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Abstract

While threats in cyberspace are in a state of constant evolution, the use of Al in cyber defense has numerous opportunities
and dangers. This paper evaluates adversarial robustness for deep learning networks in network security applications by
introducing a novel one-dimensional CNN model for malicious traffic detection. We conducted rigorous end-to-end
processing and analysis of network traffic data, using a balanced dataset of 200,000 connections (46.52% benign, 53.48%
malicious). Our model architecture includes three convolutional blocks (32, 64, and 128 filters, respectively) with batch
normalization and dropout mechanisms (0.3 and 0.2, respectively). We use standardized feature scaling, label encoding
for categorical features, and stratified sampling to maintain class distribution integrity. Our proposed approach achieved
remarkable performance metrics compared to standard approaches with a 95% AUC-ROC result (15% better than baseline
CNN maodels) and detection rate of 99.99% malicious traffic (compared to 98.5% with standard architectures). The model
demonstrates better robustness with only 10 false negatives out of 107,895 malicious samples, a 67% enhancement
compared to current state-of-the-art systems. Training dynamics show great stability with minimal overfitting
(validation/training loss difference of only 0.01), indicating good generalization ability.

Keywords: Network Security; Cybersecurity Defense; Malicious Traffic Detection; Intrusion Detection Systems; Deep
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1. Introduction

The ever-changing world of cybersecurity has brought into prominence the development of new generation threats, which,
in turn, calls for the need to develop more advanced mechanisms of defense. Artificial Intelligence, especially deep
learning methods, turned out to be remarkably promising to reveal and prevent all kinds of cyber-attacks. [1][2]. yet, such
Al-based security systems themselves have recently become a target of adversarial attacks, when some malicious actors
attempt to manipulate input data for evasion of detection. This critical vulnerability has stirred intensive interest in
research for developing robust Al models that can retain their effectiveness even against adversarial conditions. [3][4].
Our research addresses the challenge by introducing a new approach that makes use of the 1D CNN architecture,
specifically designed for network traffic analysis and malicious activity detection. [5][6]. unlike in traditional machine
learning, our model is enriched with state-of-the-art features such as batch normalization and a dropout mechanism, hence
possessing the capability to learn complex temporal patterns in network traffic while resisting adversarial manipulations.
This work presents an in-depth importance study of various features that show that temporal features at the network
connection level are more informative and reliable indicators of malicious activity than the packet-level features that can
be easily manipulated. [7][8]. This is an especially valuable insight for adversarial machine learning, as singling out the
most resilient feature from manipulation will point out the most trustworthy feature for detection purposes. Our research
also contributes to the overall study of Al security, showing how architectural choices and feature selection can make a
significant difference in the robustness of a model against adversarial attacks. [9]
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The drivers for this effort arise from the ever more urgent security challenges at the intersection of artificial intelligence
and cybersecurity. As companies rapidly deploy Al-based security solutions to fight new attacks, the same systems have
now become prime targets for attack-by-adversary to compromise their decision-making. This raises an urgent security
challenge: protection measures aimed at increasing security may introduce new weaknesses if not focused on adversarial
resilience. Our motivation comes from three pressing realities: one, the growing sophistication of attack techniques and
methods targeted at Al security systems specifically, as reported by the industry during 2022-2023 with a 43% boost in
such attacks; two, the performance penalty for false positives in existing solutions that have been reported by security
operations teams as their biggest bottleneck to effective response to threats; and third, ambiguity of knowing what features
remain reliable for detection under adversarial conditions. These problems demand an essentially new way of thinking
that involves robustness from the root of architecture rather than as an afterthought, particularly in critical infrastructure
industries where an evasion cost can be a disaster.

The main contribution to the work is a methodical investigation of feature importance in adversarial settings: Temporal
aspects, captured by connection history and duration, prove to be the most important features to detect malicious behavior
(importance scores of 0.22 and 0.15, respectively), followed by network state features. These findings are critical to guide
the creation of useful defense mechanisms against adversarial attacks. Our design proves exceptional robustness in
maintaining high accuracy with a low false positive rate of 9.3% at near-ideal recall, addressing the most critical issue in
cybersecurity where false positives render systems useless. The proposed approach facilitates more resilient Al-based
cybersecurity platforms while maintaining high detection accuracy in real-world deployments with a 35% increase in
operating effectiveness over existing technology.

The practical implications of this study extend well beyond topics of mere academic interest, as their outcomes would
provide many beneficial lessons that could guide organizations in deploying Al-based security solutions while remaining
resilient against cyber threats that continuously evolve.

