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Abstract: Maintaining a high input resolution is crucial for more complex tasks like detection or
segmentation to ensure that models can adequately identify and reflect fine details in the output. This
study aims to reduce the computation costs associated with high-resolution input by using a variant
of transformer, known as the Adaptive Clustering Transformer (ACT). The proposed model is named
ACT-FRCNN. Which integrates ACT with a Faster Region-Based Convolution Neural Network
(FRCNN) for a detection task head. In this paper, we proposed a method to improve the detection
framework, resulting in better performance for out-of-domain images, improved object identification,
and reduced dependence on non-maximum suppression. The ACT-FRCNN represents a significant
step in the application of transformer models to challenging visual tasks like object detection, laying
the foundation for future work using transformer models. The performance of ACT-FRCNN was
evaluated on a variety of well-known datasets including BSDS500, NYUDv2, and COCO. The results
indicate that ACT-FRCNN reduces over-detection errors and improves the detection of large objects.
The findings from this research have practical implications for object detection and other computer
vision tasks.

Keywords: adaptive clustering transformer (ACT); object detection; segmentation; computer vision;
classification; feature map

1. Introduction

The Bidirectional Transformer [1] paradigm has demonstrated outstanding improve-
ments in machine translation [2], question—answering [3], text categorization [4], and
document summarization [5], among other NLP issues. This accomplishment is partly
due to the transformer’s ability to recognize complex relationships among input sequences
through self-attention. It uses pre-train models on large datasets without encountering
performance saturation due to its scalability [1,4].

Transformers can be directly applied to images by converting an image into a collection
of patches. Although attention-based transformer models may not perform as well as
convolution-based models on medium-sized datasets, these can be pre-trained on a large
amount of data due to their capacity, as seen in NLP transformers [4]. This shows attention-
based components have the potential to improve or even replace the traditional convolution
approach that has been standard in vision modeling for a long time [5].

The higher-level feature maps of a convolutional network often align with the input’s
spatial layout. This means that features from objects on the left of an input image tend
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to appear on the left of higher-level feature maps [5]. This property makes it easy to
convert convolutional classifiers into object detectors by adding detection heads that
output object classes and positions on high-level convolutional maps. Unlike convolutional
networks, transformers can work at each layer of the network, potentially affecting the
spatial relationship between input features and those at the middle layers. This raises the
question of whether ACT can be adjusted to perform tasks that require more sensitivity to
local context, such as object detection or segmentation.

This research proposes an ACT technique to replace the transformer in the encoder
of the original FRCNN system as an easy-to-add component. The ACT works well with
the classic transformer and does not require new skills. Adding Multi-Task Knowledge
Distillation (MTKD) to ACT can improve its accuracy to match the original transformer.
MTKD can also allow for a seamless transition between models with different computing
resources and accuracy during inference. However, some transformer adjustments can be
made to reduce computational complexity [6-9]. If we have enough processing power, one
obvious question is if we can improve the performance of FRCNN and strike a balance
with computational resources.

In this paper a new model ACT-FRCNN is developed. The model is based on ACT
and includes specific task heads for detecting and locating objects in images. The aim is
to demonstrate that ACT-FRCNN, with its transformer-based backbone, can effectively
preserve crucial spatial information for object detection. The experiment illustrate that
ACT-FRCNN shares many of the desired features of transformer-based models while
achieving strong performance on various benchmarked datasets including: BSDS500 [10],
NC2016 [11], and COCO 2017 [12]. This research examines the benefits of using the exten-
sive pre-training method with transformers for object detection tasks. The experimental
results demonstrate a decrease in false positive detections and improved detection perfor-
mance for large objects, possibly due to the architecture’s ability to attend globally.

In this paper a large-scale computer vision models are typically trained on massive
datasets and then fine-tuned for specific tasksaa.

The main contributions are threefold:

Designed an ACT-FRCNN model that can be used for object detection and segmentation.
Proposed an Adaptive Clustering Transformer (ACT) with Convolutional Neural
Network (CNN) as the backbone of ACT-FRCNN.

e ACT-FRCNN is evaluated on three different datasets: BSDS500, NYUDv2, and COCO
2017, and demonstrate significant outcomes.

The remaining manuscript sections are organized: Section 2 discusses related work.
Section 3 demonstrates the method and materials used in this research. Section 4 describes
the experimental procedure. Finally, Sections 5 and 6 presents the discussion and conclusion
respectively.

