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1. Introduction 

 
Defect detection is critical for the safety and longevity 

of structures, as undetected defects can lead to structural 
failure and accelerated deterioration. Early detection helps 
minimize maintenance costs, prevent economic losses, and 
ensure continued functionality. Consequently, it has been a 
key area of research in both industry and academia (Wang 
et al. 2024, Duan et al. 2024). Cracks are the most common 
and easy to identify defects. In recent years, artificial 
intelligence assisted crack detection (Ko et al. 2021), 
segmentation, and measurement methods have made 
remarkable progress (Schanz et al. 2023, He et al. 2024). 
With the advent of technologies such as drones equipped 
with cameras (Qiu and Lau 2023, Tse et al. 2024, Zhong et 
al. 2024), surface crack scanning has become more flexible 
and efficient, facilitating the widespread application of 
crack detection and segmentation tasks. Compared with 
crack classification, crack detection (segmentation) involves 
more complex model structures and longer inference times, 
as they not only classify the image content but also localize 
cracks and assign a category to each pixel (Badea et al. 
2016). Given that structural surface cracks are typically 
sparse, indiscriminately applying complex detection 
(segmentation) algorithms to large-scale structure surfaces 
with extensive crack-free areas not only limits real-time 
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performance but also constitutes a waste of time. To address 
this issue, cascaded approach is proposed for efficient and 
real-time crack detection when being implemented on large-
scale images (Chen et al. 2024, Tang et al. 2022). Basically, 
using classification algorithms to classify cracks in the 
surface images of the entire structure, and employing a 
cascade method to eliminate backgrounds without cracks, 
thereby filtering out the areas containing cracks. Since the 
classification task is simpler and faster than the 
segmentation task, a lightweight and accurate classification 
network can quickly exclude most non-cracked background 
regions. Then, crack segmentation algorithms are applied 
only to the sparse potential crack regions, which can 
significantly improve crack segmentation efficiency, as 
shown in Fig. 1 work is carried out to quickly exclude a 
large number of non-crack background areas. For the sparse 
crack areas obtained through classification, complex crack 
detection and segmentation algorithms are then applied, so 
as to achieve efficient building crack detection work, as 
shown in Fig. 1 Therefore, finding a high-speed and real-
time image classification algorithm is of great importance 
for improving the efficiency of building crack scanning. 

In this cascaded crack segmentation approach, an 
efficient and real-time image classification algorithm is 
essential. Deep Convolutional Neural Networks (DCNNs) 
have demonstrated powerful performance in image-related 
tasks, as well as in crack classification, detection, and 
segmentation (He et al. 2016, Wang et al. 2022a, Ren et al. 
2016, Guo et al. 2022, Long et al. 2015, Xie et al. 2021, 
Huang et al. 2018, König et al. 2022). However, the large 
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Abstract.  Defect detection plays a crucial role in ensuring the safety and longevity of structures, with defect region 
classification particularly beneficial for focusing efforts on potential defect areas. Traditional deep convolutional neural networks 
(DCNNs) based defect classification networks still have a high number of parameters and computational demands, making them 
unsuitable for embedded systems. This paper proposes the Adaptive Prior Activation-Based Binary Information Enhancement 
Network (AOIE-Net), which significantly reduces computational requirements by binarizing weights and activations. 
Specifically designed for steel defect detection, AOIE-Net optimizes the binary quantization process and enhances feature 
representation to improve the performance of BNNs in steel defect detection tasks. AOIE-Net introduces a Dual Batch 
Normalization-based Information Enhancement Block (DBN-IEB) and an Adaptive Binary Activation Independent 
Optimization (ABA-IO) method to reduce computational complexity while boosting classification accuracy. Experimental 
results demonstrate that AOIE-Net outperforms state-of-the-art binary neural network models on CIFAR-10, ImageNet, and the 
NEU-CLS steel defect dataset, achieving classification accuracy of 90.6%, 72.1%, and 99.4%, respectively. The proposed 
method offers an efficient, low-complexity solution for real-time defect classification in large-scale structural inspections and 
holds significant potential for practical applications. 
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number of training parameters and high computational 
demands of DCNNs limit their application on resource-
constrained platforms. Several strategies, such as 
optimizing model structures (Zhu and Newsam 2017), 
reducing parameter redundancy (Li et al. 2024), and 
enhancing computational efficiency (Ruan et al. 2023, 
Choukroun et al. 2019), have been proposed to address 
these issues. Among them, Binarized neural networks 
(BNN) (Hubara et al. 2016) extremely compress the full-
precision activation values and weights of the neural 
networks and binarize them into single-bit discrete values 
{–1, +1}, greatly reducing the storage requirement. 
Moreover, by transforming floating-point operations into 
simple operations like bitwise XOR and bit counting, BNNs 
enable efficient deployment of complex models in resource-
constrained environments and has received extensive 
attention from researchers. 

