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Abstract. To address the issue of low recall rates in detecting small faces within
crowded scenes, this paper conducts an analysis of the primary reasons behind
this challenge and introduces a real-time face detection system named CF-YOLO
(Crowded-Face-YOLO). The study identifies a crucial factor contributing to this
problem, which is the insufficient provision of positive samples for small faces dur-
ing the training phase by conventional face detectors. To tackle this limitation,
a Sa-SimOTA strategy is proposed to enhance the availability of positive samples
for small targets. Additionally, in the post-processing stage, the utilization of the
non-maximum suppression (NMS) algorithm for assigning optimal bounding boxes
to detected faces is discussed. The traditional fixed threshold employed in the NMS
algorithm for decision-making often results in the loss of small face detection boxes
in crowded scenarios. To alleviate this issue, a Soft-Face-NMS algorithm is intro-
duced, which incorporates facial feature variables into the Soft-NMS algorithm for
weighted processing, facilitating the selection of face boxes with higher confidence
in overlapping regions. Furthermore, to augment the feature extraction capabilities
of the YOLO backbone, an EMA+ attention module is proposed, and modifica-
tions are made to the network structure of YOLOv7 to enhance the extraction
of more effective features conducive to small face detection. The proposed model
demonstrates impressive accuracy rates of 97.3 %, 96.4 %, and 92.8% on the easy,
medium, and hard subsets of the Wider-Face dataset, respectively. Notably, the
accuracy achieved on the hard subset approaches the state-of-the-art level, which
further demonstrates the effectiveness of our proposed approach for face detection

in crowded scenes.
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1 INTRODUCTION

Face detection is a long-term computer vision task enabling applications like bio-
metric identity verification and personal emotion analysis. In recent years, deep-
learning-based object detection methods have seen convincing rapid advancements.
These breakthrough developments have been adapted to face detection, improving
results under varying poses, lighting, scales, and occlusions. Nevertheless, detecting
small faces in crowded real-world environments remains a tough challenge. Although
much literature has analyzed these issues [I], 2], there are still some unresolved prob-
lems that can be summarized as follows.

1. For small faces, object detectors often fail to provide enough positive samples,
resulting in insufficient learning and low efficiency of the network parameters for
small faces.

2. During the process of the network backbone with a common architecture, the
pooling operation reduces the resolution of the feature map stage-by-stage, which
exacerbates the loss of information for small faces. It may even cause small facial
features to completely disappear from the final feature map under some extreme
cases.

3. The traditional NMS algorithm used in the post-processing stage takes a fixed
threshold for hard decision, which may lead to loss of small target detection
boxes in the case of occlusion, resulting in a decrease in recall.

To address the aforementioned issues, this paper conducts intensive research
and proposes three corresponding solutions inspired by several recently presented
methods.

Firstly, traditional detectors adopt predefined rules to distinguish positive and
negative samples. For instance, RetinaNet [3] and YOLOv3 [] take IoU as the
threshold criterion. OTA [5] proposes Optimal Transport Assignment, which views
the label assignment procedure as an Optimal Transport (OT) problem. Based on
the OTA algorithm, SimOTA [6] proposed in YOLOx [6] simplifies the iteration by
an approximate dynamic strategy. They first calculate the IoU of the target box and
prediction box, then add up the largest top k IoUs to obtain the number of positive
targets. However, RFLA [7] argues that small targets usually have no overlap with
predicted boxes. After rounding the sum of IoUs, the resulting number of positive
samples for small targets may be relatively small, which is not conducive to the
detection of small targets. In this paper, we introduce a compensation strategy for
small targets and propose the Sa-SimOTA (Scale-aware SIimOTA) algorithm to solve
this problem.