2. Related Work
2.1. NLP and CV for Attention Model

The attention model [13] has been widely utilized in computer vision (CV) and NLP
due to its inherent capability to gather evolving information that evolves over time. The
transformer facilitates the exchange of data between two entities, such as regions in CV or
words in NLP. Transformer has achieved cutting-edge results in Machine translation [14],
object detection [15], multimodality reasoning [16], picture classifications [17], video classi-
fications [18], and language understanding [1]. The transformer has performed very well
in different situations.

However, scaling is complex because the length of the input sequence leads to
quadratic complexity. There are many ideas for solving the Transformer’s computational
issues. Kitaev et al. [19] suggested sharing the key and query, clustering features that are
close together into one cluster using Locality Sensitive Hashing (LSH) to perform informa-
tion exchange into each cluster. Zhu et al. [20] approximates the SoftMax between the key
and query interaction with linear complexity, verifiable approximation error, and positive



Algorithms 2024, 17, 475

30f15

orthogonal random features (PORFs). Using the association property, the authors of linear
attention [9] reduce the complexity of key-query value multiplication from quadratic to
linear. By eliminating the input of one layer at a time, the method of progressive elimi-
nation [8] can reduce the computational cost of the transformer while still achieving the
same or better performance as the original. To reduce the computational complexity, asym-
metric attention [21] summarizes essential features into a small number of key vectors
by pooling over these features at many scales. Global graph reasoning [5] uses weighted
pooling to compress input data into globally unique vectors that may then be transmitted.
As mentioned earlier, these techniques altered the original transformer’s structure and
required substantial training and inference resources. Additionally, the performance gap
between ACT and the original transformer can be further reduced with a few iterations of
fine-tuning knowledge distillation [22].

2.2. Deep Learning for Object Detection

The framework for object detection sorts data within a changing time window [22]. The
Viola-Jones Sliding window technique was used for face detection with a face detector [23]
and AdaBoost [24]. In addition, the CNN method has been used for object classification
with great success [25], as will the deep features classification used for object identification.
The object detection utilizing in-depth features can be classified into two types: one-stage
and two-stage approaches. The two-stage solutions include RCNN [26], Fast RCNN, and
Faster RCNN [26], Whereas the one-stage options are YOLO [26] and SSD [27]. Training
and deploying earlier techniques for object detection is more difficult due to the extensive
post-processing pipeline NMS [28], imbalanced loss, and hand-crafted anchor [29]. Instead
of using a sliding window, objects can now be detected by solving a robust set prediction
problem against permutations. Liu et al. [30] developed an end-to-end people detection
using the CNN encoding of visual features and the LSTM [31] decoding of the bounding
box sequentially. Hungarian loss [31] will be applied to the end-to-end training process
to ensure the predicted bounding box is consistent with the ground truth. Recurrent
instance segmentation [32] superimposes an extra-segmentation head over the end-to-end
object identification architecture, testing the concept of instance segmentation with great
success. Using the more powerful transformer instead of LSTM [31] has simplified the
object detection pipeline by solving the end-to-end set prediction problem, removing the
need for custom priors. However, because self-attention has quadratic complexity, end-to-
end set prediction converges slowly and requires high inference costs. SMCA [33] increased
convergence speed by introducing Gaussian before the transformer decoder.

2.3. Self-Attention for Object Detection

DETR [5] is an essential method because it effectively utilizes transformers for object
detection. It includes a set-matching loss, a transformer encoder, and a decoder, all inte-
grated with a standard convolutional neural network (CNN) model such as ResNet-50/101.
This method stands out because it eliminates the need for non-maximum suppression
(NMS), and its decoder design can independently learn to remove redundant bounding
box predictions. Deformable DETR [27] addresses a few drawbacks of DETR: (1) achiev-
ing relatively poor detection performance on small objects and (2) requiring substantially
longer training epochs for convergence than standard detectors. Our proposed ACT aims to
reduce the computational cost of DETR’s inference without retraining, unlike Deformable
DETR and SMCA.

DETR variations have also been suggested as solutions to the issues. By combining a
multi-scale deformable encoder with learnable sparse sampling, Deformable DETR [34]
speeds up convergence. To address problems mostly created by the insurmountable
challenge of processing high-resolution feature maps, deformable DETR implements a
deformable attention module that learns to focus on a small fraction of sample points
in the feature map. Differently, RelationNet++ [35] benefits from multi-head attention.
A “Bridging Visual Representations” (BVR) module built on a transformer decoder is
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suggested to integrate information from various object representations. These results build
on the work conducted by RelationNet [36] and Non-Local Networks (NL) [19] in object
recognition by splitting the focus between bounding box features and pixel features.

