
Article Not peer-reviewed version

A Unified GAN-Based Framework for

Unsupervised Video Anomaly Detection

Using Optical Flow and RGB Cues

Seung-Hun Kang and Hyun-Soo Kang *

Posted Date: 19 August 2025

doi: 10.20944/preprints202508.1337.v1

Keywords: deep learning; video anomaly detection; unsupervised learning; GAN; optical flow

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/825885


Article

A Unified GAN-Based Framework for Unsupervised
Video Anomaly Detection Using Optical Flow and
RGB Cues
Seung-Hun Kang and Hyun-Soo Kang *

Department of Information and Communication Engineering, School of Electrical and Computer Engineering, Chungbuk
National University, Cheongju-si 28644, Republic of Korea
* Correspondence: hskang@cbnu.ac.kr;

Abstract

Video anomaly detection in unconstrained environments remains a fundamental challenge due to
the scarcity of labeled anomalous data and the diversity of real-world scenarios. To address this, we
propose a novel unsupervised framework that integrates RGB appearance and optical flow motion
via a unified GAN-based architecture. The generator features a dual encoder and a GRU-attention
temporal bottleneck, while the discriminator employs ConvLSTM layers and residual-enhanced MLPs
to evaluate temporal coherence. To improve training stability and reconstruction quality, we introduce
DASLoss—a composite loss that incorporates pixel, perceptual, temporal, and feature consistency
terms. Experiments were conducted on three benchmark datasets. On XD-Violence, our model achieves
an Average Precision (AP) of 80.5%, outperforming other unsupervised methods such as MGAFlow
and Flashback. On Hockey Fight, it achieves an AUC of 0.92 and F1-score of 0.85, demonstrating
strong performance in detecting short-duration violent events. On UCSD Ped2, our model attains an
AUC of 0.96, matching several state-of-the-art models despite using no supervision. These results
confirm the effectiveness and generalizability of our approach in diverse anomaly detection settings.

Keywords: deep learning; video anomaly detection; unsupervised learning; GAN; optical flow

1. Introduction
Video anomaly detection (VAD) plays a critical role in surveillance and safety applications,

as it aims to detect abnormal events in visual scenes without explicit supervision. In real-world
scenarios, collecting comprehensive annotated datasets for all possible anomalies is nearly impossible
due to the diversity and rarity of such events. This challenge has motivated the development of
unsupervised video anomaly detection (UVAD) techniques, which are trained only on normal data
and identify anomalies based on deviations from learned patterns. Traditional UVAD approaches,
such as ConvLSTM autoencoders or GANomaly, focus on reconstructing video frames and detecting
anomalies through reconstruction errors. However, these methods often struggle to jointly capture
spatial appearance and temporal motion dynamics, leading to limited generalization on complex
datasets. Furthermore, many existing frameworks lack robustness in diverse domains such as violent
crowd behavior, sports incidents, or urban surveillance. To address these limitations, we propose a
unified GAN-based framework that integrates optical flow—computed by the UniMatch model—and
RGB information through a dual-encoder generator. The generator includes a temporal GRU-attention
bottleneck, and the discriminator is designed using a ConvLSTM-based structure with residual
enhancement. In addition, we introduce a novel composite loss function, DASLoss, combining
pixel-level, perceptual, temporal, and feature-based components for stable training and enhanced
reconstruction fidelity. Compared to prior works such as ITAE and SVD-GAN, which focus on implicit
reconstruction or frame differencing, our model explicitly fuses motion and appearance cues, enabling
improved anomaly localization. Evaluations on three benchmarks—XD-Violence, Hockey Fight, and
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UCSD Ped2—demonstrate strong cross-domain generalization, with our model achieving an AP of
80.5 on XD-Violence, AUC of 0.92 on Hockey Fight, and AUC of 0.96 on Ped2. These results validate
the effectiveness of our unsupervised paradigm across highly diverse and challenging video datasets.

2. Related Work
Existing approaches for unsupervised video anomaly detection (UVAD) can be broadly cat-

egorized into five main paradigms: reconstruction-based, motion-based, temporal modeling,
generalization-focused, and multi-modal methods.