BNNs compress the redundant parameters of full-
precision networks but inevitably reduce parameter 
representation and introduce information loss during model 
training and inference. Research has focused on reducing 
quantization errors and optimizing network structures to 
mitigate accuracy loss. As known, binarization converts 32-
bit weights and activations to single-bit values, and 
quantization errors are influenced by factors like scaling 
and quantization functions. Early work optimized scaling 
factors (Rastegari et al. 2016, Bulat and Tzimiropoulos 
2019) to retain more feature information. Recent 
advancements in quantization include dynamic threshold 
adjustments and new binary functions to reduce information 
loss (Wang et al. 2020, Lin et al. 2022). However, most 
methods limit binary values to fixed set{–1, 0, 1}, making it 
hard to represent the full range of full-precision 
coefficients. AdaBin (Tu et al. 2022) addresses this by 
introducing adaptive binary quantization, expanding the 
value range and reducing loss, but still assumes a bell-
shaped distribution of the original full-precision weights 
and activation values, which may not match actual data. 

By optimizing network structures, the expressive ability 
of BNNs has been greatly improved. Previous works have 
enhanced convolutional layers, grouping strategies, and 
residual connections within classic networks (Liu et al. 
2019, Zhuang et al. 2019, Shen et al. 2020, Martinez et al. 
2020), leading to improvements in expressive ability and 
accuracy of BNNs. Recent developments have introduced 

 
 

dedicated BNN architectures such as MeliusNet (Bethge et 
al. 2020) and ReActNet (Liu et al. 2020), which use 
MobileNet as the baseline. These architectures incorporate 
shortcut connections, reducing computational costs while 
maintaining accuracy comparable to full-precision 
lightweight networks. However, there are still areas for 
improvement (Tu et al. 2022, Zhang et al. 2021). For 
example, FracBNN introduces a Batch Normalization (BN) 
layer after each shortcut in ReActNet to balance the number 
of positive and negative values after activation, improving 
Top1 accuracy on ImageNet to 71.8%. Instead of simple 
RSign function, IE-Net (Ding et al. 2022) adds an 
information enhancement module that uses RSign with 
learnable thresholds for each channel so as to effectively 
reduce the information loss. However, such information 
enhancement modules involve multiple binary 
convolutions, which increases computational cost and IE-
Net still faces limitations in overall performance due to its 
reliance on traditional neural network structures. 

This paper proposes the Adaptive Prior Activation-
Based Binary Information Enhancement Network (AOIE-
Net) to address challenges in BNNs so as to provide quickly 
crack regions classification. Building on the FracBNN 
architecture, AOIE-Net introduces an adaptive binary 
quantization function to replace the RSign function, 
optimizing binary values to better match real-value 
distributions. In particular, an information integration 
module with dual BN inputs is proposed, which adjusts the 
various data distribution to approximately normal 
distribution before binarization in each module and uses a 
learnable threshold for the BN bias term, so as to efficiently 
enhancing feature representation after binary activation. 
Moreover, to address the increased parameter count from 
the dual-input module in IE-Net, this paper introduces a 
lightweight Adaptive Binary Activation Independent 
Optimization Method (ABA-IO). ABA-IO separates the 
adaptive binary activation from binary convolution 
operations, so as to avoid performing dual convolutions in 
Adaptive Prior Activation-Based Binary Information 
Enhancement module. This approach can significantly 
enhance the capacity and performance with little increase in 
the number of model parameters. The overall structure of 
the AOIE-Net is given in Fig. 2 Experimental results show 
that AOIE-Net achieves 90.6% accuracy on CIFAR-10 
(ResNet-20) that is 2.4% higher than that of FracBNN, 