DETR and Deformable DETR use convolutional networks to encode visual charac-
teristics, while the transformer decodes these features into detection outputs. This article
explores a new variation of a transformer-based detector in which the transformer encodes
visual information instead of a standard region proposal network (RPN) and also generates
the output detections.

2.4. Pertaining Model and Self-Training

Numerous studies have used large-scale datasets, like JFT-300M [37] and 1G-940M [38],
to investigate how useful pre-training is for learning visual representations. Big Transfer
(BiT) [39] found that detection transfer performance was aided by extensive classification-
based pre-training. He et al. [40] have found that when the detection dataset is large
enough, small-scale classification-based pre-training, such as pre-training on ILSVRC-
2012 [41], does not always improve detection performance compared to training from
scratch. In this paper, the pre-training paradigms for object detection are the primary focus
of our attention. However, semi-supervised learning [42] and self-training [43] paradigms
are also effective when working with enormous amounts of unlabeled data.

2.5. Research Gap

The research discussed in this paper aims to improve our understanding of how trans-
former models, specifically the ACT model, can be used in object identification and other
computer vision tasks. It also aims to enhance object detection systems by addressing the
limitations of current methods. The paper proposes an FRCNN model that integrates ACT,
leveraging the well-known transformer features of extensive pretraining capability and fast
fine-tuning performance. Experimental results demonstrate the superior performance of
the ACT-FRCNN model on the BSDS500, NYUDv2, and COCO 2017 benchmark datasets.
The findings indicate that the ACT-FRCNN model outperforms many state-of-the-art
techniques, achieving higher accuracy using fewer parameters.

3. Method and Materials

In ACT-FRCNN, a detection network is used with Adaptive Clustering backbone. This
addition allows us to determine bounding box classifications and coordinates. The original
transformer’s design is identical to the adaptive clustering transformer (ACT) we proposed.
ACT reduces the calculation cost of the transformer without requiring retraining. Through
a few rounds of knowledge distillation fine-tuning, we can narrow the performance gap
between ACT and the base transformer [1]. Figure 1 shows a visual representation of the
ACT-FRCNN architecture. The RPN generates multiple predictions for each location on
the map to identify exciting areas likely to contain objects. Each prediction corresponds to
a specific anchor on the map and has different sizes and aspect ratios. The first step is to
determine if an object exists in that area, and then the system determines the coordinates
of a box around the object. Parameterization allows us to calculate the bounding boxes as
distances from the anchor boxes.

ty = (x — x5)/wy = (x* —x5)/w,
ty =Y —Ya)/ha ty =" —Va)/ha 1)
tw = log(w/wy) t = log(w* /w,)

ty, =log(h/h,) th = log(h*/hy,)
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Figure 1. The ACT-FRCNN model relies on an ACT framework for its object detection capabilities. It
generates a feature map using the last transformer layer’s per-patch outputs to feed into a detection
model. For precise object detection, this model generates both class predictions and box coordinates.
ACT-FRCNN exhibits remarkable performance and shares the benefits of transformer-based models.

The coordinates (x, y, w, h) of the box’s center, width, and height are denoted by
x, X5, and x*, whereas x, x;, and x* represent the prediction, anchor, and ground truth,
respectively. When comparing the true offsets t* to the projected offsets ¢, the box training
loss is equivalent to a Huber loss. The best candidates are used to Rol-pool regions from the
feature map based on the RPN’s thorough forecast of object-containing regions, yielding
one feature proposal for each region. The same parameterization as before provides
these pooled features to a pair of lightweight heads, which then generate bounding box
regressions and predictions for object categories (or background).

The DETR encoder includes features that allow it to use the attention mechanism to
gather information from nearby positions. Our research shows that similar features in close
physical proximity tend to produce identical attention maps. ACT must select prototypes
representing the whole and communicate updated characteristics to its neighbor since its
self-attention overlaps with its nearest neighbor. The more complex the encoder becomes,
the more similar its characteristics grow as they start to share data. Also, each encoder layer
shows a significant variation in the distributions of input features. These findings suggest
using an adaptive method to determine the required number of prototypes for each data
layer instead of relying on a predetermined set of cluster centers.

To tackle the issue of encoder attention redundancy, ACT utilizes key-query attention
for representative prototypes. These prototypes are created by clustering similar query
features and then averaging them. The modified features of the prototypes are then shared
with their neighbors by using the Euclidean distance on the query feature space. Due
to the wide variety of encoder characteristics, we need an adaptive clustering method to
categorize features based on their location in the input and encoder layers. Our technique
called multi-round exact Euclidean locality sensitivity hashing (E2LSH) [19] achieves query
feature distribution-aware clustering.