Reconstruction-based models identify anomalies by measuring the difference between input
frames and their reconstructions, assuming that networks trained only on normal data will fail to
accurately reconstruct abnormal inputs. For example, ConvLSTM-AE [8] employs convolutional LSTM
autoencoders to jointly capture spatial and temporal dependencies, while MemAE [1] introduces a
memory module that stores prototypical normal patterns, improving discrimination capability during
reconstruction. Despite these advancements, such methods often rely on pixel-wise L2 losses, which
tend to produce overly smooth outputs. As a result, they may inadvertently reconstruct anomalous
regions with high fidelity [2], leading to false negatives. Furthermore, pixel-level errors alone may not
align with semantic anomalies, limiting the effectiveness of these methods in complex scenarios.

Motion-based approaches focus on dynamic aspects of scenes, often using future frame prediction
or optical flow analysis to detect unexpected motion patterns. Liu et al. [3] proposed a predictive
ConvLSTM framework to generate future frames and identify anomalies based on large prediction
errors. Although suitable for dynamic actions like running or fighting, these methods generally
struggle with subtle or static anomalies (e.g., loitering), and are also sensitive to motion estimation
noise. Optical flow–only methods, such as FlowNet [9] and PWC-Net [10], offer dense motion
representations but often lack high-level scene understanding and struggle in cluttered or occluded
environments. More recent optical flow methods like UniMatch [16] improve accuracy and robustness
through transformer-based attention mechanisms, yet still require integration with appearance features
for holistic understanding.

Temporal modeling is essential for understanding sequential patterns in videos, as many anoma-
lies involve sudden or progressive changes over time. Traditional recurrent models like RNNs, GRUs,
and LSTMs have been widely used, but they typically assume fixed temporal dependencies and often
fail to capture long-range dynamics or adapt to variable scene transitions. Nguyen et al. [4] proposed
a spatiotemporal autoencoder to address this, but their model lacked mechanisms to assign attention
to informative frames, treating all inputs equally and introducing noise into the latent space. Recent
works have explored temporal attention modules [22] and Transformer architectures for anomaly
detection, enabling more flexible temporal dependency modeling. However, their application in fully
unsupervised settings remains limited due to high training complexity and data requirements.

Generalization and scalability remain persistent challenges in UVAD. Many early methods
were developed and evaluated on constrained datasets like UCSD Ped2 [18] or Avenue [11], which
contain repetitive patterns and simple backgrounds. While these datasets are useful for benchmarking,
they often overestimate real-world applicability. Sultani et al. [5] emphasized this issue through the
introduction of the XD-Violence dataset, which includes diverse and unconstrained scenes such as
crowded streets, sports, and violent behavior. Models trained on simpler datasets tend to overfit to
specific environments and fail to generalize to new domains. Addressing this issue requires models that
can learn robust representations invariant to background noise, scale changes, and camera viewpoints.

Multi-modal fusion has recently emerged as a promising direction to overcome the limitations of
single-modality models. Inspired by supervised action recognition methods like I3D [12] and ECO [7],
which combine RGB and optical flow streams, several UVAD models have attempted to integrate both
appearance and motion cues. For example, MGAFlow [13] introduced motion-guided attention for
fusing optical flow with RGB features, yielding strong performance on challenging datasets. However,
multi-modal fusion in the unsupervised setting remains underexplored due to architectural complexity
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and the absence of aligned supervision signals. Additionally, balancing the contribution of each
modality, especially when one (e.g., optical flow) may be noisy or unreliable, poses another technical
challenge. Nonetheless, the potential of cross-modal integration to enhance anomaly detection in real-
world environments—where both spatial and temporal abnormalities occur simultaneously—makes it
a critical area of ongoing research.

In summary, while substantial progress has been made in unsupervised video anomaly detection,
existing methods still face limitations in generalizability, temporal reasoning, and modality fusion.
Recent trends point toward unified architectures that combine appearance and motion signals, leverage
attention mechanisms, and adopt dynamic decision strategies to better handle the complexities of
real-world scenarios.

3. Materials and Methods
3.1. Overall Framework

The proposed framework is an unsupervised video anomaly detection model that utilizes both
RGB frames and optical flow, integrated into a unified GAN-based architecture. The generator consists
of two parallel encoders (for RGB and flow), a GRU-attention bottleneck, and a multi-stage decoder.
The discriminator is designed using a ConvLSTM-based temporal module. The model is trained only
on normal data(without label) and evaluated on both normal and abnormal video clips.