 
Fig. 1 Fast crack classification and detection
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72.1% Top-1 accuracy on ImageNet that is outperforming 
other state-of-the-art BNNs, and 99.4% accuracy on the 
NEU-CLS steel defect dataset that is 1.5% higher than IE-
Net with half computational complexity (FLOPs), 
outperforming state-of-the-art BNNs with reduced 
computational complexity. These results demonstrate the 
potential of AOIE-Net for efficiently identifying crack area 
and excluding background in structure surface inspection. 

 
 

2. Related works 
 
Convolutional neural networks (CNNs) have achieved 

significant success in detecting and segmenting cracks 
(Maruthi and Lee 2024, Jin et al. 2022). However, 
traditional CNN models often have large numbers of 
parameters, increasing complexity and computational load, 
which limits their real-time application in resource-
constrained environments like embedded systems (Chen et 
al. 2024, Huang et al. 2024, Guo et al. 2020). Binarized 
neural networks (BNNs) have gained attention due to their 
high compression ratios, as they binarize weights and 
activations, replacing arithmetic operations with bitwise 
operations. To minimize quantization errors, methods like 
XNOR-Net, XNOR-Net++, and IR-Net (Qin et al. 2020) 
have introduced optimizations such as channel-wise scaling 
factors for the binarized value, normalization and balancing 
operations before binarization operation, so as to maximize 
the information entropy of weights and 
activations.Moreover, SI-BNN adopted flexible binary sets 
for activations of {0, +1} and weights of {–1, +1}, 
effectively reduce the quantization loss. SiMaN introduced 
an optimization objective function based on angle 
alignment and restricted weight binarization to {0, +1} 
according to the magnitude of the weights. Despite these 
advancements, the above BNNs still rely on fixed binary 
value sets, limiting their ability to adapt to diverse feature 
distributions in deep CNNs. AdaBin assumed that full-
precision weights and activations followed a bell-shaped 
distribution with tails and dynamically determined the 
optimal binary quantization set for each layer to reduce 
quantization loss. However, its adaptive binary activation 
quantization was applied to the original input data, which 
may not exhibit a concentrated, bell-shaped distribution. As 
a result, even with an adaptively selected binary interval, 
mismatches in data distribution can lead to significant 
information loss. 

Regarding the improvement of the binary neural 
network structure, Bi-Real-Net (Liu et al. 2018) introduced 
a variant of the residual structure with shortcut connections 
before the binarization sign function, preserving real 
activation information and adding it to the output of 
subsequent convolution or BN layers. BNSC-Net (Wu et al. 
2021), innovatively decomposing the 3×3 convolutional 
kernel directly into a series of 3×1 and 1×3 convolutional 
kernels double the number of skip connections in the 
network, enhancing the network's expressive capability. 
However, their weights are concentrated near zero, far from 
the binary values of ±1, leading to large quantization errors. 
MeliusNet and ReActNet developed dedicated BNN 