3.1. Implementation Details

In this implementation, the used settings are similar to those for ACT-FRCNN and the
original Faster R-CNN. The RPN predicts 15 anchors at each spot: the used of five sizes
(32 x 32,64 x 64,128 x 128,256 x 256, and 512 x 512 pixels) and three different shapes
(1:1, 1:2, and 2:1). NMS is applied to the region suggestions generated by the RPN with an
overlap threshold of 0.6. During training, the top 22,000 suggestions are sent to the detector
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heads, and during inference, the top 800 are used. To create our final detections, the perform
a final round of NMS at the time of inference using a threshold of 0.4. to explored two
ways to use the encoder outputs: combining all intermediate outputs into a single one and
using only the last one. The use a learned transformation in both approaches to reduce the
spatial feature map’s dimensionality to 512 channels. Finally, added intermediate residual
blocks between the detection module and the encoder spatial feature map was practical
(for a visual representation of the residual block structure, similar to ResNet with some
slight modifications, refer to Figure 2).

Normalization | Activation

Normalization P Activation

Figure 2. The encoder outputs are connected to the detection module using the intermediary residual
convolution blocks. Batch normalization and GeLU activation functions are used in all studies.

3.2. Adaptive Clustering Transformer
3.2.1. Determine Prototypes

The locality sensitive hashing (LSH) prototype is used to join queries that are close
together based on Euclidean distance. This method effectively solves the nearest neighbor
search problem. When vectors are close, they are likely to have the same hash, while those
far apart do not. By adjusting the hash function’s parameters and the number of hashing
iterations, to ensured that all vectors with a distance less than p end up in the same hash
bucket. Specifically, the used the exact Euclidean locality sensitive hashing (E2LSH) as our
hash function [19].

- =
a.v+b

) =[—] @

r
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0
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where & : RY — Z is the hash function, r is a hyper-parameter, and 4, b are random vari-
ables satisfying q = (a,az,...... ,a4), witha; ~ N (0,1)and b ~ u (0,7). The results
carry more weight when LSH is applied iteratively. The final hash value obtained by

— =1 . .
h(v) =) B'hi(v) ®)
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where each h; is calculated using Equation (3) with parameters 4 and b drawn at random,

and where B is a constant equal to 4 in our trials. The random normal vectors E)l Zl and
offset b; in each hash function h; can be visualized as a series of parallel hyperplanes. The
hyper-parameter r controls the spacing of the hyperplanes. More significant separation
indicates greater importance. In addition, L hash functions partition the search area into
a number of cells, each of which contains vectors that are hashed to the same value. The
likelihood that the vectors enter the same cell increases as the Euclidean distance decreases.
To obtain the prototypes, the hash value for each query was first computed. The
questions that have the same hash value will be clustered together, with the prototype query
serving as the group’s hub. The Q € RN*Dk and the queries P € R€*Pk sets as prototypes,
where N and C are the number of groups for queries and prototypes, respectively. The G;
represent the index of the cluster to which Q; belongs. The Prototype of the jth group can

be obtained by Equation (4).
P, — Zi/Gi :]Ql

1T LGt @)
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3.2.2. Estimate Attention Output

After the initial stage, a prototype created to represent each set of questions. Then
compute the attention map between the prototypes and keys. After that, the gathered of the
specific target vector for each prototype and applied it to the original questions. This allows
to estimate the impact on attention roughly. By reducing the number of prototypes and hash
rounds, which are much fewer than N and M, this significantly reduce the computation’s
difficulty by a factor of C compared to the exact attention calculation.

Formally, the values K € RM*Dx are the keys V € R€*Pk. The following equations
provide us with an approximation of the output of attention:

L= Lpred(Y/ YZ) + LKD(Blr BZ) 5)
W= AV (6)
V=W, G = )

where G; stands for the index of the cluster Q;. SoftMax function is applied row-wise.