3.2. Input Preprocessing

To enable efficient and standardized data handling for both training and evaluation, raw video
files are preprocessed into fixed-length tensors containing both RGB and optical flow information.
Each sample consists of T = 6 consecutive frames.

Given a directory of video files, each video is opened using OpenCV’s cv2.VideoCapture. If the
number of available frames is fewer than 6, the video is skipped to ensure consistency in the model
input shape. For valid samples, RGB frames are first extracted and resized to 128 × 128 pixels.

The overall preprocessing pipeline is illustrated in Figure 4. As shown in the figure, RGB frames
are first extracted from the video and then passed into the UniMatch [16] model to compute the
corresponding optical flow maps. UniMatch [16] is a multi-scale optical flow estimator enhanced
with Swin Transformer attention and bidirectional prediction. The resulting optical flow captures
inter-frame motion dynamics critical for anomaly detection.

To demonstrate the effectiveness and clarity of the optical flow representations, we present sample
visualizations from each of the three benchmark datasets used in our experiments.

Figure 1 displays an optical flow map extracted from the Hockey Fight dataset, which contains
violent interactions in sports settings. The strong motion patterns between aggressive actions are
captured in vivid color transitions, effectively distinguishing abnormal events.

Figure 2 illustrates a sample from the UCSD Ped2 dataset, which consists of surveillance footage
of pedestrians on a walkway. Here, optical flow captures subtle anomalies such as bicycles or running
individuals in a typically slow-moving scene.

Finally, Figure 3 presents a frame from the XD-Violence dataset, which features complex and
diverse real-world scenarios. The optical flow visualizes large-scale motion and chaotic dynamics
across multiple actors and objects in uncontrolled environments.

Each flow map encodes motion direction and magnitude via hue and saturation, highlighting
temporally salient regions. These visualizations confirm the ability of UniMatch[16] to produce
meaningful motion representations across varied datasets, facilitating robust spatiotemporal modeling
in our proposed framework.
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Figure 1. Sample optical flow outputs generated by the UniMatch model from Hockey Fight dataset.

Figure 2. Sample optical flow outputs generated by the UniMatch model from UCSD Ped2 dataset.

Figure 3. Sample optical flow outputs generated by the UniMatch model from XD-Violence dataset.

As depicted in Figure 4, both RGB and optical flow sequences are then stacked to construct a uni-
fied representation. Each modality contributes 6 frames, resulting in a combined sequence of 12 frames.
These are normalized to the [0, 1] range using OpenCV’s cv2.normalize with cv2.NORM_MINMAX, and
then stacked to form a tensor of shape [12, 128, 128, 3].

Figure 4. Input preprocessing network.

This tensor is converted to a PyTorch FloatTensor. A ground-truth label is assigned based on
the directory name: samples in “Train” folders are considered normal (label 0), while those in “Test”
folders are labeled as anomalous (label 1). Each sample is saved as a .pt file using torch.save(),
containing:

• frames: a 4D tensor of shape [12, 128, 128, 3],
• label: a scalar indicating the normal (0) or abnormal (1) category.
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During training and evaluation, a custom Dataset class is used to load these .pt files. The
DataLoader provides efficient batch sampling, GPU memory transfer, and shuffling during training to
facilitate scalable learning.

3.3. Handling and Evaluation of UCSD Ped2 Dataset

Unlike the other datasets, the UCSD Ped2 dataset is provided as frame-level image sequences
rather than continuous video files. To maintain consistency with our video-based processing pipeline,
we apply a stride-1 sliding window directly over the frame folders to extract 6-frame sequences. Each
window of 6 consecutive frames [ f1, . . . , f6] is used to compute 6 RGB frames and 6 corresponding
optical flow maps using UniMatch [16]. These are concatenated to form a tensor of shape [12, 128, 128, 3],
consistent with our unified input format.

This preprocessing approach is applied uniformly for both training and testing. All training
samples are extracted from normal clips only. During testing, sequences are sampled with stride 1 to
ensure dense coverage and high-resolution anomaly localization. Anomaly scores are generated for
the last frame f6 of each 6-frame sequence.