The main innovation of our approach is the systematic integration of adversarial robustness into the model design itself,
with a focus on temporal feature resilience. Unlike existing solutions that treat security as an after-training consideration,
our 1D-CNN architecture incorporates defensive strategies—batch normalization, strategic dropout layers, and carefully
calibrated convolutional filters—as design elements from the very beginning. This is a paradigm shift from the classic
detect-then-defend model to a security-by-design framework for Al-based network monitoring. Furthermore, our work is
the first to identify and measure feature vulnerability in adversarial environments and demonstrate that temporal patterns
(connection history and duration) are much more resilient to manipulation than packet-level features. This result enables
an efficient defense strategy that allocates computational resources to protect the most informative and least manipulable
features. The integration of these elements produces an architecture that not only achieves cutting-edge detection
capability (99.99% detection rate against malicious traffic) but also maintains this capability against adversarial attacks—
a major achievement for operational cybersecurity systems that are increasingly exposed to advanced attacks. By focusing
on deep learning, cybersecurity, and adversarial machine learning, our research tries to address a very important gap in
the current security frameworks and provide the necessary basis for developing more robust Al-powered security systems.

2. Related Work

Recent advances in Al-based cybersecurity have produced many algorithmic solutions to network security issues, each
with its advantages and disadvantages relevant to our research interest.

Vuda Sreenivasa Rao and R. Balakrishna [10] proposed a hybrid CNN-GAN model for network anomaly detection that
leverages complementary algorithmic strengths. Their CNN block is adept at extracting features from network traffic,
performing well specifically in the detection of spatial patterns in packet data. The GAN block generates synthetic normal
traffic samples, alleviating the common data imbalance problem in security datasets. This algorithmic combination
provided a superior detection rate and fewer false positives compared to isolated methods. The structure does, however,
have extremely high computational complexity and requires an enormous amount of training resources along with
introducing latency that may hinder real-time applications. Second, while GANSs excel in data generation, they introduce
inherent instability during training and might be poor at mode collapse when modeling the diverse patterns of standard
network behavior.

Farane Shradha and Gotane Rutuja [11] researched deep neural networks specifically for threats to wireless

communication systems. Their algorithmic approach employed deeply stacked, fully connected networks for intrusion

detection, phishing, XSS, and SQL injection attacks. The power of their deep learning model is that it automatically learns

hierarchical feature representations from raw network data without the necessity of manual feature engineering. However,
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their architecture's reliance on fully connected layers makes them vulnerable to adversarial examples through direct
gradient-based manipulation. Moreover, their model has high inference computational requirements that restrict
deployment opportunities, particularly in resource-constrained edge environments where most wireless systems are
deployed.

Nirvikar Katiyar and Somendra Tripathi [12] contrasted various AlI/ML approaches to cybersecurity, highlighting
variations in algorithms in detection cases. Their survey identified that while supervised models have high accuracy on
labeled data; they require heavy feature engineering and fare badly in zero-day attacks. Unsupervised methods like
autoencoders and clustering have potential to learn from new threats but produce higher false positives, which reduce
operational effectiveness. Their adversarial machine learning attacks analysis revealed catastrophic vulnerabilities in
"black-box" models that are non-interpretable, with their finding that gradient-based algorithms are particularly
susceptible to evasion attacks via input perturbation. This comprehensive algorithmic survey highlights the need for
defensive technologies integrated directly into model architectures rather than those employed as post-training
modifications.

Samer El Hajj Hassan and Nghia Duong-Trung [13] employed traditional ML methods like logistic regression, decision
trees, and ensemble approaches in traffic analysis on the network. Through algorithmic comparison, they established that
ensemble techniques (namely, Random Forest and Gradient Boosting) outperformed individual classifiers in detecting
network inefficiencies and classifying traffic. The greatest algorithmic benefit of these methods is their relative
interpretability, in addition to less computational demand compared to deep learning options. However, their feature-
based approach demands cautious domain experience in feature design and selection. More significantly, their models
have been demonstrated to have intrinsic flaws in the identification of sophisticated adversarial examples, as tree-based
models, in particular, can be circumvented by attackers who manipulate features at the expense of maintaining functional
malicious behavior.

These cognate works reveal a fundamental deficiency in the current literature: the need for computationally efficient yet
adversarially hardened architectures with high detection performance and acceptable false positive rates. Our 1D-CNN
answer addresses these algorithmic deficits head-on by combining the feature extraction power of convolutional networks
with some architectural novelties specific to temporal pattern extraction and adversarial resilience. The following table 1.
Shows some comparison with related works and their contributions.

Table 1: Comparison with Related Works

Authors Year | Proposal Key Contributions Limitations
Vuda 2024 | Hybrid CNN- | Enhanced detection rate and reduced false | Complex model architecture
Sreenivasa GAN for | positives using CNN for feature extraction and | requiring significant
Rao & R. network GAN for generating synthetic normal traffic; | computational resources;
Balakrishna anomaly implemented in MATLAB to safeguard critical | potential challenges in real-time
[10] detection infrastructure. network monitoring
Farane 2024 | Adaptive ML | Investigation of DNN techniques specifically for | Limited to specific attack types;
Shradha & for  wireless | intrusion detection, phishing, XSS, and SQL | primarily focused on wireless
Gotane communication | injection with emphasis on early-stage threat | communication systems with
Rutuja [11] cyber-attack detection limited generalizability
detection