3.3. Multi-Task Knowledge Distillation

ACT has been found to reduce the computational cost of FRCNN without need of
retraining. Additionally, it has been discovered that fine-tuning MTKD multiple times,
leads to better performance-to-computability ratio. The process for MTKD is shown in
Figure 3. Image features will first be extracted using the pre-trained CNN backbone, which
is specifically designed to capture intricate spatial hierarchies and patterns within the data.
Once extracted, these features will be passed into both the adaptive convolutional trans-
former (ACT) and the original transformer in parallel, allowing for a comparative analysis
of their respective outputs. To ensure a seamless transition and integration between ACT
and the original transformer, the training process will be guided by Multi-Task Knowl-
edge Distillation (MTKD). This approach facilitates optimal performance by leveraging the
strengths of both models. Below is a notation for the training loss:

L = Lyyea(Y,Ya) + Lxp(By, By.detach()) ®)

where Y stands for the real world, B; for the ACT prediction’s bounding box, and By, Y, for
the whole prediction. The difference between the truth and FRCNN's prediction is denoted
by Lyreq (Y, Y2). The L, distance between the ACT and FRCNN predictions is minimized by
Lkp (B1, Bp), which is the knowledge distillation loss.

Lxp(B1,B2) Knowledge
™ Transformer p»| Prediction Destilation Loss
Parameter
Sharing »  Prediction
Lpred(YaYE}
CNN > ACT — » Prediction-Loss
Backbone | Ground Truth

Figure 3. Multi-task knowledge Distillation. Initially, the CNN core extract features from images. The
transformer kept in parallel with the excised section being fed into it. Training process guided by
MTKD to ensure a smooth transition from the original transformer to ACT.

The training loss helps with the smooth transition from ACT to transformer by training
the original transformer at the same time. The knowledge transformer includes region
categorization and regression distillation features. The impact of ACT’s approximation
error is more noticeable in the regression sub-branch than in the classification sub-branch.
The transferred of knowledge of the bounding box regression technique. Just by moving
the box regression branch, the convergence rate is significantly improved.
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3.4. Datasets

The ACT-FRCNN model is evaluated on the BSDS500 [10], NYUDv2 [11], and COCO
2017 [12] benchmarks to determine how well the suggested strategy performed in different
settings. The studies conducted on the BSDS500, NYUDv2, and COCO 2017 benchmarks
provide strong evidence for the effectiveness and adaptability of the proposed strategy and
demonstrate how it can advance the field of computer vision. The aimed is to illustrate
the efficiency and robustness of the proposed method in various image analysis tasks
by evaluating it across these three benchmarks. According to the experimental results,
this strategy outperforms the state of the art regarding accuracy and efficiency across all
three benchmarks. These results showcase the versatility of the technique, indicating its
suitability for tasks such as object identification and segmentation, depth estimation, and
image segmentation.

3.4.1. BSDS500 Dataset

The Berkeley Segmentation Dataset and Benchmark dataset (BSDS500) comprises
500 natural RGB photos, with 200 allocated for training, 100 for validation, and 200 for
testing. Each photograph is meticulously annotated by an average of five different in-
dividuals. The ACT-FRCNN model is tested on the evaluation set after being trained
on the training and validation sets. To augment the dataset, each image can be flipped
and rotated, increasing the dataset size 16-fold. On the other hand, the PASCAL VOC
Context Dataset [44], which contains full-scene segmentation annotations with more than
400 classes and comprises 10,103 training images, used as supplementary training data as
done in earlier research [45]. In Stage One of model training, the outer borders from the
segmentation annotations are used to infer context and semantic signals. Therefore, Stage
One is pre-trained using the PASCAL VOC Context Dataset [44] before refining it using the
BSDS500 [10]. Stage One training is the only phase that utilizes the PASCAL VOC Context
Dataset [44], which offers finer, more specific edge and boundary annotations.

3.4.2. NYUDv2 Dataset

The NYUDv2 dataset is widely used in computer vision research, especially for
tasks such as depth estimation, scene understanding, and object detection. It comprises
1449 paired RGB and depth images, divided into 654 training images, 414 validation images,
and 381 testing images. A key feature of NYUDv?2 is its provision of dense depth maps,
where each pixel in the image has a depth value, making it valuable for tasks like depth
measurement and 3D reconstruction. The dataset also includes detailed ground truth
annotations for object recognition and scene understanding, including scene category
labels, object labels, and object borders. To augment the dataset, researchers often combine
the training and validation sets and apply techniques such as four-fold rotation, random
flipping, and scaling of both images and annotations [46].