Since the UCSD Ped2 dataset provides frame-level ground truth annotations, evaluation is
conducted at the frame level. Specifically, the model’s predictions for frame f6 in each window
are compared against the corresponding ground truth. Frame-level AUC and F1-score are then
computed over all predicted frames, enabling a fair and consistent evaluation aligned with the
dataset’s annotation scheme.

3.4. Training Environments

The model is implemented using PyTorch and trained on an NVIDIA RTX 4090 GPU. The batch
size is 4, and the input clip length is 12. We use the Adam optimizer with a learning rate of 1 × 10−4.
Training is conducted for 400 epochs with early stopping based on validation AUC. Only normal clips
are used for training; abnormal clips are reserved for testing.

3.5. Generator Architecture

The overall structure of the generator is illustrated in Figure 5. As shown in the diagram, the
generator adopts a dual-stream encoder-decoder architecture designed to jointly process optical flow
and RGB information for frame reconstruction.

The top portion of Figure 5 shows the parallel input branches: Flow Input and RGB Input. Each
stream is processed by its own encoder—Flow Encoder and RGB Encoder—both of which consist of
two sequential convolutional layers with ReLU activations:

Conv2d(3, 16) → ReLU → Conv2d(16, 32) → ReLU

These encode low-level spatial features from each modality independently.
The outputs of the two encoders are then concatenated along the channel dimension, resulting in

a 64-channel feature map. This fused representation is passed into the Fusion Conv block (centered in
Figure 5), which is composed of:

Conv2d(64, 64) → ReLU → AdaptiveAvgPool2d((16, 16))

This operation performs spatial compression while preserving semantic content across modalities.
To capture temporal dynamics across the input sequence, the fused features are reshaped into

a sequence and processed by the Lightweight LSTM module. The output is then passed through
a temporal attention mechanism (labeled Attention in Figure 5), which enhances features that are
temporally informative.
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The attended features are flattened and projected via a fully connected layer to yield a bottleneck
tensor of size [512, 4, 4], marked as Fully Connected in the figure. This serves as the initial input to the
decoder stack.

The decoder (lower part of Figure 5) consists of four hierarchical stages labeled Decoder1 to
Decoder4. Each decoder stage includes a transposed convolution followed by an SE (Squeeze-and-
Excitation) module and ReLU activation:

ConvTranspose2d → SEModule → ReLU

This design allows the network to restore spatial resolution while dynamically recalibrating channel-
wise feature importance.

The final layer is a Sigmoid activation that constrains the output pixel values to the range [0, 1],
producing a reconstructed RGB frame of resolution 128 × 128.

Figure 5. Generator architecture.

3.6. Discriminator Architecture

The overall structure of the discriminator is illustrated in Figure 6. As shown in the figure, the
discriminator is designed to evaluate the authenticity of RGB input clips by modeling both spatial and
temporal dependencies through a ConvLSTM-based framework.

The process begins with an Input Clip (RGB) of T consecutive frames. These frames are passed
through the ConvLSTM Module, highlighted in the right panel of Figure 6. This module consists of a
convolutional layer followed by batch normalization and ReLU activation:

Conv2d(input, hidden) → BatchNorm2d → ReLU
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Afterward, an AdaptiveAvgPool2d operation compresses spatial resolution to a fixed size of (4 × 4),
followed by an LSTM layer that models the temporal progression of features across frames. This
produces a temporal feature sequence as depicted in the main diagram.

Next, temporal information is aggregated via Temporal Mean Pooling, which computes the average
across all time steps, yielding a single feature vector per sequence.

The pooled feature is then passed into a Residual Block + FC Head, also detailed on the right side of
Figure 6. The residual block includes two fully connected layers interleaved with LayerNorm and ReLU
activations. The input is added back to the block output to preserve gradient flow:

x → FC → LayerNorm → ReLU → FC + x

This residual-enhanced feature is passed to the final FC Head, which consists of two LeakyReLU-
activated fully connected layers followed by a final linear layer that outputs a single real/fake logit.

