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Abstract. Traditional methods of Abnormal Behavior Detection (ABD) process the
surveillance video on frame-level, which ignores object-level abnormal behavior patterns. To
address the problem, this paper presents Object-Level Anomaly Detection model (OLAD),
which aims to model various normal behavior patterns of different objects and the normal
interaction patterns between them. Specifically, OLAD introduces an encoding-embedding
network to transform object-level information into the feature space. By integrating such
information, OLAD processes both frame-level and object-level cues in the video for ABD. In
addition, we construct our own dataset Northking2022 especially for office scenes because of
the lack of public datasets for indoor office environments. Experimental results show that
OLAD gains better performance on both the public benchmark and Northking2022.

1. Introduction

Abnormal Behavior Detection (ABD) task aims at automatically determining whether the behavior of
individuals in surveillance videos is abnormal. Since abnormal behavior is often associated with
suspicious behavior, abnormal behavior detection is critical to intelligent video surveillance systems.
Machine learning methods in ABD can be divided into supervised and unsupervised categories.

Supervised methods attempt to model normal and abnormal samples through data annotation
during the training phase, which requires predefined abnormal behaviors according to different
scenarios [1-4]. However, supervised ABD methods are difficult to generalize. Due to the wide variety
of human behaviors, the training data are not able to cover all the situations. In addition, in many
scenarios, one cannot give a clear definition of all possible anomalies. These problems lead to
unsupervised ABD methods that do not require labeled samples at all. Therefore, many scholars have
turned to unsupervised methods to study ABD.

Compared with artificial features, deep features have stronger representation ability. Thus, many
scholars propose unsupervised ABD methods based on deep learning. Sun et al. [5] used Growing
Neural Gas (GNG) to cluster the training samples and judged the testing samples based on their
distance to cluster centers. Hasan et al. [6] fitted the distribution of normal samples on a low-
dimensional subspace/manifold using a convolutional auto-encoder (CAE), and then determined
whether the testing sample can be reconstructed by the model. Convolutional 3D (C3D) can
simultaneously capture spatial and temporal information. Nogas et al. [7] combined C3D with AE to
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calculate the reconstruction error of video spatiotemporal blocks. Ravanbakhsh et al. [8] used U-Net to
reduce the information loss caused by dimensionality reduction and realize cross-modal reconstruction
of video frames and optical flow graphs.

We observe that all the above methods model frame-level features as a whole in the video.
Nevertheless, abnormal behavior patterns of different objects are not the same. Moreover, some
abnormal behavior patterns are contained in the interaction of different types of objects. Therefore,
this paper proposes Object-Level Anomaly Detection model (OLAD), which aims to model the variety
in the normal behavior patterns of different objects and the normal interaction patterns between
different objects. Specifically, in order to distinguish different objects in an image, OLAD first adopts
a pre-trained object segmentation method to acquire the semantic annotation of different objects. The
semantic annotations and recognition probabilities will be used as the input of the ABD module in the
form of a mask. Then, different object information needs to be integrated into the features, in order to
guide the subsequent network to learn the normal behavior patterns of different objects and the normal
interaction patterns between different objects. OLAD utilizes an encoding-embedding method to fuse
semantic information and recognition probability into the feature map. Finally, a prediction scheme is
used for training and testing OLAD.

In addition, we construct our own dataset Northking2022 for office scenes, because of the lack of
public datasets for indoor office environments. This dataset is realistically captured from real office
scenarios and its scale is equivalent to the Avenue dataset [9]. Experimental results show that our
method achieves AUC=76.0% on Northking2022.

2. Dataset

Unsupervised ABD methods usually assume that objects in the training dataset have normal behavior
patterns. Then they model normal behavioral patterns by training a model on the normal data. On the
contrary, the test dataset contains both normal and abnormal behavior patterns. During the testing
process, the detection of abnormal behavior is completed by comparing the difference between the
output of the model and the real behavior.