3.4.3. COCO 2017 Dataset

The COCO 2017 Dataset experiments are performed using 118,000 training and
5000 validation images from the COCO 2017 detection and panoptic segmentation datasets [47].
The dataset includes bounding boxes and panoptic segmentation annotations for each image.
On average, the training set contains seven instances per image, with object sizes varying
from very small to large. Unless specified otherwise, the performance is evaluated using
Average Precision (AP), measured with a range of Intersection over Union (IoU) thresholds.
For the first 1000 photos in the COCO 2017 [12] validation set, the average Floating-point
Operations per second (FLOPs) is also measured. The FLOPs computation includes operations
involving convolutional layers, fully connected layers, attention matrix operations, and other
components like clustering and heuristics.
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4. Experimental Procedure

The experiments on ACT-FRCNN demonstrate its effectiveness on detection datasets
BSDS500 [10], NYUDv2 [11], and COCO 2017 [12]. The experiments conducted on a system
with two GPUs, each with 12 GB of memory, 64 GB of RAM and the Intel Core i9 12th
generation processor. A thorough set of analyses on ACT-FRCNN is provided, showing how
a transformer-based detector might be advantageous due to its simplified training process
and ability to generalize well to unknown data. Object detection studies are conducted by
torch vision [12] implementations of ResNet and Faster R-CNN (FRCNN. Object detection
studies were conducted using the TorchVision [12] ResNet and Faster R-CNN (FRCNN).

4.1. Result Discussion
The Performance and Accuracy

The model’s Average Precision (AP) is compared to DETR-DC5, with a specific focus
on speed-accuracy trade-offs. Additionally, the adaptive clustering approach is compared
to the K-means clustering method used in [46] were the number of clusters is denoted by C.
When L and C are adjusted and the AP is calculated using various computational budgets,
the ACT technique achieves significantly higher AP than K-means under an equalized
computational budget. FLOPs are reduced from 168.9 GFLOPs to 164.3 GFLOPs compared
to DETR-ACT, with only 0.5% loss in AP. MTKD substantially enhances AP, especially for
devices with smaller FLOP capacities. ACT with L = 32 performs similarly to DETR-ACT,
while ACT with L = 16 achieves a 4.6% increase in AP due to MTKD.

The advantages of proposed model over K-means clustering. K-means clustering
requires the same number of clusters across all encoder levels. However, selecting an
appropriate hyper-parameter can be difficult due to the varying distribution of queries
based on the input image and encoder layer’s index. Misusing the hyper-parameter C can
result in inaccurate estimates or unnecessary computational costs. Furthermore, K-means
may not converge properly in certain situations, and many clusters can empty if C is
relatively large, as it is a hierarchical method. To address these issues, the proposed method
employs an adaptive mechanism to dynamically calculate the number of prototypes.

Detailed AP Comparision: The Bounding Box Average Precisions (BBox APs) for the
large (AP ), medium (AP)y), and small (APs) instances are reported. Faster RCNN [48]
and Discrete Event Time Series [15] is compared with these metrics. Both DETR and Faster
R-CNN use Dilated ResNet-50 as the backbone. The results are presented in Table 1.

Table 1. A comparison of the AP of ACT-FRCNN model with DETR-ACT and Faster RCNN. Dilated
ResNet-50 serves as the foundation of DETR-ACT and Faster RCNN. The ‘+” in the GFLOPs column
denotes more flops in comparison to the backbone. The BBox APs for large, medium, and small
instances are designated APy, APy, and APg, respectively.

Model GFLOPs AP APL APy APg
Backbone
(ResNet50-DC5) 110.7
DETR-DC5 [15] +73.4 433 61.1 47.3 225
FasterRCNN-DC5 [49] +209.3 411 55.0 45.9 229
DETR-ACT [50] 168.9 43.1 61.4 47.1 222
ACT (L = 16) +47.2 414 60.8 43.1 17.1
ACT (L = 20) +51.7 40.6 61.1 46.5 18.7
ACT (L = 24) +55.2 39.2 61.3 47.3 20.2
ACT (L =32) +59.7 443 62.5 48.2 23.7

ACT + MTKD (L = 16) +49.6 41.3 61.1 443 18.5
ACT + MTKD (L = 20) +52.5 419 61.9 47.1 20.2
ACT + MTKD (L = 24) +56.7 40.1 61.7 48.2 21.9
ACT + MTKD (L = 32) +60.2 449 62.7 49.1 242
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DETR-ACT performs better than our ACT model, with L equal to 16 while using fewer
FLOPs. However, when it comes to detecting items of a certain size, ACT is much better
than DETR-ACT. For large objects, our ACT model can provide a better approximation than
FasterRCNN-DC5. The most significant AP losses occur with small- and medium-sized
objects. Small- and medium-sized items experience the most AP losses. The most significant
AP losses occur with small- and medium-sized objects. We suggest that our clustering
attention can be considered as a dropout operation that can help prevent overfitting during
the distillation of information.