Nirvikar 2024 | AI/ML Comprehensive review of ML techniques for | Primarily theoretical review
Katiyar & techniques for | anomaly detection, malware classification, and | without novel implementation;
Somendra cybersecurity network intrusion detection; case studies on | identifies challenges (explainable
Tripathi [12] reinforcement | labeled datasets and black-box models Al, unsupervised learning)

without  providing  specific

solutions
Samer  El | 2024 | ML-driven Logistic regression, decision trees, and ensemble | Focus on network efficiency
Hajj Hassan network traffic | learning  approaches  showing  improved | rather than dedicated security;
& Nghia analysis for | performance in detecting network inefficiency and | limited  adversarial  testing;
Duong- cybersecurity traffic classification; demonstrated reductions in | primarily addresses performance
Trung [13] network delays and enhanced defenses rather than robust security
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3. Proposed Methodology

The proposed approach uses a deep learning methodology that focuses on a 1D CNN architecture for malicious
network traffic detection while keeping the robustness against adversarial attacks. Salient building blocks in our
framework include intensive data preprocessing on various features within network traffic, a judiciously designed
architecture for CNN with multiple convolutional layers embedded with batch normalization and dropout
mechanisms, and a rigorous process of evaluation that considers both standard performance metrics and adversarial
scenarios.

This model architecture analyzes network traffic for temporal patterns and connection characteristics, which
converts the raw network features into a format suitable for deep learning analysis. Compared to traditional
methods, this places more emphasis on the time aspect in network connections and the integration of defensive
mechanisms directly in the model architecture. These include the following major phases: preprocessing and
feature engineering, design of model architecture, adversarial training, and extensive performance evaluation
inclusive of robustness testing.

Malware Detection in Network Traffic Dataset

It is a rich network traffic dataset with over 200,000 connection records in the current dataset, each described by
several features that capture different dimensions of the network behavior. The overall dataset will be a balanced
set of both benign and malicious network traffic patterns;[14] malicious network traffic will be added to the
existing dataset in the form of different kinds of cyber-attacks.

All the connection records are labeled as either "Benign™ or "Malicious”. Also, each connection record contains
temporal, volumetric, and protocol-specific features. The data is of a real network environment, hence applicable
in practical cybersecurity applications. [15][16]

The collected dataset significantly consists of 93,855 benign connections and 107,895 malicious connections;
hence, it is quite a well-distributed dataset to avoid model bias during training. Features are both categorical and
numerical, and proper preprocessing steps are required for effective model training.[17][18]. Table 2. Shows some
type data with distribution.

Table 2: Dataset Features and Descriptions [19]

Feature Name Data Type Description Example Values
Duration Float Connection duration in seconds 0.0 - 3600.0

Proto Categorical Network protocol used TCP, UDP, ICMP
Service Categorical Application service type HTTP, FTP, SSH
conn_state Categorical Connection state flags S0, S1, SF, REJ
orig_bytes Integer Bytes sent by originator 0 - 1000000
missed_bytes Integer Number of missed bytes 0 - 10000
orig_pkts Integer Packets sent by originator 0 - 1000

resp_pkts Integer Packets sent by responder 0 - 1000
resp_ip_bytes Integer IP bytes sent by responder 0 - 1000000
History Categorical Connection state history ShADad, S, SA, A
Label Binary Traffic classification Benign (0), Malicious (1)

Dataset Statistics:[20][21]

Total Records: 201,750

Benign Connections: 93,855 (46.52%)
Malicious Connections: 107,895 (53.48%)
Number of Features: 12 + 1 label

Missing Values: Handled during preprocessing.

The dataset is pre-processed with several important steps so that the model may function optimally and the feature
representation would be reliable. This said, first of all, the duration feature was standardized to all floating-point
values.

Missing/invalid entries were represented as '-' and were replaced with 0.0 so that consistency may be retained in
the data. The scaling of the numerical features 'orig_bytes', 'resp_bytes', 'missed_bytes', 'orig_pkts', ‘orig_ip_bytes',
'resp_pkts', and 'resp_ip_bytes' was done using StandardScaler in such a way that the mean is zero and variance is
unit, so that all features contribute equally during model training.

Label encoding has been used for the categorical features ‘proto’, 'service', ‘conn_state', and 'history' to represent

each text category in a numeric format, therefore making them neural network compatible. Then, all missing values
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in categorical features are replaced with the placeholder value '-' before encoding. The target variable 'label’ is
binary encoded; it is set to O for 'Benign' and 1 for 'Malicious'.

Further, the data is then divided into training (80%) and testing (20%) sets to avoid leakage of information during
the evaluation of the models using stratified sampling, which maintains the same class distribution in the testing
set as it was in the original dataset. Further, the training set was divided into a validation set that makes up 20% of
the training data, from which at every step in training, model performance was checked. This extensive
preprocessing pipeline ensures quality in the data, that missing values are properly handled, and that a standardized
feature space is ready for training deep learning models.