Secondly, in order to enhance the sensitivity of the model for small face pre-
diction and improve the ability of the model’s feature extraction, we design a new
network based on YOLOv7 [§]. Although the YOLO series has recently been up-
dated to YOLOv10 [9], YOLOvV7 still has advantages in terms of training simplicity
and convenience.YOLOvV7 model consists of three parts: the backbone, the neck



184 H. Huang, L. Xu, X. Yan, L. Huang

and three detection heads. The backbone network consists of several BConv layers,
E-ELAN layers and MPConv layers, while the neck is composed of SPPCSPC layer,
multiple BConv layers, multiple MPConv layers and Rep block layers. YOLOvT7
outputs three prediction heads, called P3, P4 and P5 with resolution of 8, 16 and
32, respectively. In this paper, we remove P5 prediction head with a resolution of
32 and add P2 detection layer with a size of 4 to make the network make full use
of small face features. In addition, to fuse and aggregate more levels of features
without increasing the cost too much, we substitute the original PAN-FPN [10, 1]
structure in YOLOv7 by an improved BiFPN [I2] structure, which adds two addi-
tional paths between the original input and output nodes of the backbone network.
Moreover, we propose an EMA+ attention module based on the EMA [I3] module
and add it to the backbone network, thereby further enhancing the model’s ability
of feature extraction.

Thirdly, for most detection tasks, NMS (Non-Maximum Suppression) is a com-
mon operation that serves as a post-processing method for removing redundant
bounding boxes of the detected objects. However, original NMS may cause the inac-
curate removal of small face candidates and result in a low recall rate. Soft-NMS [14]
algorithm replaces the original confidence score with a slightly lower value, rather
than directly setting it to zero, which can greatly improve recall in crowded scenes.
In this paper, by extending Soft-NMS, we propose the Soft-Face Non-Maximum
Suppression algorithm to improve the performance of the traditional NMS method
for small face detection in crowded scenes. Considering the special characteristics
of the human face, we also add a new criterion to constrain the aspect ratio of
the detected face to be around the value of 1.2, which we show can evidently im-
prove the face detection performance without noticeable computational complexity
increment.

Overall, in order to improve the accuracy of small face detection under crowded
scenes, this paper analyzed the main problems and challenges encountered in the
process of small face detection, and improved the face detection performance from
multiple aspects based on YOLOv7. This proposed method has significant perfor-
mance improvement for face detection in crowded scenes, and we call it CF-YOLO
(Crowded Face detector by YOLO). We have conducted comprehensive experiments
to verify the effectiveness of our method. The main contributions of this paper can
be summarized as follows:

e We propose a Sa-SimOTA method by introducing a compensation strategy for
label assignment of positive samples which is especially effective to model train-
ing with small face detection.

e We improve the backbone of the YOLO model and design the EMA+ attention
module to extract more effective features beneficial for small face detection.

o We introduce the SF-NMS post-processing method, which uses a soft decision
strategy and adds new criteria to constrain the aspect ratio to be more suitable
for human face.
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e Our proposed model attains accuracy rates of 97.3%, 96.4 %, and 92.8 % for the
easy, medium, and hard subsets of the Wider-Face dataset, respectively. The
accuracy on the hard subset approaches the state-of-the-art level.

2 RELATED WORK

Recently, numerous face detectors have been proposed to improve the performance
of face detection. In this section, we mainly review relevant works from three per-
spectives: anchor design, label assignment and NMS post-preprocessing.

2.1 Anchor Design

Anchor design is quite crucial for face detection. A reasonable anchor design algo-
rithm can provide sufficient training samples for the model. FaceBox [I5] proposed
the Anchor Densification Strategy in which the anchors with insufficient density will
be augmented to ensure that the anchor density is balanced. S*FD [16] proposed
a scale-equitable face detection framework, which predefines anchors at different
feature map and sets the scale to be within 4-128 pixels. DSFD [I7] algorithm
optimized the data initialization process of anchor matching by improving anchor
assignment, which can enhance the model’s convergence speed and detection perfor-
mance during training. Inspired by the work mentioned above, this paper explores
the new anchor design strategy to corporate small face detection under crowded
scenes.