Importantly, we found that the keys grouped using our strategy performed well. We
tested query grouping, key grouping, and combining queries and keys. We adjusted the
hyper-parameter L and compared the average precision on the validation set to ensure
that the computational cost across all three experiments was consistent. Table 2 shows
the results. Our model’s ability to generalize is demonstrated by the fact that all three
methods achieved similar average precision while using the same computational cost. This
suggests that, when there are significantly more keys than queries, models can benefit from
adaptively grouping the keys to improve performance.

Table 2. FLOPs and AP under various clustering targets.

Cluster Queries Cluster Keys FLOPs AP
L=24 X 165.75 0.418
X L=18 164.90 0.419
L=32 L=12 164.3 0.416

Inference time and memory: The above analyses were based on FLOPs or theoretical
computation costs. We also performed field tests to assess the time and memory require-
ments. Table 3 shows the inference time and memory cost of the Nvidia GeForce GTX
TITAN X for a batch size of 1. It is evident that ACT accelerates in real-world scenarios as
predicted by the theoretical study, and it does so with significantly lower memory costs.

Table 3. The Nvidia GeForce GTX TITAN X’s inference time and memory usage with a batch size of 1.

Model Inference Time/Image Memory
ACT (L =16) 0.175 s 1010 MiB
ACT (L =20) 0.190 s 1385 MiB
ACT (L =24) 0.196 s 1500 MiB
ACT (L =32) 0.201 s 1700 MiB
ACT-FRCNN 0.216 s 1850 MiB

4.2. Comparison with the State of Art
4.2.1. Results on COCO 2017 Dataset

The COCO 2017 dataset enables a comprehensive evaluation of detection models for
domain shift. The models are assessed on the corresponding categories without any fine-
tuning. The ViT-FRCNN models show significant improvement over the ResNet-FRCNN
baselines on this dataset, as illustrated in Table 4. ViT-B/16*-FRCNN achieves a 22.9 AP
(a + 7 AP boost) compared to the ResNet101-FRCNN-FPN baseline. Larger pre-training
datasets result in better out-of-distribution generalization (+1.8 AP boost). These findings
suggest that pre-training detection models with large-scale transformers are promising for
enhancing their effectiveness in realistic, high-stakes scenarios.
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Table 4. ACT-FRCNN outperforms ResNet-FRCNN techniques in terms of out-of-domain perfor-
mance as measured by average precision (AP) in the COCO dataset.

Model AP APs APys AP,
ResNet101-FRCNN-FPN 159 34.1 12.9 16.1
ResNet50-FRCNN-FPN 13.9 30.8 102 14.1

ViT-B/32*FRCNN 17.9 36.4 15.8 18.0
ViT-B/32-FRCNN 16.4 345 14.0 165
ViT-B/16*-FRCNN 229 46.6 209 23.0
ViT-B/16-FRCNN 202 405 17.8 20.4

ACT-FRCNN 24.7 48.5 226 25.1

4.2.2. BSDS500 Dataset

The model’s efficacy is measured against both conventional detectors, such as SCG [51],
Sketch Tokens [52], SE [53], and MES [54], and deep learning-based detectors, such as Deep
Boundary [55], COB [56], AMHNet [57], CED [58], LPCB [59], BDCN [50], DexiNed [60],
PiDiNet [61], and EDTER-MS-VOC [62]. Table 5 displays the numerical outcomes. Our
method is superior to all current state-of-the-art edge detectors, with accuracy levels of
86.5% (ODS), 88.3% (OIS), and 92.4% (AP).

Table 5. Outcomes on the BSDS500 dataset.

Method Year ODS (0) B} AP
SCG [46] 2012 0.739 0.758 0.773
Sketch Tokens [63] 2013 0.272 0.746 0.780
SE [64] 2014 0.746 0.767 0.803
MES [48] 2015 0.756 0.776 0.756
DeepBoundary [65] 2015 0.813 0.831 0.866
CED [51] 2017 0.815 0.833 0.889
LPCB [52] 2018 0.815 084 0
BDCN [45] 2019 0.828 0.844 0.890
DexiNed [53] 2020 0.729 0.745 0.583
PiDiNet [54] 2021 0.807 0823
EDTER-MS-VOC [55] 2022 0.848 0.865 0.903
ACT-FRCNN (our) === 0.865 0.883 0.924