architectures, MeliusNet ingeniously integrates Dense 
Block and Improvement Block, employing dense 
connections between layers, where each layer transmits its 
own feature map to all subsequent layers, greatly 
facilitating feature reuse and significantly enhancing the 
network's ability to capture complex features. ReActNet 
introduces significant improvements by replacing the 
PReLU (He et al. 2015) activation function with a learnable 
RPReLU, and substituting the traditional sign function with 
RSign, which incorporates adjustable thresholds. These 
modifications optimize the feature maps between 
convolutional blocks. FracBNN extended ReActNet’s 
structure by repositioning the BN layer and activation 
functions to balance positive and negative activations, 
improving expressiveness. It also combined fractional 
activation to blend full-precision and binarized 
convolutions, slightly increasing parameters while 
improving accuracy. Although the learnable RSign function 
can enhance the flexibility of the binarization process, it 
still binarizes the input information to the set {–1, +1}. 
Therefore, AdaBin addresses the limitation of binary 
intervals by introducing an adaptive binary quantization 
function. IE-Net introduced the Information Enhanced 
Binary Convolution (IE-BC) module with multiple sign 
functions and learnable thresholds to enrich binarized 
information. However, this added significant parameters 
due to the inclusion of dual-binary convolution modules. 
This highlights the need for lightweight adaptive prior 
activation binary quantization methods that retain multiple 
sign functions, enhancing expressiveness while optimizing 
feature distribution and minimizing parameter increase. 

 
 

3. Principle of AOIE-Net 
 
AOIE-Net adopts a dual-input information enhancement 

approach, replacing dual-input biases with dual Batch 
Normalization (BN) layers. It introduces a Binary 
Activation Information Enhancement Block (DBN-IEB) to 
optimize input distribution and retain more information 
after binary activation. Additionally, AOIE-Net separates 
adaptive binary activation from convolution and weight 
binarization, retaining only the binary activation step in the 
dual-input branches, while placing convolution and weight 
binarization in the summary path for a lightweight design. 

 
3.1 Binary activation Information Enhancement 

Block based on Dual BN Structure (DBN-IEB) 
 
In binarized networks, activations are more sensitive to 

the binarization process than weights, and directly 
binarizing full-precision activations can lead to significant 
information loss. To address this, IE-Net introduced 
multiple binary activations using RSign functions with 
learnable thresholds across channels, improving the 
representational ability of binary neural networks. Inspired 
by this, we propose a Binary Activation Information 
Enhancement Block based on a Dual BN Structure (DBN-
IEB). As shown in Fig. 2, the data-adaptive bias term in the 
introduced BN layer replaces the learnable threshold of 
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RSign and further optimizes the data distribution, enhancing 
the network's expressiveness. 

As illustrated in Fig. 3, the BN layer tends to adjust the 
data distribution, making it more concentrated and 
approximating a normal distribution. Therefore, the 
adaptive binary set {bB1, bB2} obtained after BN better 
represents the cluster centers of the input data compared to 
the binary set {bO1, bO2} obtained without BN, and hence 
effectively reducing information loss. 

 
3.2 Adaptive Binary Activation Independent 

Optimization Method (ABA-IO) 
 
The binarization of activation values and weights, as 

well as the corresponding convolution operations, are 
usually bound together, as shown in Fig. 2(b). In this case, 
if we want to optimize binary activation using dual-input 
BN, we will need to perform convolution operations on 
both branches, which will lead to a doubling of the 
convolution computation in the network. Research has 
shown that binarizing activation values has a greater impact 

 
 

 
 

on performance than binarizing weights. Therefore, this 
work proposes a strategy that separates the binarization of 
weights, activations, and the convolution process. By 
extracting the adaptive binary activation method from the 
convolution and placing it behind the BN layer of the dual-
input branch, the dual-input branches only perform 
lightweight adaptive binary activation optimization (ABA-
IO), while weight binarization and the computationally 
intensive convolution are handled in the merged channel, as 
shown in Fig. 2. This approach effectively reduces the 
computational complexity of the dual-input information 
enhancement block, and independent optimization of 
adaptive activation has been achieved. 

The merged binary activations will be input into the 
binarized weight convolution module, as shown in Eq. (1) 

 𝑂 ൌ BWConvሺ𝑊௕, 𝑋஺௉஺௕ ሻ (1)
 
Among them, 𝑊௕ is the binary weight, 𝑋஺௉஺ ௕ is the binary 

activation after being enhanced by dual input, and O is the 
output of the convolution operation. 

