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Spot Feature Recognition Method for Surveillance Images
Based on ConvNeXt Network

YIN Jin
(School of Information Engineering, Anhui Vocational College of Industry and Commerce,

Hefei 230031, Anhui, China)

Abstract; Aiming at the problems of low accuracy and poor robustness in spot feature recognition under complex surveil -
lance scenarios, a spot feature recognition method for surveillance images based on the ConvNeXt network is proposed.
First, a visual saliency detection model is adopted to accurately locate the salient regions of spots in surveillance images ,
and segment and extract them efficiently. Then, the segmented salient regions of spots are input into the improved Con-
vNeXt network based on the depthwise separable convolution mechanism. Taking advantage of the unique efficient com-
puting characteristics of this mechanism, deep extraction of multi-scale features is carried out on the salient regions of
spots to fully mine the spot feature information at different scales. Finally, based on the extracted multi-scale spot fea-

tures, the Softmax activation function is used to accurately identify the spot types in surveillance images, which provides
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a precise solution for the spot analysis of surveillance images. The experimental results show that the average quality de-
fect index (QDI) of the method combining spot salient region segmentation with the ConvNeXt network fluctuates be-
tween 0.9 and 1.0, which is higher than that of the basic ConvNeXt network, proving that spot salient region segmenta-
tion plays a positive role in improving the performance of the recognition method. The average QDI of the recognition
method based on the ConvNeXt network fluctuates between 0.8 and 1.0, which is higher than that of the support vector
machine—based recognition method, the HSV space fusion Retinex algorithm—based recognition method, and the multi—

feature aggregation—based recognition method, demonstrating its high accuracy and strong robustness in the task of spot

feature recognition for surveillance images.

Keywords;ConvNeXt network ; surveillance images; spot features;salient region segmentation; recognition method
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import numpy as np
import cv2
import torch
import torch.nn as nn
import torch.optim as optim
from torchvision import transforms
from torch.utils.data import DataLoader, Dataset
#ABISY Gabor B pRAL
defapply_gabor_filter(image, angle):
# W Gabor JEH# IR [F D ZHRHIE

pass
#fEuxH’MF“ AR AL
del depthwise_separable_convolution(image,
kernel):

# i‘ﬂﬁfﬂif‘? AR

# f# un’ﬁéﬁ SRR AR
def global_context_embedding(feature_map):
#RBZIPHRA LSRR R
pass
f&lﬁiﬂ’)& bR
def attention_mechanism(feature_map):
# TR R R L
pass

# WA PR W2 DX DA X

defsaliency_region_detection(image):
# AR LA AMEIS
#image = cv2.imread('input_image.jpg’)
#ALTR 2T G
blurred_image = cv2.GaussianBlur(image, (5, 5),0)
# AR 32 URHIERR

#IRIEAL

gray_image = cv2. cvtColor(blurred_image, cv2.
GRAY)

# A T

pyramid = [gray_image]
for _inrange(3): # FARAEE 3K
pyramid.append(cv2.pyrDown(pyramid[-1]))

# YU R -G A B-Y BB PR R & I A R A )

# SRR R, G, B 145 Y inie
#1411 Gabor IR AHEIIGLEZARFIE
orientations =[0,45,90, 135]

edge_features =[]

forangle in orientations:

edge_feature = apply_gabor_filter(gray_image, angle)

edge_features.append(edge_feature)
# AR A PSR LR SRR
# AL AR AE,

# LIRS s —ik

SIS SO T

# OV REIERE luminance_maps, color_maps, orientation_maps

def normalize(feature_map):

max_val = np.max(feature_map)

return feature_map / (max_val + 1e—6)# USRIV SIGREGBRE
normalized_luminance = [normalize(map) for map in luminance_maps]
normalized_color = [normalize(map) for map in color_maps]
normalized_orientation = [normalize(map) for map in orientation_maps]
# PR NS BIFHHFIEIA
def cross_scale_merge(maps, weights):

merged = np.zeros_like(maps[0])

for map, weight in zip(maps, weights):

merged += weight * cv2.resize(map, (image.shape| 1], image.shape[0]))

return merged
luminance_saliency = cross_scale_merge(normalized_luminance, [1.0]%6)
color_saliency = cross_scale_merge(normalized_color, [1.0]%6)

orientation_saliency = cross_scale_merge(normalized_orientation, [1.0]*

COLOR_BGR2

24)
# PRI 3FAHIE
total_saliency =
0.2*orientation_saliency
# AR B I UL PRI 5
#t IR AR SRS PG S 2
saliency_map = total_saliency
# PRBNBEE I HIH R X
saliency_region = segment_saliency_region(image, saliency_map)
return saliency_region

0.5*luminance_saliency + 0.3*color_saliency +

B3 HixAKE

class ConvNeXt(nn.Module):
def __init__(self, num_classes):
super(ConvNeXt, self).__init__()

# L4 TE S

init,

self.convl = nn.Conv2d(3, 64, kernel_size=4, stride=4)
self.depthwise_conv = nn.Conv2d(64, 128, kernel_size=3, groups=64)
self.global_context = GlobalContextEmbedding() # 42 Jay | SCHEHR

self.attention = AttentionMechanism() # B % 1Y
self.fc = nn.Linear(128, num_classes)
def forward(self, x):
# TRAE
x = self.conv1(x)
RIEL ] Gy 4 T
x = self.depthwise_conv(x)
LESCARISE /IN
x = self.global_contexl(x)
# TERI AL
x = self.attention(x)
# 2R
x = nn.functional.adaptive_avg_pool2d(x.
x = torch.flatten(x, 1)
#8
x = self.fe(x)

return x

L(1, 1)

def train_convnexi(train_loader, model, criterion,
optimizer, num_

model.train()

TR

outputs

loss = criterion(outputs, labels)
print(f'Epoch {epoch+1}, Loss: {loss.item():.41)")

for epoch in range(num_epochs):

for images,
loss.backward()
optimizer.step()

optimizer.zero_grad()

train_dataset = CustomDataset(saliency_region) # i
B 5E SCEE

train_loader = Dataloader(train_dataset, batch_size
=32, shuffle=True)

# 3. MR L ConvNeX R
ConvNeXt(num_classes=5) # 4 5 2B 1

criterion = nn.CrossEntropyLoss()

optimizer = optim. Adam(model. parameters(), Ir=
0.001)

# 4. UI1Z5k ConvNeX A7)

train_convnext(train_loader,

epochs):

labels in train_loader:
model =
= model(images)

model,  criterion,

# L optimizer, numiepnthZI())
il __name__=="__main__": # 5. 8 IR by AR A T 500
#1. W‘W%ﬁ e e eipiy model.eval()
inpul_image = cv2. imread('monitor_image. with torch.no_grad():
ipg’) output = model(torch.randn(1, 3, 224, 224)) # {%

saliency_region

(input_image)

#2. e I

ki

ARGE

predicted_class = torch.argmax(output, dim=1)
print(f'Predicted class: {predicted_class.item()}’)

saliency_region_detection
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T BAE AL ;
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2) AR S

FEME A4 : Ubuntu 20.04 LTS;

TR I HESL . PyTorch 1.12.0 + CUDA 11.6;

AbPET E: OpenCV 4.7, Albumentations 1.3.0;

Al P AL T H : TensorBoard . Matplotlib (Il ki 72
Wi 54558047 ) 5

ZiFR1E S : Python 3.8;

PEBES3 T : NVIDIA Nsight, PyTorch Profiler.
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