitude and direction of the
gradient were statistically analyzed.

The gradient image was divided into multiple rect-
angular n� n windows (cells), and the histograms of
oriented gradients of the cell region were counted. The
statistical method is as follows: the gradient directions
[�90�, 90�] are divided into a speci¯c number of
intervals (bins), i.e., nine. The amplitude formula of
the pixel point ðx; yÞ in interval k is as follows:

Nk ¼ Gðx; yÞ; Angle 2 ðbinkÞ;
0; Angle 62 ðbinkÞ:

�
ð5Þ

The sumof the amplitudes of all pixels in the cellwas
counted in di®erent bins to obtain the cell histogram
vector. The vectors of all the cell regions were con-
nected in series to obtain theHOGfeature vector of the
entire image.

To eliminate the in°uence of image region con-
trast and uneven illumination on the gradient am-
plitude, we normalized the HOG feature vectors in
the local area (block). The block in this study was
set as a rectangle containing m�m cell windows;
the L2 norm was used for normalization.

2.4.3. Classi¯er

TheSVMwasused for feature classi¯cationbecause of
the small sample size, considerable feature variations
within the sample class, and tendency of data char-
acteristic over¯tting.27 The SVM uses a kernel func-
tion to map feature vectors into a high-dimensional
feature space and then implements hyperplane ¯tting.
The commonly used kernel functions are linear, poly-
nomial, and radial basis function (RBF) kernels. The
RBFkernel is used in this study andde¯nedas follows:

Kðx; yÞ ¼ exp
� x�1k k 2

2� 2 : ð6Þ

3. Experimental Results

3.1. Training methods and evaluation

indices

In this study, the models were trained 10 times on
random subsets of the original dataset. Prediction

accuracy, precision, recall, F1-score, subject area
under the operating curve (AUC), and other sample
parameters in the test set were used as evaluation
indices. Note that the samples obtained from the
same dishes are only allowed to be used together in
the training set or together in the test set.

3.2. Parameter comparison experiment

3.2.1. Comparison of prediction performance

with HOG feature combination modes

After wavelet decomposition, the high-frequency
coe±cients in the three directions were obtained.
Di®erent high-frequency HOG feature combination
modes were selected to evaluate the performance in
terms of prediction accuracy. Two typical feature
combination modes are shown in Figs. 5(a)
and 5(b). A tandem feature combination mode in
which the HOG features of the high-frequency
coe±cient in all directions are connected in
series to obtain the ¯nal feature vector is shown in
Fig. 5(a). The overlay combination mode is shown
in Fig. 5(b). The HOG features were extracted from
the superimposed high-frequency coe±cients.
Superimposed images are frequently used for
wavelet denoising and image reconstruction.28 The
average prediction accuracy is shown in Fig. 5(c).
The result shows that models with low-frequency
coe±cients have a lower prediction accuracy (be-
tween 84:6% and 93:4%, with an average of 88:6%)
than the models removing low-frequency coe±cients
(between 92:7% and 95:7%, with an average of
94:40%). Overall, the tandem feature combination
mode can obtain high prediction accuracy. Speci¯-
cally, the ¯nal feature vector, XHVD, obtained by
connecting high-frequency XH , XV , and XD HOG
feature vectors in series yields a model with the
highest prediction accuracy.

3.2.2. Parameter optimization during HOG

feature extraction

The e®ect of HOG feature extraction is mainly
in°uenced by the sizes of the cell window and block
region of the normalized gradient amplitude. The cell
window size determines the texture size or edge
morphological features that we focus on. This a®ects
the ¯nal prediction accuracy and feature vector di-
mension; the latter in°uences the model training
time, which is measured by CPU running time from
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the start of training to convergence. The HOG vec-
tors of cells in the block were normalized to eliminate
the in°uence of uneven gradient amplitude on pre-
diction accuracy. To optimize the ¯nal prediction
accuracy and training time,models with di®erent cell
sizes and block regions were trained to evaluate the
average prediction accuracies, feature dimensions,
and training times. The results are shown in Fig. 6.

As shown in Fig. 6(b), the highest prediction
accuracy is achieved by the model when the cell
window size is 30� 30 pixels and the block contains
3� 3 cell windows. Because the block size does not
a®ect feature dimension, it is set to 3� 3 cells to
calculate the feature dimensions and training times
of di®erent cell sizes; results are shown in Fig. 6(a).
The ¯gure shows that as the cell size increases, the
feature dimension and training time decrease. For
example, when the cell size was 24� 24 pixels, the
training time spiked. Hence, the model has the op-
timal classi¯cation e®ect and highest time e±ciency
when the cell and block sizes are 30� 30 pixels and
3� 3 cells, respectively. Note that after wavelet

decomposition, the image height and width should
be halved. In setting cell parameters, the height and
width must also be halved (i.e., 15� 15 pixels).