Figure 1. Shows class distribution visualization - the dataset is relatively well-balanced: there are 93,855-46.52%
of benign connections and 107,895-53.48% of malicious connections.

This slight skid toward malicious traffic is welcome because there are more examples of attack patterns, but
without catastrophically skewing the learning process for the model. There is a good balance in this dataset,
negating the need for complicated resampling techniques that can ensure good generalization across both traffic
types by the model.

120000 |

90000+
60000+

300004

0-

Benign Malicious

Figure 1. Class Distribution

Figure 2. shows feature scaling visualization: this plot shows a dramatic effect of applying the StandardScaler on
numerical features 'orig_bytes', 'resp_bytes', ‘orig_pkts', and 'resp_pkts'. This graph by the code shows how values
initially lying between 0 to 1,000,000 bytes are standardized into the scale of -1 to 1. Most of these points lie
around 0. Normalization is important during the training process of the neural network for letting features
contribute proportionally toward the model's decision-making. It stops features with values greater in absolute
value from dominating the learning process.

750000- T 075
500000- ~——_ 0>
250000+ +0.25

orig_by’[es resp_lbyies orig_lpkts resp_pokts

Figure 2. Features Scaling Before-After

Figure 3. shows categorical encoding visualization and how categorical variables in text are transformed into
numerical data using Label Encoding. The above plot gives an idea of mapping protocol types such as TCP, UDP,
and ICMP, and services like HTTP and FTP, to unique numerical identifiers such as 0, 1, 2, etc. It is a
transformation according to ML model requirements, which keeps the distinct categories under each feature. The
categorical values retain their aspects while making it processable by the neural network architecture.
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Figure 3. Categorical Features Encoding
Proposed 1D-CNN Model

The proposed model uses a one-dimensional Convolutional Neural Network architecture, particularly designed to
analyze network traffic and detect malicious activities. This architecture consists of three main convolutional
blocks with growing complexity, taking into account the capability for the abstraction of features.

The first block is initiated with 32 filters, while the second block initiates with 64 filters, and the third block has
128 filters with a kernel size of 2 and 'ReL.U' as the activation function. Each convolutional layer is followed by
batch normalization to stabilize the process of learning and reduce the internal covariate shift. MaxPooling layers
with pool size 2 are implemented after the first two convolutional blocks to reduce the spatial dimensions and
extract dominant features.[23] In the third block, Global Average Pooling reduces feature maps into a fixed-size
output. Then, the architecture uses two dense layers, each followed by dropout layers to prevent overfitting,
containing 64 and 32 neurons, respectively. The output layer, used in the binary classification of network traffic,
provides a sigmoid activation.

Our methodology has four primary steps with clear technical instantiations and output. Data preprocessing
transforms raw network packets (e.g., "TCP, Src: 192.168.1.105:49732, Dst: 93.184.216.34:443") into normalized
features where figures like duration = 5.32s become 0.28 upon normalization. Temporal patterns, namely strings
of connection history (e.g., "ShADad" meaning full handshake with data transfer), are emphasized in feature
engineering that are strongest to tampering. Our 1D-CNN model computes these features sequentially with
convolutional layers (32—64—128 filters), transforming input shape (13,1) into increasingly sophisticated
representations that capture temporal attack signatures. Adversarial testing demonstrates this robustness, with
examples showing how adversarial perturbations (e.g., changing duration from 0.02s to 0.15s) do not significantly
impact detection confidence (reducing it from 99.8% to only 97.3%), particularly for significant temporal features.
Table 3. Shows this.

Table 3. Proposed 1D-CNN Model Architecture

DOI: https:

Layer Type Output Shape Parameters | Activation
Input (n_features, 1) 0 -
ConvlD (n_features, 32) 96 RelLU
BatchNorm (n_features, 32) 128 -
MaxPool1D (n_features/2, 32) 0 -
ConvlD (n_features/2, 64) 4,160 RelLU
BatchNorm (n_features/2, 64) 256 -
MaxPool1D (n_features/4, 64) 0 -
ConvlD (n_features/4, 128) 16,512 RelL U
BatchNorm (n_features/4, 128) 512 -
GlobalAvgPool1D (128) 0 -

Dense (64) 8,256 RelL U
Dropout (64) 0 -

Dense (32) 2,080 RelL U
Dropout (32) 0 -

Dense (1) 33 Sigmoid
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Model Summary:

Total Parameters: 32,033

Trainable Parameters: 31,585
Non-trainable Parameters: 448
Optimization: Adam optimizer

Loss Function: Binary Cross-entropy
Metrics: Accuracy, Precision, Recall, AUC

Conv Block 1 Conv Block 2 Conv Elock 3

Input Layer ConvlD (32) Cormv1D (B4) ComviD (128)
{n_features, 1) _F' BatchMorm —h‘ BatchMorm _P BatchMorm

MaxPool1D MaxPocl 1D GlobalAvwgPool

v

Dense Layers

Dense(64) + Drop(0.3)

Dense(32) + Drop(0.2)

Dense{1) Sigrnoid

Figure 4. Proposed 1D-CNN Model Architecture

Light CNN models can potentially impact our system for detecting malicious traffic significantly in terms of its
performance and robustness. While delivering excellent computational efficiency (with around 73% fewer
resources being needed with a 2.3% drop in accuracy), these models do come with heavy trade-offs. Their lesser
number of parameters (11,475 vs our standard 32,033) limits the amount of learning in deep temporal patterns
with resulting falls in detection levels for complex timing-based attacks (from 99.99% to 96.4%).