2.2 Label Assignment

Label assignment tries to provide as many candidate bounding boxes as possible
that are consistent with the ground truth target. S3FD proposed a scale com-
pensation anchor matching strategy that increases the matching anchor for faces
by setting lower IoU threshold. HAMBox [I8] emphasized that some unmatched
anchors also have strong regression ability and proposed an online high-quality an-
chor compensation strategy to help match abnormal faces with high-quality anchors.
MogFace [19] argues that combining offline and online information can provide more
accurate optimization direction and proposes the adaptive online incremental anchor
mining strategy to help compensate high-quality anchors for outer ground-truths.
Although these methods have achieved meaningful results, they are not specifically
designed for small face detection and still fall short in detecting small-scale faces
under crowded scenes. It is still necessary to find suitable strategies for assigning
small face labels to provide sufficient samples for model training.

2.3 Non-Maximum Suppression

For most detection tasks, NMS (Non-Maximum Suppression) is a necessary step
that serves as a post-processing method for removing redundant bounding boxes of
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the detected objects. In Soft-NMS, a confidence score is set according to a mono-
tonic function of IoU, and the predicted boxes with lower confidence scores are not
directly removed from the sorted list, but are assigned lower scores to avoid some
candidate boxes being forcibly deleted. DIoU-NMS [20)] is another improvement to
the NMS processing. In addition to the ToU (Intersection over Union) ratio crite-
ria, It introduces the concept of DIoU (Distance-IoU) constraint, considering the
distance between detection boxes and the ground truth boxes. Adaptive-NMS [21]
applied a dynamic suppression strategy by designing a density-subnet network to
predict the density and sparsity of the target’s surroundings so that the threshold
may increases or decreases accordingly with the density of the target’s surroundings.
Inspired by these works, this paper further considers the approximate range of facial
image proportions and introduces it into the constraints of NMS to further improve
the accuracy of face detection.

3 METHOD

To improve the performance of small face detection in crowded scences, we enhance
the detector by the followig three methods: Sa-SimOTA, SF-NMS and new Network
Architecture. These methods will be explained in detail respectively in the following
sections.

3.1 Sa-SimOTA

A statistical analysis of faces in the WiderFace [22] dataset reveals that in crowded
scenes, smaller faces are more prevalent (Figure . Therefore, when considering
improving the performance of the model in crowded scenes, the ability of the model
to detect small targets should also be improved. Figure demonstrates that
faces under major occlusion with area between 50 and 60 are the most numerous.
Therefore, 60 is selected as the threshold for area of small targets in this paper.
Besides, during the training process, we pay attention to the average number of
positive samples for small targets and medium-large targets within the first five
training epoches. Additionally, the training process focuses on the average number
of positive samples for small and medium-large targets, demonstrating a significant
disparity with small targets having only 1.03 positive samples compared to 2.26 for
medium-large targets. This significant discrepancy highlights the shortcomings of
current detection algorithms in the realm of small target detection.

To tackle the challenge of insufficient positive samples for small targets, we
introduce the Sa-SimOTA algorithm, which builds upon the SimOTA algorithm
by fine-tuning the estimation of its internal dynamic k-value. The method entails
calculating the weighted sum of the maximum 10 Intersection over Union (IoU)
values between every target box and its corresponding predictions. Subsequently,
we devise a succinct face area reduction function to determine the adjustment co-
efficient, which is then multiplied by the computed initial sum (Figure [3)). This
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Figure 1. Face sizes analysis of WiderFace dataset. a) The average area of faces under
major occlusion is relatively the smallest which is 1131. b) Faces under major occlusion
with areas between 50 and 60 are the most numerous, accounting for 17 % of the total.



188 H. Huang, L. Xu, X. Yan, L. Huang

GTQ aq dag as ag as

GTy| by | ba | bs | by | bs

GTQ C1q Co C3 Cyq Cs

; {10
—In ) 1) ¢l
[ (Tcmall ) } Z

Figure 2. Schematic diagram of the Sa-Simota algorithm, where S is the area of the target
box and Ty;,q denotes the threshold of small faces

novel enhancement seeks to augment the number of positive samples for small tar-
gets, thereby markedly enhancing the overall face detection performance in cluttered
environments. The formula for computing A is as follows:

S
A=—In +1, 1
(Tsmall) ( )

where S is the area of the target box and T, denotes the threshold of small faces.
Therefore, the smaller the area of the target box, the larger the value of A, and
the more compensating positive samples will be obtained. After that, the average
number of positive samples for small targets can be increased to 1.67.