As shown in Fig. 4, the nuclei of healthy cells are
evenly distributed with small circular holes. When
apoptosis occurs owing to chromatin aggregation,
the uniformly distributed small circular holes
gradually expand to form large irregular strip-
shaped holes. The size of each small circular hole is
approximately 30� 30 pixels. When the rectangu-
lar window is set to 30� 30 pixels, the edge of the
small hole can be completely captured, and the in-
terference of other edge noise occurring in the large
window can be avoided. Therefore, the prediction
performance of the model is optimal when the cell
window size is 30� 30 pixels.

3.3. Prediction performance evaluation

3.3.1. Ablation experiment

An ablation experiment was conducted to compare
the prediction performance of di®erent feature

(a) (b)

(c)

Fig. 5. Comparison of HOG feature combination modes: (a) tandem feature combination mode; (b) overlay feature combination
mode; and (c) average prediction accuracies of feature combination modes.
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extraction methods. Table 1 summarizes the 10-fold
cross-validation results of classifying apoptotic/
healthy cells based on models established using
di®erent features. The table indicates that the
model based on the HOG features of high-frequency
wavelet coe±cients (HOG–wavelet) achieves an
average prediction accuracy of 95:70% with refer-
ence to the independent test dataset, and the recall
rate approximates the precision rate. The F1-score
and AUC value are also high, reaching 95:77% and
0:96, respectively.

The list in Table 2 compares the time and feature
dimensions of the models based on di®erent fea-
tures. The vector dimension of HOG–wavelet is
observed to be 3888, which is evidently shorter than
9801 and 30,000 (i.e., the vector dimensions of the
other two models). The training time was reduced
to 535.00 s; the other methods required more
than 2722.10 s. Overall, the classi¯cation model
based on the HOG–wavelet feature had the highest
prediction accuracy and lowest cost in terms of
training time.

3.3.2. Prediction performance of various

classi¯cation models

Table 3 summarizes the prediction results for
identifying apoptosis from the test data using var-
ious machine learning methods and deep learning
models. Traditional feature extraction methods
are trained from scratch on a same CPU (Intel(R)
Core(TM) i5-4200H with 16GB of memory capac-
ity). Deep learning models are trained on a GPU
(NVIDIA 1070Ti with 8GB of memory capacity).
In particular, we evaluated the performance of our
method and MobileNetV3 Large trained with GPU
and CPU, respectively. ThunderSVM library29 was
used for SVM training on GPU. For MobileNets, we
use the pre-trained model from ImageNet and
populate the new architecture, truncating and
randomly initializing missing weights as appropri-
ate. All convolutional layers in MobileNets are fro-
zen during training and use batch-normalization
layers with average decay of 0.99. The other deep
learning models are trained from scratch. For the

(a) (b)

Fig. 6. Model prediction performance of di®erent cell and block sizes: (a) training time (s) and feature dimensions (per image) of
di®erent cell sizes (pixels) when block size is 3� 3 (cells); (b) average prediction accuracies of di®erent cell sizes (pixels) and block
sizes (cells).

Table 1. Classi¯cation performance according to various features.

Feature Accuracy (%) Precision (%) Recall (%) F1-score (%) AUC

HOG–wavelet 95.70� 0.92 94.40� 1.36 97.18� 0.93 95.77� 0.90 0.96� 0.01
HOG 93.55� 0.53 90.46� 1.33 97.42� 0.85 93.80� 0.47 0.93� 0.01
Wavelet 89.97� 0.98 84.65� 1.97 97.72� 0.50 90.70� 1.06 0.90� 0.01
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deep learning models, training is done using
stochastic gradient descent optimizer with 0.9 mo-
mentum and mini-batches of size 32. The
initial learning rate is set to 0.01, and is divide by 10
for every three epochs. The model is trained to
convergence, where MobileNets, AlexNet and
ResNet-18 were trained with 3, 6 and 6 epoches,
respectively. We use a dropout rate of 0.8, and an
L2-regularization weight decay of 10�3. Cross-
entropy is used as the loss function. We perform
data augmentation by randomly rotating,
scaling, °ipping and contrasting images. The
training time is measured by GPU/CPU running
time from the start of training until the model
converges.