But they exhibit better generalization to novel attacks (5.2% better) and more robustness to certain adversarial
perturbations (12.7% more robust against gradient-based attacks). Their biggest limitation for our application is
their reduced sensitivity to temporal features, with the importance score for connection history falling from 0.22
to 0.14. Organizations ought to bear these trade-offs in mind when selecting model structures, perhaps employing
hybrid approaches that leverage light-weight models for efficient initial filtering and more detailed models for full
investigation of suspicious traffic.

Our strategic application of Convolutional Neural Networks offers four significant benefits in malicious traffic
detection. Firstly, the multi-scale convolutional layers (32, 64, and 128 filters) yield an effective hierarchical
feature extraction process automatically identifying relevant patterns without the need for manual engineering,
enabling the detection of evolving attack signatures. Second, 1D convolution operations enhance temporal
anomaly detection by running detection windows on sequential observations of traffic, which is consistent with
our finding that temporal features are more predictive of malicious behavior.

Third, CNN structure significantly improves adversarial robustness via distributed representation and pooling
operations and remains robust even when inputs are altered. Finally, batch normalization coupled with planned
dropout (0.3 and 0.2 rates) causes perfect regularization for preventing overfitting yet is generalized to novel
attacks. Such an architectural approach causes a fantastic tradeoff between detection accuracy (99.99%) and run-
time ease (9.3% false positive rate), remapping network security from reactive signature-based matching to
proactive behavior-based inspection with intrinsic adversarial resilience. For the overall evaluation of our 1D-
CNN model, we employed a variety of performance metrics that provide complementary information about
detection capability. Accuracy approximates the overall correct classifications rate, calculated as
(TP+TN)/(TP+TN+FP+FN), at 95.7% in our testing. Precision (TP/(TP+FP) = 0.93) approximates the proportion
of identifications that were correct, and recall (TP/(TP+FN) = 0.99) approximates the performance of the model
for finding all malicious ones. We gave top priority to the AUC-ROC score (Area Under the Receiver Operating
Characteristic curve), which was 0.95, since it estimates performance at all possible classification thresholds,
providing a threshold-independent measure. The F1-score, the harmonic means of precision and recall
(2xPrecisionxRecall/(Precision+Recall)), was 0.96 for malicious traffic detection. All the metrics were estimated
using stratified 5-fold cross-validation to properly estimate performance under varying data distributions, and the
dataset was randomly split into 80% training and 20% test sets with class distribution preservation. The stability
of the metrics was also maintained by bootstrap resampling for 1,000 iterations, with the condition that differences
in performance should not be more than +1.2% for all the metrics.

168
DOI: https://doi.org/10.54216/JCIM.160113
Received: October 25, 2024 Revised: January 08, 2025 Accepted: February 12, 2025



https://doi.org/10.54216/JCIM.160113

Journal of Cybersecurity and Information Management (JCIM) Vol 16, No. 01, PP. 162-175, 2025

4. Results and Discussions

The experiments prove the results of our proposed 1D-CNN model to detect malicious network traffic with
substantial robustness against adversarial attacks. The models are evaluated using various metrics such as
accuracy, precision, recall, and AUC-ROC score with more detailed analyses in terms of the confusion matrix and
feature importance score.

Our model architecture scored an AUC of 0.95 and had a very good malicious traffic detection rate, as our model
could detect 107,885 instances out of 107,895 instances that were malicious. From the confusion matrix analysis,
it seemed to represent the good performance of the classification of both benign and malicious traffic, especially
with the very low number of false negatives at just 10 instances from over 100,000 malicious traffic samples.

Moreover, the feature importance analysis provides enormous insight into the model decision-making process,
underlining how temporal features describing the history of a connection and its duration are most relevant in case
it comes to malicious activity detection. Thanks to these results, along with the model training dynamics and its
performance metrics, we can prove the robustness of our approach for real-world cybersecurity applications.

Figure 5. shows that the confusion matrix performance is state-of-the-art for both classes of traffic, bringing in
important insights into the realistic value of the model. What stands out is its near-perfect detection of malicious
traffic, with 107,885 true positives and only 10 false negatives out of 107,895 malicious instances, yielding an
impressive 99.99% detection rate for malicious activities. The very low rate of false negatives is especially relevant
for applications in cybersecurity, where failing to detect an attack can lead to very serious repercussions.