Importantly, intermediate feature sequences from the ConvLSTM module are also reused during
generator training to compute feature-level consistency loss. This encourages the generator to produce
outputs that align with real temporal semantics.

Figure 6. Discriminator architecture.

3.7. Loss Function
Generator Loss: DASLoss

The generator is trained using a composite objective called the DASLoss, named after its three
core components — Discriminator feature alignment (L f eature), Appearance/perceptual consistency
(Lperceptual), and Smoothness in the temporal domain (Ltemporal). In addition, a pixel-level reconstruc-
tion loss (Lpixel) is included to preserve low-level fidelity.

LDAS = λpixLpixel + λ f eatL f eature + λtempLtemporal + λpercLperceptual (1)

where each term is defined as:

Pixel Reconstruction Loss (Lpixel) :

Lpixel =
1
N

N

∑
i=1

∥xi − x̂i∥2
2 (2)

Mean squared error between ground-truth and reconstructed frames, widely used in autoencoder-
based video anomaly detection [8,29].
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Feature Matching Loss (L f eature) :

L f eature =
1
L

L

∑
ℓ=1

∥∥∥D(ℓ)(x)− D(ℓ)(x̂)
∥∥∥

1
(3)

L1 distance between intermediate discriminator features of real and generated frames, following the
feature matching strategy from [33].

Temporal Smoothness Loss (Ltemporal) :

Ltemporal =
1

T − 1

T−1

∑
t=1

∥x̂t+1 − x̂t∥2
2 (4)

L2 norm of differences between consecutive reconstructed frames to encourage temporal consis-
tency [34,35].

Perceptual Loss (Lperceptual) :

Lperceptual = ∑
j∈F

∥∥ϕj(x)− ϕj(x̂)
∥∥2

2 (5)

L2 distance between VGG-16 features of real and reconstructed frames, based on perceptual loss
from [36].

Discriminator Loss

The discriminator is trained to distinguish real frames from generated ones using a least-squares
GAN loss:

LD =
1
2
Ex∼Pdata

[
(D(x)− 1)2

]
+

1
2
Ex̂∼PG

[
D(x̂)2

]
(6)

This least-squares formulation [37] stabilizes training by preventing vanishing gradients. The generator
and discriminator are updated alternately, with detached gradients used for the discriminator to avoid
affecting the generator’s backpropagation.

3.8. Anomaly Scoring and Thresholding

During inference, the anomaly score st for each frame t is computed as a weighted sum of
pixel-wise reconstruction error and feature-space discrepancy from the discriminator:

st = α · ∥xt − x̂t∥2
2 + β ·

∥∥∥D( f )(xt)− D( f )(x̂t)
∥∥∥

1
(7)

where:

• xt and x̂t are the ground-truth and reconstructed frames at time t.
• D( f )(·) denotes the discriminator’s final intermediate feature layer.
• α and β are weighting coefficients for pixel and feature components.

This scoring strategy is inspired by combining pixel and feature reconstruction errors [1,2].
To convert scores into binary anomaly predictions, a dynamic threshold τ∗ is selected using

Youden’s J-statistic [38]:
τ∗ = arg max

τ
[TPR(τ)− FPR(τ)] (8)

This adaptive criterion ensures optimal separation between normal and abnormal samples and is
applied per video or scene to account for distributional shifts, improving both F1 and recall compared
to fixed thresholding.
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4. Results
We evaluate the model’s generalizability and effectiveness on three benchmark datasets: XD-

Violence [19], Hockey Fight [17], and UCSD Ped2 [18]. These datasets include various real-world
challenges such as complex motion, violent behavior, and subtle anomalies in surveillance scenes.

4.1. Evaluation Metrics and Setup

The performance is measured using widely adopted metrics: Average Precision (AP), Area Under
the Curve (AUC), and F1-score. The model is trained using only normal data and tested on both
normal and anomalous clips. Evaluation is conducted at the frame level using dynamic thresholding
based on Youden’s J-statistic.

F1-Score. The F1-score is the harmonic mean of precision and recall, and is defined as:

F1 = 2 · Precision · Recall
Precision + Recall

(9)

Average Precision (AP). AP measures the area under the precision-recall curve and is defined as:

AP = ∑
n
(Rn − Rn−1) · Pn (10)

Area Under the Curve (AUC). AUC corresponds to the area under the Receiver Operating Characteris-
tic (ROC) curve and is defined as:

AUC =
∫ 1

0
TPR(FPR) dFPR (11)

Table 1. Summary of key hyperparameters used in the proposed model.