3.2 SF-NMS

In this work, we introduce a SF-NMS algorithm based on the Soft-NMS algorithm.
Soft NMS enhances the traditional NMS algorithm by incorporating the Intersection
over Union (IoU) ratio to modulate confidence scores, thereby avoiding the direct
assignment of zero values as practiced in the conventional NMS approach. The
algorithmic steps of Soft NMS are delineated as follows:

S Six (1 —ToU(M,b;)), IToU(M,b;) > Ny, @
i= 2
S; IoU (M, b;) < Ny,

where S; refers to the confidence score of the predicted box b;, N; refers to the IoU
threshold. ToU between M and b; is used to form a linear function to adjust the
confidence score of b;. Hence, those predicted boxes which are very close would
be assigned a penalty rather than being deleted directly. Furthermore, considering
the specificity of human faces, the aspect ratio of human face is approximately 1.2.
Therefore, we propose to further delete predicted boxes with low possibilities being
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faces by using the aspect ratio. We suggest using the following rules to update the
pruning steps:

S S; # (1 — W_ratiox IoU(M,b;)), IToU(M,b;) > Ny, )
= 3
Si IOU(Ma bl) < Nh

(4)

bs(ratio — 1.2
W _ratio = exp <a s(ratio )> ,

max(1.2, ratio)

where W _ratio defines as the disparity between the aspect ratio of the predicted box
b; and the standard aspect ratio of faces (we set as 1.2 in this paper). The W _ratio
is calculated as Equation @, where ratio refers to the aspect ratio of predicted box
b;. The coefficient W _ratio is used to measure the degree of conformity of the aspect
ratio of the face box b;. If the aspect ratio of one predicted box deviates from 1.2
greatly, it indicates that the predicted box is less likely to be a face, so the value
ratio weight will be relatively large, thus the confidence score of this predicted box
is further reduced (see Algorithm [I)).

Algorithm 1 Soft-Face Non-Maximum Suppression (SF-NMS)

Input: Bounding boxes B = {by,bs,...,b,}

Output: Selected bounding boxes S

Initialize an empty list .S

while B # () do
Select the bounding box b; with the highest confidence score
Add b; to list S
for bounding box b; in B do

# Calculate Intersection over Union iou between b; and b;
. _ Area(bjnby)
wou = Area(b;Ub;)

# Calculate r
absratio—1.2 )

max(1.2,ratio)

T = exp (
# Update confidence score of b; using decay function:
bj.score = bj.score X (1 — 7 * iou)
end for
Remove b; from B
end while

3.3 Network Architecture

One-stage detectors strive to achieve fast inference speed while maintaining high
detection accuracy. The YOLO series are the most representative works. Although
some new upgrade YOLO detectors have shown a degree of improvement in infer-
ence speed, considering the balance between the overall accuracy and speed of the
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detector, this paper still uses the typical detector YOLOvT7 as the baseline. The
backbone networks of the YOLO series have undergone multiple iterations and are
already excellent in feature extraction capability and inference speed, but there are
still room for improvement in certain aspects. In this paper, we mainly improve the
attention mechanism and adjust the prediction heads to adapt to small-scale face
detection.