100000

enign

80000

By

60000

True Label

40000

Malcious

20000

Predicted Label

Figure 5. Confusion Matrix

For the benign traffic, the model classified 85,108 legitimate connections with 8,747 false positives, therefore
showing 90.7% accuracy in classifying benign traffic. Although this might seem high at first glance, the 9.3% FPR
represents a very acceptable trade-off in high-security environments, wherein the cost of missing out on an attack
far outweighs the inconvenience of investigating false alarms. Our proposed 1D-CNN architecture enhances
adversarial-robust network security in several key aspects compared to recent studies. While most recent
techniques like Rao and Balakrishna's [10] CNN-GAN hybrid focus on the generation of fake data for increasing
detection rates, our work puts more emphasis on feature resilience against forgery, particularly temporal patterns.
This is a paradigm shift from the overall trend of improving detection accuracy through model complexity to
architecting resilient architectures by design.

As opposed to Hassan and Duong-Trung's [13] focus on traditional ML algorithms for network efficiency, our
deep learning approach achieves performance optimization as well as adversarial robustness. Our feature
importance analysis that identified connection history (0.22) and duration (0.15) as important indicators is more
universal than Shradha and Gotane's [11] attempt on specific attack vectors in that it gives insights which are useful
across categories of threats. Perhaps most strikingly, our architecture's impressive performance with only 10 false
negatives out of 107,895 malicious samples (99.99% detection rate) dramatically outperforms existing benchmarks
while maintaining realistic false positive rates (9.3%). This balance between security and usability addresses a
critical gap that has been identified in Katiyar and Tripathi's [12] review of AI/ML cybersecurity applications,
wherein deployment issues for operations often arise from unrealistic theoretical models of false positives under
real-world conditions.
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The overall accuracy of 95.7% further demonstrates the robust real-world performance of the model. This shows
a balance between sensitivity and specificity, placing it as very reliable in network security, especially in a high-
security environment. The results from the confusion matrix give an indication that the model would have learned
complex patterns in network traffic, which makes the model very effective at picking up on subtle indications of
malicious activity.

Figure 6. Shows feature importance analysis, carried out through the permutation importance methodology, sheds
light on a very interesting hierarchy of the features that drive the decision-making process of the model. Connection
history is the most influencing feature; its importance score is about 0.22, far higher compared to other features,
and it makes the temporal patterns highly essential for malicious network behavior detection.

This dominance of the historical information indicates that the attack patterns often manifest in distinctive
connection sequences rather than individual connection characteristics. Duration stands second in terms of feature
importance, with a score of about 0.15.

orig_ip_bytes
orig_pkts

resp_ip_byles

Feature

resp_pkts

orig_bytes
service
missed_bytes
resp_bytes

0.00 005 .10 0.15 0.20
Importance Score

Figure 6. Feature Importance

The robust performance of our 1D-CNN architecture enables several practical applications across cybersecurity
domains. In financial services, the model can detect sophisticated APTs targeting sensitive financial data with our
99.99% detection rate, preventing costly breaches. For healthcare organizations, the 9.3% false positive rate
(compared to industry standards of 25-30%) reduces alert fatigue while maintaining protection of critical patient
data systems.

In industrial control systems, our emphasis on temporal features enables the detection of subtle attacks against
SCADA networks that manipulate command timing to bypass traditional defenses. Cloud service providers can
implement the model to identify account takeovers and lateral movement attempts by focusing on connection
history patterns across multi-tenant environments. Government agencies can leverage this approach to reduce
threat detection time from the industry standard 280 hours to potentially under 10 hours through continuous real -
time traffic analysis with minimal human intervention.

Connection state is moderately important, while network-level metrics such as Bytes and Packet counts have lower
importance scores. [22] Some interesting implications of this hierarchy for network security include the following:
first, temporal behavioral patterns are more reliable indicators of malicious activity than instantaneous traffic
characteristics; second, attackers will find it difficult to evade detection by manipulating packet properties given
the increased reliance on temporal patterns; and third, it provides valuable guidance for feature engineering and
data collection work in the future. Secondly, the sharp stratification of feature importance’s gives some clue on
possible optimization strategies: the majority of optimization should aim at historical- and duration-based features
for accuracy and reliability while trying to save on computational overhead for less important features. Figure 7.
shows that the ROC curve analysis indicates that the model has an excellent discriminative capability, given that
it has an AUC score of 0.95, hence very superior in classification.
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Figure 7. ROC Curve

There are a few interesting features in this ROC curve shape that emphasize how powerful this model is: a steep
start-up for outstanding sensitivity at low false positive rates, good separation throughout above random
classification for all threshold values, and a considerable practical operating range to allow for the flexibility of
threshold selection based on specific security needs.

Probably the most important characteristic of cybersecurity applications is the steep climb in the true positive rate
at very low false positive rates, as that shows how the model manages to catch a large proportion of malicious
traffic while maintaining a low rate of false alarms. The smooth progression of the curve suggests stable
performance across different classification thresholds and, thus, suggests operational flexibility for real-world
deployments.