Parameter Value / Description
Input frame size 128 × 128
Input sequence length 6 frames (flow) + 6 frames (RGB)
Batch size 4
Optimizer Adam
Learning rate 1 × 10−4

Training epochs 400 (with early stopping)
λpixel 1.0
λ f eature 0.1
λtemporal 0.1
λperceptual 0.01

4.2. Quantitative Results on Benchmark Datasets

As shown in Table 2, our model achieves an AP of 80.5% on the XD-Violence dataset [19], outper-
forming other unsupervised methods such as MGAFlow [13], DiffusionAD, STPM [23], MemAE [1],
and even the zero-shot Flashback model [14]. This demonstrates our model’s robustness under
real-world, unconstrained conditions.

Table 3 shows results on the Hockey Fight dataset [17]. Our model achieves an AUC of 0.92
and F1-score of 0.85, surpassing prior unsupervised models such as AnoGAN [2], GANomaly [21],
MemAE [1], CFA-HLGAtt [22], and ConvLSTM-AE [8].

Finally, Table 4 presents results on the UCSD Ped2 dataset [18]. Our model reaches an AUC of
0.96, comparable to hybrid models such as CR-AE [31] and Optical Flow + STC + GAN [32], and just
below memory-augmented AMC [1].
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Table 2. Comparison of Average Precision (AP) on the XD-Violence dataset.

Model Method AP (%)

MGAFlow [13] Unsupervised 75.3
DiffusionAD [20] Unsupervised 68.0

STPM [23] Unsupervised 61.0
MemAE [1] Unsupervised 63.0

Flashback [14] Zero-shot 75.1
Our model Unsupervised 80.5

Table 3. Comparison of AUC and F1-score on the Hockey Fight dataset.

Model Method AUC F1-score

AnoGAN [2] Unsupervised 0.63 0.57
GANomaly [21] Semi-supervised 0.71 0.59

MemAE [1] Unsupervised 0.73 0.65
CFA-HLGAtt [22] Unsupervised 0.85 0.82

RTFM [27] Weakly-supervised 0.85 0.73
ConvLSTM-AE [8] Unsupervised 0.89 0.86

Our model Unsupervised 0.92 0.85

Table 4. Comparison of AUC on the UCSD Ped2 dataset.

Model Method AUC

MPPCA [28] Unsupervised 0.69
MDT [18] Unsupervised 0.83

Conv2D-AE [29] Unsupervised 0.85
ConvLSTM-AE [8] Unsupervised 0.88
Conv3D-AE [30] Unsupervised 0.91

STADNet [24] Unsupervised 0.95
CR-AE [31] Unsupervised 0.96

Optical Flow + STC +
GAN [32] Unsupervised 0.97

Multi-level
Memory-augmented AMC [25] Unsupervised 0.99

Our model Unsupervised 0.96

5. Discussion
5.1. Performance Analysis Across Datasets

To assess the generalization and anomaly detection performance of our GAN-based framework,
we evaluated it on three public benchmarks: Hockey Fight, UCSD Ped2, and XD-Violence. All
experiments were conducted in a fully unsupervised setting, using only normal sequences for training
and no anomaly labels at any training stage.

On the Hockey Fight dataset, our model achieved an AUC of 0.92 and an F1-score of 0.85. While
the AUC surpasses prior unsupervised methods such as MemAE [1], the F1-score is comparable to
that of ConvLSTM-AE [8] (0.86). This indicates that, although our model shows a stronger ability to
rank anomalies correctly, its decision threshold performance in terms of precision–recall balance is
on par with the best existing unsupervised baselines. The GRU-attention bottleneck was particularly
helpful in capturing localized bursts of motion, while the optical flow estimated by UniMatch [16]
provided motion cues that complemented RGB appearance information.