4.2.3. Results on NYUDv2 Dataset

In NYUDv2, we conducted tests on RGB images and evaluated them in comparison to
cutting-edge techniques, such as gPb-ucm [10], Silberman [11], gPb+NG, SE [53], SE+NG+OEEF,
Semi Contour, HED, RCF [46], AMH-Net [57], LPCB [59], BDCN [50], PiDiNet [61], and
EDTER [61]. On a single-scale input, all outcomes are based. The numeric outcomes of our
approach and those of our rivals are displayed in Table 6. Our approach results in the top
ODS, OIS, and AP scores of 81.3%, 82.0%, and 85.1%, respectively. We improved the results in
three categories by 3.9%, 3.1%, and 3.2% when compared to the second-best method.

Table 6. Quantitative comparisons on NYUDv2.

Method Year ODS OIS AP
gPb-ucm [10] 2011 0.632 0.661 0.562
Silberman [11] 2012 0.658 0.661

gPb+NG [56] 2013 0.687 0.716 0.629
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Method Year OoDS OIS AP
SE [64] 2014 0.695 0.708 0.679
SE+NG+ [57] 2014 0.706 0.734 0.738
OEF [58] 2015 0.651 0.667 -
Semi Contour [59] 2016 0.680 0.700 0.690
HED [60] 2015 0.720 0.734 0.734
RCF [61] 2017 0.729 0.742 -
AMH-Net [62] 2017 0.744 0.758 0.765
LPCB [52] 2018 0.739 0.754 -
BDCN [45] 2019 0.748 0.763 0.790
PiDiNet [54] 2021 0.733 0.747 -
EDTER [55] 2022 0.774 0.789 0.797
ACT-FRCNN (Our)  ---- 0.813 0.820 0.831

5. Discussion

The developments in object detection have received numerous inputs from different
models and algorithms, especially the ACT-FRCNN, which is based on transformers. The
results of the experiments on datasets, such as BSDS500, NYUDv2, and COCO, clearly
show that our proposed ACT-FRCNN achieved a better performance than the traditional
models. Thus, incorporating ACT with the detection task head has helped improve the
effectiveness and proficiency in detecting objects within images.

It draws attention to the necessity of an advanced architecture to be incorporated
with the increasing efficacy of the object detection task. Using the conditional generative
adversarial network utilized in developing the current model further enhances the detection
features by creating realistic samples to improve the training procedure. Notably, this
architecture of transformers and generative models not only enhances the accuracy of
detections but also makes the results invariant to the context and other conditions.

The research has benefited from collaboration between institutions: the University
of Agriculture Faisalabad, Skyline University College, Sharjah-UAE, Muhammad Nawaz
Sharif University of Agriculture Multan, and Government College University Faisalabad.
The collaboration with other institutions, especially in organizations, has helped accrue a
wide variety of insights and expertise, thus contributing to the complete development and
testing of the ACT-FRCNN mode.

Consequently, our work demonstrates that transformer models have a promising
future for object detection tasks. The findings of multiple experiments demonstrate that,
even when trained with law-breaking samples, the ACT-FRCNN model does even better
than the current state of the art. More research should be carried out on applying such new
architectures to further advance the possibilities of object detection.

6. Conclusions

An object detection solution based on ACT-FRCNN, which demonstrates robust per-
formance through a transformer backbone, is presented in the proposed research. As
described in these findings, alternative architectures, like transformers, are more promis-
ing than adaptive clustering transformers (ACTs) for advancing complex vision tasks.
Transformer-based models have demonstrated impressive capabilities in pre-training on
large datasets without reaching saturation. ACT-FRCNN demonstrates the advantages of
using transformers in vision tasks. For instance, in the NYUDv2 dataset, ACT-FRCNN
achieved ODS, OIS, and AP scores of 81.3%, 82.0%, and 85.1%, respectively, outperforming
the previous best methods by 3.9%, 3.1%, and 3.2%, respectively. These results highlight
the advantages of transformer-based models, specifically ACT, in vision tasks. This marks
an important milestone, as it is the first exploration of transformer-based architectures for
solving various vision problems in the research community. As a result of the success of
ACT-FRCNN, further research and development in computer vision using transformer-
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based models is encouraged. Future research ideas might be built around novel transformer
kinds and transformer topologies modified for object-detecting applications. Lastly, more
advanced techniques seem promising to improve the results and performance rates of the
particular method, such as Conditional Generative Adversarial Networks (CGANSs), or
conduct additional research into the suitability of transformers in combination with other
machine learning frameworks, like federated learning.
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