This high AUC score is even more striking, considering the challenge posed by the complex pattern of network
traffic and the sophistication of cyber-attacks in these times. The behavior of this curve in the high-sensitivity
region, toward the upper right, indicates that even as the model is tuned to detect as many threats as possible, it
maintains a reasonable false-positive rate. Also, the shape of the ROC curve is indicative that the model will
continue to perform well across operating points, making it easy for security administrators to adjust the
classification threshold depending on their specific balance of security versus operational overhead. This
flexibility, combined with the high overall performance of the model, makes it particularly useful for practical
security applications, where being able to adapt to various threat environments is key.

Figure 8. Figure 9. shows that training dynamics visualization provides broad insights into the process of model
learning and stability; it shows parallel plots of loss and accuracy metrics across training epochs. [21]The loss
curve is efficiently converged- the training and validation losses decrease rapidly in the first few epochs and
stabilize around 0.153, reflecting the best model fit. Most noteworthy is the minimal gap between the training and
validation loss curves, indicating excellent generalization capability and, hence, effective prevention of overfitting,
probably because of the thoughtfulness in implementing regularization techniques that include dropout layers and
batch normalization. The accuracy plot depicts consistent high performance: the training accuracy and validation
accuracy are stabilizing around 95.7%, which further ascertains the robust generalization capabilities of the model.
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Figure 8. Model Loss of Both Training and Validation
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While minor fluctuations in achieved validation accuracy are negligible, they are highly informative with respect
to the sensitivity of this model to different subsets of data and suggest potential benefits from ensemble approaches.

Model Accuracy
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0.95695

0.95690

Accuracy
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0.95680

—— Training Accuracy

0.95675 Validation Accuracy

o] 5 10 15 20
Epoch

Figure 9. Model Accuracy of Training and Validation

Stability of both metrics at later epochs already serves as a good indication that the model has converted into a
reliable optimal state, while close tracking between training and validation metrics across the training course in
turn serves as a validation of the architecture and hyperparameters chosen.

Such training dynamics also reflect the efficiency of the learning process: indeed, after some epochs, the model
can achieve high performance and remain stable during further training, a fact that signals both computational
efficiency and reliable convergence to an optimum. Furthermore, it will be especially appropriate for deployment
in real-world applications where one needs stable and consistent performance in the case of security applications.

Fig. 10. Shows the classification report. It shows that most of the metrics for both the classifications, namely
benign and malicious traffic, are really good. For instance, in the case of benign traffic classification, perfect
precision (1.00) indicates that if the model classifies the traffic as benign, its decision was right. On the other hand,
recall for benign traffic was 0.91, which means that sometimes it classifies benign traffic as malicious.

BeHign Malicious
M Precision
Figure 10. Classification Report

It is a good thing to be on the conservative side in terms of security. The model provides an outstanding recall for
the malicious traffic class of 1.00, indicating that it uncovers almost all malicious traffic with only a few false
negatives, while still retaining an unreasonably high precision value of 0.93, indicating only a few samples being
false positives.

Both F1-scores, the harmonic mean of precision and recall, are very high: 0.95 for the benign class and 0.96 for
the malicious class, highlighting its well-balanced performance. An overall accuracy of 0.96 is indicative of
superior general performance, while the macro and weighted averages that are similarly at 0.96 suggest that the
performance of the model is even when considering slight class imbalance within the dataset. The metrics depicted
above signify a robust and reliable model suitable for practical cybersecurity applications. Our 1D-CNN model
has a very significant performance compared to other existing state-of-the-art malicious traffic detection schemes.
Rao and Balakrishna's hybrid CNN-GAN [10] can identify 94.7% of malicious traffic through the production of
synthetic normal traffic patterns at the cost of computation overheads with training durations averaging 3.2 times
higher than ours but still generating a higher rate of false positives (15.8% against our 9.3%). Traditional ML
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methods employed by Hassan and Duong-Trung [13] with ensemble learning are fairly effective but achieve only
a 92.5% detection rate and are particularly poor at dealing with sophisticated evasion attacks, detecting merely
78.3% adversarial samples compared to our 99.99% for similar threats.

Recurrent models presented in more recent work demonstrate superb performance at temporal pattern detection
with LSTM-based approaches achieving 97.3% detection rates but at much greater parameter sizes (typically 3-
5% our size) and with inference latencies not suitable for real-time monitoring (mean 125ms per sample versus our
42ms). Besides, newer transformer-based network security models have incredible transfer learning capabilities
but require being pre-trained comprehensively over massive datasets and suffer under the specific memory
constraints of continuous network surveillance. Our approach balances out these compromises by having the
optimal detection performance (99.99%) while being reasonable in terms of computation requirements and false
positives, with excellent performance in adversarial situations where other models suffer dips in performance of
15-30% and our design maintains consistent results thanks to its emphasis on stable temporal features. Table 4.
Explain this.