 
(a) The dual-input module (b) Original convolution block (c)The overall structure 

Fig. 2 Block diagram of the implementation of ABA-IO

(a) Adaptive binary set selection of the original input (b) Adaptive binary set selection after BN

Fig. 3 Schematic diagram of the principle of improving the selection of adaptive binary sets after the input 
information passes through the BN layer
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Fig. 4 Schematic diagram of the binarization mapping 
process of the adaptive method 

 
 
The binarization methods for adaptive activation are 

shown in Eq. (2) and Fig. 4. 
 𝑏 ൌ ൜𝑏ଵ ൌ 𝛽 െ 𝛼,  𝛽 ൐ 𝛼𝑏ଶ ൌ 𝛽 ൅ 𝛼,  𝛽 ൑ 𝛼 (2)
 
Among them, correspond to the two endpoints of the 

adaptive binary set in Fig. 3, 𝛼 and 𝛽 are the distance and 
the center of the set respectively. For the binarization of 
weights and activations, we use the same form of AdaBin, 
but with a different optimization strategy. 

In the weight binarization method, better distribution 
matching is achieved by minimizing KLD. The KLD of the 
real-valued distribution and the binary distribution can be 
expressed as Eq. (3) 

 𝐷௄௅ሺ𝑃௥||𝑃௕ሻ ൌ න 𝑥 ∈ W&W௕𝑃௥ሺ𝑥ሻ 𝑙𝑜𝑔 𝑃௥ሺ𝑥ሻ𝑃௕ሺ𝑥ሻ 𝑑𝑥 (3)

 
where the Pr(x) and Pb(x) denote the distribution probability 
of real-valued weights and binarized weights. The binary 
distribution becomes more balanced by aligning the center 
of the binary distribution (the position of the mean) with the 
real-valued distribution 

 𝛽௪ ൌ 𝐸ሺ𝑤ሻ ൎ 1𝑐 ൈ 𝑘 ൈ 𝑘 ෍ ෍ ෍ 𝑊௠,௝,௜௞ିଵ
௜ୀ଴

௞ିଵ
௝ୀ଴

௖ିଵ
௠ୀ଴  (4)

 
Since the weights are usually normally distributed, and 

the two sides are symmetrical around the center, we can 
obtain 𝛼௪  as in Eq. (5), with a detailed proof in the 
supplementary file of AdaBin (Tu et al. 2022). 

 𝛼௪ ൌ ∥ w െ 𝛽௪ ∥ଶ√𝑐 ൈ 𝑘 ൈ 𝑘  (5)
 
Binary weights are represented as 
 𝑤௕ ൌ 𝛼௪𝑏௪ ൅ 𝛽௪,     𝑏௪ ∈ ሼെ1, ൅1ሽ (6)
 
For activation binarization, optimization is performed 

through backpropagation of gradients, in order to ensure 
that the training process can converge, we need to clip out 
the gradient of large activation values in the backward as 
Eq. (7) 𝜕𝐿𝜕𝑎 ൌ 𝜕𝐿𝜕𝑎௕ ∗ 𝕝|ೌషഁೌഀೌ |ஸଵ (7)

 
Where L is the output loss, a is the real-valued activation, 

 
Fig. 5 Network structure with PAN added

 
 

ab is the binary activation, 𝕝|௫|ஸଵ  denotes the indicator 
function, which equals 1 if |x| ≤ 1 is true, and 0 otherwise. 
This functionality can be achieved by a composite function 
of hard tanh and sign 

 𝑎௕ ൌ 𝛼௔ ൈ Sign ൭Htanh ൬𝑎 െ 𝛽௔𝛼௔ ൰൱ ൅ 𝛽௔ (8)

 
For simplicity, denote 𝑔 (x) = Sign(Htanh(x)), the 

gradients of 𝛼௔ and 𝛽௔ can be represented as 
 𝜕𝐿𝜕𝛼௔ ൌ 𝜕𝐿𝜕𝑎௕ 𝜕𝑎௕𝜕𝛼௔         ൌ 𝜕𝐿𝜕𝑎௕ ൭𝑔 ൬𝑎 െ 𝛽௔𝛼௔ ൰ െ 𝑎𝛼௔ 𝑔ᇱ ൬𝑎 െ 𝛽௔𝛼௔ ൰൱ , 𝜕𝐿𝜕𝛽௔ ൌ 𝜕𝐿𝜕𝑎௕ 𝜕𝑎௕𝜕𝛽௔ ൌ 𝜕𝐿𝜕𝑎௕ ൭1 െ 𝑔ᇱ ൬𝑎 െ 𝛽௔𝛼௔ ൰൱, (9)