On UCSD Ped2, our model obtained a high AUC of 0.96, showing robustness in static surveillance
environments. The dual-encoder design successfully detected subtle spatial anomalies such as bicycles
or small vehicles in pedestrian zones. While optical flow extraction for Ped2 is generally weak
due to the camera’s distant viewpoint and the slow pace of normal pedestrians, anomalies in this
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dataset—bicycles and cars—exhibit much larger size and speed differences, resulting in clear motion
patterns. As illustrated in Figure 2, optical flow extraction for these anomalies remains effective.
Furthermore, our DASLoss, with its perceptual and feature matching terms, helped maintain semantic-
level reconstruction quality even when motion cues were limited. Together, these factors offset the
shortcomings of optical flow in low-motion settings.

The most challenging benchmark, XD-Violence, includes diverse scenes and heterogeneous
anomalies. Our model achieved an AP of 80.5, surpassing recent unsupervised models like
MGAFlow [13] (75.3) and Flashback [14] (75.1). Notably, this was accomplished without using any
labeled anomalies. The fusion of RGB and optical flow streams, combined with the multi-component
DASLoss, was critical for capturing both semantic appearance and motion patterns. Despite the
dataset’s complexity, performance was close to that of weakly-supervised methods such as WRAE [15]
(83.0), underscoring the effectiveness of our dual-stream design.

5.2. Architectural Contributions

The generator employs a dual-encoder design, processing RGB and optical flow separately to
preserve modality-specific information before fusion. This enables balanced capture of fine spatial
details from RGB and motion dynamics from optical flow. A GRU with attention pooling then focuses
on the most informative temporal segments, enhancing detection of short, sudden anomalies. The
SE-enhanced decoder further refines channel-wise responses, preserving small object details and clear
boundaries.

The discriminator adopts a ConvLSTM-based structure to model sequence-level temporal depen-
dencies, with residual fully connected layers improving adversarial stability. The proposed DASLoss
combines pixel-level reconstruction, feature matching, perceptual, and temporal smoothness terms.
The perceptual term improves global semantic coherence, while the temporal term reduces flicker and
maintains motion continuity.

6. Conclusions and Future Work
In this paper, we presented a unified GAN-based framework for unsupervised video anomaly

detection that leverages both RGB and optical flow inputs. By integrating a dual-stream encoder,
temporal GRU-attention bottleneck, and ConvLSTM [26]-based discriminator, our model effectively
captures complex spatiotemporal patterns without relying on labeled anomalies. The proposed
DASLoss further enhances training stability and reconstruction fidelity through a combination of
pixel, feature, temporal, and perceptual consistency terms. Experimental results on three challenging
benchmarks—Hockey Fight, UCSD Ped2, and XD-Violence—demonstrated that our approach achieves
competitive or superior performance compared to state-of-the-art unsupervised methods, and even
rivals some weakly-supervised models. These findings validate the robustness and generalizability
of our unsupervised paradigm, making it a promising candidate for real-world video surveillance
applications.

Despite its strong performance, our framework still has room for improvement in two key areas.
First, the computational cost of optical flow estimation remains a challenge, particularly for real-
time deployment. While UniMatch[16] provides accurate motion representations, calculating optical
flow for every frame pair is resource-intensive. To address this, we plan to explore lightweight or
approximated motion representation techniques that reduce memory and processing overhead, such
as using adaptive flow computation intervals or learning flow-free motion embeddings.

Second, although our model is currently designed for offline analysis, real-world applications
often require low-latency responses. Therefore, we aim to extend our framework for real-time anomaly
detection by redesigning the temporal components—such as the GRU bottleneck and ConvLSTM
[26]discriminator—to support online and incremental processing. These advancements will enhance
the scalability and practicality of our approach, allowing it to operate effectively in dynamic and
resource-constrained environments.
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Finally, we observed that although our model performed well on the UCSD Ped2 dataset, it did
not achieve the absolute highest accuracy among all benchmarks. This limitation is partly due to the
dataset’s nature: slow pedestrian movement and distant viewpoints result in weak optical flow signals,
making it harder for the model to exploit motion cues effectively. We believe that incorporating more
sensitive or adaptive optical flow extraction methods—such as learning-based refinement or attention-
driven flow amplification—could further enhance anomaly localization in such subtle scenarios. Future
work will investigate these directions to boost detection performance in low-motion environments.
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