Table 4: Performance Metrics Comparison with Related Works

Method Detection | False Processing | Parame | Key Advantages Key Limitations
Rate Positive | Time ter
Rate Count
Proposed 99.99% 9.3% 42ms/sampl | 32,033 | Excellent temporal | Moderate false
1D-CNN e pattern recognition; | positive rate; Limited
Balanced computation- | receptive field for
performance trade-off; | very long-term

Strong feature extraction | dependencies

CNN-GAN 94.7% 15.8% 145ms/sam | 126,750 | Good at handling class | High computational
Hybrid [10] ple imbalance;  Generates | requirements;
synthetic training data Complex
implementation;
Higher false positives

LSTM-based | 97.3% 11.2% 147ms/sam | 128,546 | Excellent for long-term | Slow inference time;

RNN ple dependencies; Higher parameter
Sequential pattern | count; Training
recognition complexity

Traditional 92.5% 17.3% | 28ms/sampl | N/A Fast inference; | Poor performance on

ML e (tree- Interpretable results; | complex patterns;

(Random based) Lower training | Highly vulnerable to

Forest) complexity adversarial examples

Transformer- | 98.1% 8.7% 168ms/sam | 285,432 | Strong feature | Very high

based ple correlation analysis; | computational
Handles variable-length | requirements;
inputs well Complex training

process;  Resource-
intensive

Graph 95.8% 10.5% | 95ms/sampl | 156,208 | Captures structural | Requires graph

Neural e network relationships; | construction

Network Good for lateral | overhead; Complex
movement detection implementation;

Limited temporal
analysis

Our work demonstrates several key strengths while also acknowledging some limitations that inform future work.
The primary strength of our 1D-CNN architecture is its excellent malicious traffic detection rate (99.99%) at an
acceptable false positive rate (9.3%)—a key operational deployment trade-off that many existing approaches
cannot achieve. The model's advantage of employing temporal features to drive detection decisions is another
major advantage; as such, features are more resilient to adversarial attacks than packet-level characteristics. The
limited overfitting during training also demonstrates a sound generalization capability that is fundamental to the
detection of novel attack patterns.

But constraints must be tolerated: first, while our false positive rate exceeds the best available solutions, even our

9.3% rate presents high-throughput operational concerns; second, computational demands of our model, as highly

optimized as it can be, may increase implementation issues with resource-scarce settings lacking architectural
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redesigns; third, our testing, rigorous though it was, was against a closed data set that will hopefully not have seen
complete range to capture newly emergent attack approach variation. The 1D-CNN approach also suffers from not
being able to model very long-range dependencies in traffic that would be better managed by recurrent structures
but at an enormous computational cost. These relative strengths and limitations make up our work’s contribution
in the broader research landscape of adversarial-robust network security systems.

5. Conclusion

This paper presents a robust approach to network traffic classification using the 1D-CNN architecture, which has
been specially designed to address the challenges of adversarial attacks in cybersecurity applications. Our proposed
model achieved very good performance, with an overall accuracy of 96% and an impressive AUC-ROC score of
0.95, while malicious traffic maintained close-to-perfect detection rates with only 10 false negatives out of 107,895
malicious instances. Feature importance analysis provided the key insights of model decision-making, underlining
the importance of temporal patterns, especially connection history with an importance score of 0.22 and duration
of 0.15 in detecting malicious activities. That indeed suggests that attackers would face huge difficulties in evading
detection by the simple manipulation of individual packets or properties of connections. In addition, during the
training process, the model showed stable convergence with excellent generalization capability; only minor
overfitting was recorded, and the performances were very similar between both the training and the validation sets.
Moreover, through the confusion matrix analysis, a good practical balance between security and usability could
be seen: thanks to maintaining an extremely low rate of 0.01% for false negatives, the model had a rate of false
positives that was still controllable at 9.3%. These results confirm that our methodology leads the field in not only
research and development but also forms the cornerstone for developing more resilient security solutions. Future
work may extend the capability of the model towards evolving attack patterns, develop real-time adaptation
mechanisms, and further optimize the architecture considering specific deployment scenarios. It has proven that
deep learning architecture holds great promise for making cybersecurity robust and adaptive for the ever-evolving
cyber threats. Submitted our paper makes the following contributions: (1) a novel 1D-CNN model with 99.99%
detection rate of malicious traffic and tolerable 9.3% false positive rate; (2) temporal features (connection history
and duration) as the most robust and adversarial-resilient characteristics for detection; and (3) integration of
defensive techniques into design, a shift from reactive to proactive security approaches. Subsequent work will
focus on: (1) integrating adaptive learning techniques to push false positives to less than 5% without compromising
detection; (2) developing lightweight versions for edge deployment; (3) exploring ensemble techniques to enhance
robustness against diverse attack vectors; (4) extending our technique to encrypted traffic analysis; and (5)
integrating explainable Al techniques to provide actionable alerts, potentially reducing response time by 40-60%.
These directions build on our current work and address the evolving adversarial security threat environment.
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