 
where 𝑔 ′(x) is the derivative of 𝑔 (x). By setting the initial 
values of the center position 𝛽௔ and the distance 𝛼௔ to 0 
and 1, the initial effect of binary quantization is equivalent 
to the sign function. Binary activations are represented as 

 𝑎௕ ൌ 𝛼௔𝑏௔ ൅ 𝛽௔, 𝑏௔ ∈ ሼെ1, ൅1ሽ (10)
 
3.3 Network structure with PAN added 
 
FracBNN proposed using BN (Batch Normalization) 

layer instead of RPLReLU between two convolution blocks, 
which can balance the number of positive and negative 
values in the activation values and effectively enhance the 
expressive ability of the network (Zhang et al. 2021). 
However, considering that the output of the first 
convolution block is a combination of activation values and 
shortcuts, using a BN layer cannot provide the ability of 
RPLReLU to change and reshape the feature maps. 
Therefore, in this work, we add an activation function 
before the BN layer to modify and reshape the feature map. 
We chose to use a nonlinear activation function (Nonlinear 
activation function, Nonlinear) to replace the original 
RPReLU to implement the pre-activated network structure 
(PAN), as shown in Fig. 5. The nonlinear activation 
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Table 1 Test results of different combinations on the 
CIFAR-10 dataset (%) 

Methods Flops (GFlops) Accuracy 
FracBNN 0.207 88.2 

FracBNN + ABA-IO 0.185 88.5 
FracBNN + DBN-IEB 0.330 88.6 

FracBNN + PAN 0.218 88.7 
AOIE-Net 0.374 90.6 

 

 
 

function referenced is proposed in the AdaBin method. 
According to the research findings, the adaptive binary 
values of AdaBin are almost all positive except for a very 
few layers, which renders the nonlinearity of PReLU 
ineffective. To further enhance the representation of feature 
mappings, Maxout is utilized to achieve stronger 
nonlinearity. The structure of introducing a nonlinear 
activation function before the BN layer not only balances 
the number of positive and negative activation values in the 
feature maps but also ensures that the features undergo 
adaptive activation adjustments before batch normalization, 
helping to further improve the network’s feature learning 
ability. 

 
 

4. Experiments 
 
To evaluate the effectiveness of each module in AOIE-

Net, ablation experiments were conducted on the CIFAR-10 
dataset, with comparisons made to full-precision 
classification networks and other binarized networks. The 
performance of AOIE-Net was further validated on the 
ImageNet and NEU-CLS datasets. All experiments were 
performed on a single NVIDIA RTX 4090 using the 
PyTorch framework. 

For CIFAR10, the training set contains 50000 images 
and the test set contains 10000 images. We use random 
horizontal flipping and random cropping to enhance the 
input images. The model was trained for 300 epochs with 

 
 

Table 2 Comparison with state-of-the-art methods on the 
CIFAR-10 dataset (%) 
Models Years W/A Accuracy 

ResNet-20 2016 32/32 91.7 
DoReFa 2016 1/1 79.3 

DSQ 2019 1/1 84.1 
IR-Net 2020 1/1 86.5 
RBNN 2020 1/1 87.8 

FracBNN 2021 1/1 88.2 
AdaBin 2022 1/1 88.2 
IE-Net 2022 1/1 88.5 

AOIE-Net (Ours) - 1/1 90.6 
 
 

a batch size of 128 and an initial learning rate of 1e-3, the 
learning rate decays linearly to 0 in each epoch. 

For ImageNet, the training set contains 1.2 million 
images and the validation set contains 50000 images. We 
perform random cropping of each image to a size of 
224×224 and randomly flip the image horizontally. 
Additionally, we apply random lighting variations to the 
input images. We train the model for 120 epochs at each 
step. The batch size is 256. The initial learning rate is 5e-4 
and decays linearly to 0 in each epoch. 