To enable the best performance of the model, it is necessary to guarantee that the training and
testing datasets are not collected from different camera perspectives. Traditional public datasets (such
as CUHK Avenue [9]) are all outdoor scenes, and the models trained on them are difficult to be
directly applied to indoor office environment. Therefore, this paper presents a realistic office-scene
dataset, Northking2022.

Northking2022 contains 437 video clips, a total of 55551 frames. And each clip is about 7-9
seconds long. Among them, there are 41 indoor abnormal behavior clips, 6648 frames, consisted of 5
types: running, jumping, falling, smoking, and fighting. 241 normal behavior clips (40630 frames) are
used for training. The remaining 52 and abnormal behavior fragments form the test dataset.

Table 1. Comparison between public benchmarks and our Northking2022

Dataset Size Anomaly
CUHK Avenue [9] 30,652 frames 12.5%
Ours (Northking2022) 55,551 frames 12.0%

The statistics of different datasets are shown in Table 1 for comparison.
3. Our approach

3.1. Object-Level Anomaly Detection (OLAD)

Figure 1 illustrates the detailed structure of OLAD. In general, OLAD follows a predictive approach
for unsupervised anomaly detection. Similar to [10], the input of OLAD is t=4 adjacent frames in the
video, and the output is the prediction result for the 5th frame. Actual frame’s anomaly score is
measured by the error between the predicted frame and it.
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Figure 1. Detailed structure of our OLAD

OLAD processes the input video frames in two branches. One of them employ traditional frame-
level unsupervised ABD methods (such as MNAD algorithm [10]), and the other introduces video-
based object-level image segmentation methods (for example Mask2Former algorithm [13,14]). The
MNAD model is mainly divided into three parts: encoder, decoder, and memory module.

Among them, the input image I € R>*M*WX3 is encoded as the feature map Fpope € REXWXC by a
C3D Encoder. Here h X w and H X W are the size of frame and feature map, respectively. And C
indicates the dimensional of features. The memory module stores N pattern features of size f €
RV1XC_ The model calculates the similarity between each pixel on the feature map and each pattern
feature, and then all pattern features are updated according to the similarity. At the same time, a
weighted pattern feature from the memory module can also be “read” according to the similarity.
Finally, these weighted pattern features will be concatenated with the original feature map and
decoded into the predicted frame result. Detailed description can be found in [10].

Although MNAD explicitly identifies N patterns, these patterns do not involve object-level
information in each frame and can only model frame-level behaviors, but not object-level ones.
Therefore, the other branch of OLAD involves a video-based object-level image segmentation method
to extract information of each object k, which consists of object category label 1y € L, object
segmentation mask My € R¥>*%X1 and confidencesy € R.

In order to integrate the object-level information, we design an encoding-embedding network based
on C3D: Enc_Emb{}}; Iy - s - M}. This network transforms the input into the object-level feature
map Fopject € RHXWXC \which is the same dimension as the traditional feature map. Finally, we fuse
the two kinds of information to form the final feature map by an integrating function:

Int{Fframe' Fobject} = Fframe * Fobject-
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3.2. Loss function

In unsupervised ABD, the video frame itself is the supervised signal used to distinguish normal
samples from abnormal ones. During training, the final loss function is calculated as the linear
combination of prediction, feature compactness, and feature separateness losses [10].

3.3. Abnormal score

In order to quantitatively identify normal and abnormal frames in testing videos, it is necessary to
assume that normal frames are similar to the patterns in the memory module. In other words, the video
frames in the training process only contain normal patterns. Following [10], the min-max
normalization of L2 distance and PSNR (peak signal-to-noise ratio) is adopted for anomaly score’s
calculation, where the L2 distance measures the gap between the actual observed frame features and
the pattern features memorized by the model, and the PSNR measures the pixel-level gap between the
actual observed frame and the predicted one from the model.