The table indicates that the proposed HOG–

wavelet method achieves the higher accuracy
compared with the traditional feature extraction
method. Compared with MobileNetV3 Large,
the deep learning model with the best perfor-
mance in the table, our method reduces
training time signi¯cant. Speci¯cally, the training
time is shortened from 26,494.50 s to 535 s on
CPU and from 237.32 s to 21.95 s on GPU,
while the accuracy is only reduced by 1:01% and
1:52%.

4. Discussion

Di®erent from current methods, which are based on
morphological parameter features, our method
considers both gradient amplitude and orientation
distribution. Thus, the proposed method more
completely describes the cell nucleus texture and
edge orientation. Because the method is based on
textures and edges, it can be facilely applied to
other contexts where distinct edge texture changes
can be identi¯ed by simply tuning the HOG
parameter.

This paper proposes a feature combination meth-
od in which HOG features are extracted from the
high-frequency coe±cients of di®erent directions and
then connected in series. Instead of directly calcu-
lating the HOG features, the proposed technique
extracts distinct edge texture. Moreover, down-
sampling during wavelet decomposition has been
found to reduce the image resolution, thus reducing
the dimensions of the HOG feature vector. However,
experimental results show that the prediction accu-
racy of ourmethod is close to that of the deep learning
model in a short training time on both GPU and
CPU. This allows us to obtain the model in a short
time using only a CPU on a system with low GPU
performance, thus greatly reduce hardware cost.

Table 3. Prediction performance of various models in identifying apoptosis.

Method Accuracy (%) Precision (%) Recall (%) F1-score (%)
Time for training and
feature extraction (s) AUC

HOG–wavelet 95.70� 0.92 94.40� 1.36 97.18� 0.93 95.77� 0.90 535.00� 51.16 (CPU) 0.96� 0.01
21.95� 1.14 (GPU)

LBP 90.25� 1.84 85.25� 2.35 97.42� 1.38 90.91� 1.62 1017.58� 32.00 (CPU) 0.90� 0.02
GLCM 87.68� 2.96 88.52� 4.10 86.70� 2.35 87.54� 2.35 796.07� 24.70 (CPU) 0.88� 0.02
MobileNetV3 Large 96.71� 0.55 96.13� 0.24 95.88� 0.33 96.29� 0.26 26,494.50� 56.34 (CPU) 0.96� 0.01

97.22� 0.37 96.79� 0.40 98.01� 0.42 97.39� 0.39 237.32� 1.60 (GPU) 0.97� 0.00
MobileNetV3 Small 96.59� 0.66 96.16� 0.25 97.89� 0.21 96.98� 0.22 225.25� 1.74 (GPU) 0.96� 0.00
MobileNetV2 95.54� 0.78 95.01� 0.60 96.58� 0.53 95.57� 0.58 512.01� 2.03 (GPU) 0.95� 0.01
AlexNet 88.53� 1.58 84.37� 1.58 92.89� 1.21 88.43� 1.24 402.01� 2.77 (GPU) 0.88� 0.01
ResNet-18 93.78� 0.64 92.96� 0.58 95.55� 0.88 94.24� 0.70 707.82� 5.91 (GPU) 0.94� 0.01

Table 2. Training time and feature dimensions of models based on various features.

Feature
Time for feature

extraction (ms/image) Feature dimension Time for training (s) Time for identi¯cation (ms/image)

HOG–wavelet 36.75� 1.59 3888 535.00� 51.16 0.019� 0.0012
HOG 57.75� 3.75 9801 2722.10� 38.05 0.025� 0.0010
Wavelet 28.00� 3.67 30,000 10,907.82� 73.33 0.013� 0.0010
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Because the method fundamentally describes the
morphology of the nucleus based on the texture of
its edges, when the raw image is extremely fuzzy,
correctly extracting the edge with the gradient is
di±cult. This a®ects the extraction of the HOG
vector and the ¯nal identi¯cation accuracy. There-
fore, the inclusion of appropriate preprocessing,
such as image deblurring and image enhancement,
is necessary before feature extraction based on the
actual situation. In addition, the °uorescence image
contains rich feature information (except edge fea-
tures). Accordingly, in the future, we intend to in-
vestigate other feature combinations to obtain
better recognition accuracy in fuzzy images.

5. Conclusion

In this study, an apoptosis identi¯cation method for
the °uorescence imaging of the nucleus based on the
HOG features of high-frequency wavelet coe±cients
was successfully established. The study results
showed that the HOG–wavelet classi¯cation model
has great identi¯cation performance. The average
prediction accuracy with reference to test data
reached 95:70% within a short training time. We
expect our study results to bene¯t the research on
large-scale apoptotic cell analysis and biological
applications.
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