For NEU-CLS, this paper divides the dataset into 
training and testing sets at a ratio of 8:2. We trained this 
model for 90 epochs, with the initial learning rate set to 
0.001, and decayed it by a factor of 10 after 45 epochs. 

 
4.1 Ablation experiments and performance 

comparison experiments based on CIFAR-10 
 
In this subsection, ablation experiments were conducted 

by adding the ABA-IO, DBN-IEB and PAN modules to the 
FracBNN baseline network to assess their impact on 
binarized classification neural networks. The results in 
Table 1 show that introducing the PAN module improves 
accuracy by 0.5% while maintaining computational 

 
 

Table 3 Comparison with state-of-the-art methods on the ImageNet dataset (%) 
Models Years W/A Top-1 Top-5 Memory (Mbit) 

ResNet-18 2016 32/32 73.3 91.3 374.1 
BNN 2016 1/1 42.2 - 62.3 

XNOR-Net 2016 1/1 51.2 73.2 33.7 
Bi-RealNet-34 2018 1/1 62.2 83.9 33.6 

Real-to-Binary Net 2020 1/1 65.4 86.2 - 
IR-Net-34 2020 1/1 62.9 84.1 33.6 
RBNN-34 2020 1/1 63.1 84.4 - 

MeliusNet-29 2020 1/1 65.8 86.2 - 
MeliusNet-42 2020 1/1 69.2 88.3 - 
ReActNet-A 2020 1/1 69.4 - 26.6 

FracBNN 2021 1/1 71.8 90.1 26.6 
IE-Net-34 2022 1/1 64.6 85.2 33.8 

AOIE-Net (Ours) - 1/1 72.1 90.2 26.6 
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complexity, highlighting the benefit of adding a nonlinear 
activation function before the BN layer to balance the 
number of positive and negative activation values in the 
features. Adding the ABA-IO module improves accuracy by 
0.3% on average, while reducing floating-point 
computations. Further incorporation of the DBN-IEB 
module boosts accuracy to 88.6%, demonstrating that batch 
normalization enhances the information retained after 
binary activation. Ultimately, integrating these modules to 
form the AOIE-Net network results in a 2.4% accuracy 
improvement over FracBNN, achieving 90.6% accuracy for 
the binarized classification network. 

Furthermore, a performance comparison was conducted 
between AOIE-Net and binarized classification networks 
with network structures based on ResNet-20, such as 
DoReFa (Zhou et al. 2016), DSQ (Gong et al. 2019), IR-
Net, RBNN (Lin et al. 2020), FracBNN, AdaBin, and IE-
Net, where W/A denotes the bit width of weights and 
activations. As can be seen from the experimental results in 
Table 2, Compared with other binary networks, AOIE-Net 
achieved the best performance, the accuracy rate reached 
90.6%. In addition, the precision and recall rates of 90.7% 
and 90.6% were achieved, respectively. The gap in 
classification accuracy between it and the full-precision 
model narrowed to 1.1%. Meanwhile, compared with IE-
Net, which currently has the highest accuracy, the accuracy 
of AOIE-Net is improved by 2.1%. 

 
4.2 Performance verification of AOIE-Net on the 

ImageNet and NEU-CLS datasets 
 
In this subsection, performance and model parameters of 

AOIE-Net were evaluated on ImageNet, and compared with 
recent high-performance BNNs as well as full-precision 
ResNet-18. As shown in Table 3, AOIE-Net outperforms 
networks such as IE-Net-34, MeliusNet, ReActNet-A, and 
FracBNN in both Top-1 and Top-5 accuracy on ImageNet. 
AOIE-Net achieves a Top-1 accuracy of 72.1% and Top-5 
accuracy of 90.2%. It is comparable to FracBNN in terms of 
parameters but shows a 0.3% improvement in Top-1 

 
 

 

Table 4 Comparison with state-of-the-art methods on the 
NEU-CLS dataset (%) 

Models Years W/A Flops (GFlops) Accuracy
DRCDCT-Net 2022 32/32 - 99.7 

IE-Net 2022 1/1 0.395 97.9 
Adabin 2022 1/1 0.147 98.1 

AOIE-Net (Ours) - 1/1 0.166 99.4 
 
 

accuracy. Compared to IE-Net, AOIE-Net achieves higher 
accuracy with fewer parameters. 