4. Experiments

4.1. Settings

As preprocessing, each video frame is normalized the color channel to the range of [-1, 1] and rescaled
into 256 X 256. We set the parameters H, W, C to 32, 32 and 512, respectively. The memory number
N of the feature map equals to 10. We adopt Adam [11] with parameters 3; = 0.9 and 3, = 0.999 as
the optimizer. The batch size is 4 and the epoch equals to 60. We choose the learning rate to be
2 X 10™* with a cosine annealing strategy [12] as its decay. The model is trained using PyTorch. The
program is running on a TITAN Xp.

To evaluate the results of ABD, during inference, we use average area under curve (AUC) [10].

4.2. Datasets

Our method is evaluated on Northking2022 along with CUHK Avenue [9], a public benchmark for
ABD. Avenue consists of 47 abnormal events, (such as throwing stuff or running), which forms 16
training and 21 testing videos.

4.3. Comparison with the state-of-the-art

We compare the results of OLAD with SOTA, which is shown in Table 2. OLAD outperforms MNAD
[10] with a 2.2% and 3.9% gain on Avenue and Northking2022, respectively. This is because MNAD
models the frame in the video as a whole, without considering that abnormal behavior patterns of
different objects are not the same. On the other hand, OLAD aims to model the differences in the
normal behavior patterns of different objects and the normal interaction patterns between different
objects, which boosts the ABD performance.

Table 2. OLAD compared with SOTA on Northking2022 and Avenue [9]. * indicates that the results
are reproduced with their public code

Methods AUC (%) on Avenue  AUC (%) on Northking2022
Unmasking [15] 80.6 -

ConvAE [16] 80.0 -

TSC[17] 80.6 -

StackRNN [17] 81.7 -

MemAE w/ memory module [18] 83.3 -

MNAD#* [10] 84.3 72.1

OLAD 86.5 76.0
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Table 3. Ablation studies for OLAD on Northking2022

Methods AUC (%)
Baseline 72.1
OLAD (w/ fully-connect network as embedding) 71.6
OLAD (w/ addition as aggregation) 67.7
OLAD 76.0
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Figure 2. Qualitive Studies for OLAD in Surveillance Applications. “Num of dataset” means the clip
number in the testing dataset of Northking2022. The first 50 of them are clips from normal scenes, and
the rest are from abnormal scenes.

4.4. Ablation studies for OLAD
The results, where we tried different design choices on Northking2022, are demonstrated in Table 3.
As a direct approach, object-level information could be integrated into the frame by a simple fully-
connect network as embedding module. However, the second row of Table 3 shows that the
integration realized in this way actually lower the ABD performance. On the contrary, OLAD
introduces an encoding-embedding method that aggregates the object-level information through an
encoder. As a result, the AUC is boosted by 4.4%.

The third row of Table 3 changes the aggregation operation from multiplication to addition. It is
outperformed by the baseline and the one with fully-connect network and is inferior to our design
choice for OLAD.

4.5. Qualitive Studies for OLAD in Surveillance Applications

OLAD outputs anomaly scores on frame level, which cannot be directly used in surveillance
applications. Thus, anomaly scores on clip level are calculated by averaging the ones on all the frames
within each clip. And a threshold is set to 0.2 to alert the surveillance system.
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Figure 2 illustrates the results on the testing dataset of Northking2022. We can see that, only two of
the normal clips wrongly raise the alert, and a majority of the abnormal ones are detected by our
OLAD.

5. Conclusions

This paper proposes Object-Level Anomaly Detection model (OLAD) to address the problem of
ignoring object-level abnormal behavior patterns in ABD. In order to process both frame-level and
object-level cues in the video, OLAD contains an encoding-embedding network to transform object-
level information into the feature space. By modeling various normal behavior patterns of different
objects and the normal interaction patterns between the objects, OLAD gains better performance on
both the public benchmark and our own dataset Northking2022 especially constructed for office
scenes because of the lack of public datasets for indoor office environments.
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