Furthermore, AOIE-Net was applied to the NEU-CLS 
(Song and Yan 2013) dataset, which includes six defect 
categories for multi-class classification, offering a more 
comprehensive evaluation of the network's performance 
than binary classification. The categories of defects in 
NEU-CLS include scale, crack, inclusion, rust patch, 
scratch, and pitted surface, and 300 images per category, as 
shown in Fig. 6. 

As shown in Table 4, AOIE-Net achieves 99.4% 
classification accuracy, and both precision and recall have 
also reached 99.4%, outperforming recent binarized 
networks like IE-Net and AdaBin, while maintaining a low 
computational cost. Its performance is close to the full-
precision model DRCDCT-Net (Wang et al. 2022b), 
demonstrating its potential for practical applications in 
defect classification. 

 
 

5. Conclusions 
 
This paper presents AOIE-Net, an innovative Binarized 

Neural Network (BNN) architecture designed to address the 
limitations of traditional Deep Convolutional Neural 
Networks (DCNNs) in real-time defect detection tasks. 

By binarizing network activations and parameters, 
AOIE-Net significantly compresses the space required and 
uses simple bitwise operations instead of floating-point 

 
(a) Crack (b) Inclusion (c) Patch 

 

 

(d) Pitted Surface (e) Scale (f) Scratch 

Fig. 6 Samples of the NEU-CLS Dataset
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calculations, making it suitable for resource-constrained 
embedded platforms. It introduces two key contributions: 

 

• the Binary Activation Information Enhancement 
Block based on Dual BN Structure (DBN-IEB), 
which standardizes input information through 
parallel batch normalization layers, optimizing data 
distribution before binary activation and improving 
the model's expressive ability. 

• the Lightweight Adaptive Binary Activation 
Independent Optimization Method (ABA-IO), which 
independently optimizes binary activations prior to 
convolution, enhancing activation information 
without significantly increasing computational 
complexity. 

 

Experimental results on CIFAR-10, ImageNet, and the 
NEU-CLS steel defect dataset show that AOIE-Net 
outperforms current state-of-the-art BNN models, achieving 
classification accuracy of 90.6%, 72.1%, and 99.4%, 
respectively. Through this efficient and high-precision 
binary classification network, combined with a cascade 
strategy, we can achieve fast and detailed classification 
processing of image regions. Specifically, this method uses 
a scanning frame to sequentially scan each block of the 
image and accurately classify each block with the help of a 
binary classification network. This process quickly 
identifies and eliminates areas that do not contain defects 
while precisely retaining critical areas that do contain 
defects. As a result, we not only significantly improve the 
speed of defect detection but also ensure the accurate 
localization of defect areas, laying a solid foundation for 
subsequent defect analysis and treatment. The promising 
results on real-world datasets demonstrate AOIE-Net’s 
potential for practical applications in infrastructure 
monitoring. 

 
 

Future works 
 
In our future work, we plan to address the Possible 

limitations by conducting more comprehensive experiments 
and discussions on the robustness of AOIE-Net in real-
world scenarios. Specifically, we aim to evaluate the 
performance of AOIE-Net in the presence of various types 
of noise, such as Gaussian noise and salt-and-pepper noise, 
to verify the noise resistance capability. Additionally, we 
will investigate how lighting changes, including different 
levels of brightness and color temperatures, affect the 
model's accuracy and reliability. Furthermore, we plan to 
explore the impact of shooting angle differences by testing 
the model on images captured from various perspectives 
and orientations. These experiments will provide insights 
into the generalization capabilities of AOIE-Net and help us 
identify areas where further improvements are needed to 
enhance its robustness in real-world applications. 
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