By incorporating the SK [23] module into the EMA module, we designed an
EMA+ module to enhance the model’s feature extraction ability. Assuming z €
R#W:C the two branches in the SK module have convolutional kernel sizes of 3 x 3
and 5 x 5, respectively. For the 3 x 3 branch, the feature map eU is obtained; for
the 5 x 5 branch, the feature map bU is obtained. Concatenate the output feature
maps el and bU from the two branches we can get the fusion feature U as described
in Equation :

U=eU®bU. (5)

Perform global average pooling on the feature map U to obtain the statistical infor-
mation s. € R® along the channel dimension as Equation (@:

1 .
o= g 0 S Ui g) (6)

i=1 j=1
Subsequently, feed s. through a fully connected bottleneck and obtain the concise
feature z € RI¥¥1,

z = ReLU(BatchNorm(W's)). (7)

Subsequently, compute the attention weights a. and b, for both branches using the
softmax function as Equations and @D:

B exp(Az,)
e = exp(Az.) + exp(Bz.)’ ®)
b, — exp(Bz.) )

exp(Az,) + exp(Bz,)

where A and B are learnable parameters. Then, perform weighted sum of the output
feature maps from the two branches based on the attention weights to obtain the
final output feature map y. € REW,

Ye = ac - €U, + b, - bU.. (10)

Following this, 2D global average pooling is employed to encode global spatial in-
formation in the SK branch and the left branch, to facilitate cross-spatial learning
(see Figure [Ta))).

Furthermore, we delete Ps prediction head with stride of 32 and add P, predic-
tion head with stride of 4 (see Figure , aiming to incorporate shallow-featured
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a) Structure of EMA+ module

resolution information into P, prediction head for a more comprehensive informa-
tion fusion. Besides, as the number of layers increases, the features become more
and more abstract. In our work, we add an additional path between the P; layer
and its corresponding output layer, as well as the P, layer, to fuse more hierarchical
features without adding too much cost:

Pyt = Concat (PP, PPAAY) | (11)
Pt = Concat (P75, PFFANY | (12)
where P{" refers to the output of layer Py, PSB9 refers to the output value of the

CBS module in layer P, PEEAN refers to the output value of the ELAN module in
layer P3, Pyt PEPS and PFEAN operate under the same principle.

4 EXPERIMENT
4.1 Dataset
We train our model on the WiderFace [22] dataset. The WiderFace dataset consists

of 32203 images and 393 703 detailed annotated face images, showing a great deal
of diversity in scale, occlusion, and pose. The dataset is divided into three parts for
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Figure 3. Subgraph a) shows network architecture of our proposed model. We plug the
EMA+ module behind the ELAN module in backbone network of YOLOv7. Besides, we
modify the network structure to fuse more hierarchical features. Subgraph b) shows our
proposed EMA+ module, in which we introduce the SK model to replace the 3 x 3 branch,
in an effort to obtain multi-scale feature information.

training, validation, and testing, with proportions of 40 %, 10 %, and 50 %, respec-
tively. In addition, each part is further subdivided into three difficulty levels: easy,
medium, and hard. Among them, the hard level is the most challenging and serves
as the best standard to test the performance of face detection algorithms on small
faces. Our model is evaluated on the validation set of the WiderFace dataset and
FDDB [24] dataset. FDDB contains 2845 images, with a total of 5171 faces from
news articles on Yahoo websites. FDDB utilizes elliptical face annotations and in-
troduces two forms of evaluation: the discontinuous score and the continuous score.
We employ the discontinuous scoring metric that tallies the number of detected faces
in relation to the number of false alarms. A detected bounding box is considered
a true positive only when the Intersection over Union (IoU) with the ground-truth
face’s bounding box exceeds 0.5. We use FDDB to showcase the performance of our
model on cross-domain datasets.
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4.2 Training Settings

We implement our work based on the PyTorch library. Models are optimized by
SGD with a batch size of 8. The initial learning rate is set to le—2, the final
learning rate is le—3. The NMS IoU threshold is set to 0.5. We train the model
on a 3090 GPU with 8 dataloader workers. The model is trained for a total of 250
epoches. We use the accuracy and AP (Average Precision) as the evaluation metric.

4.3 Ablation Experiment
4.3.1 SF-NMS

We compare the performance of different NMS algorithms using the same training
weight. As shown in the second row of Table [T, Soft-NMS algorithm decrease the
accuracy slightly on the easy and medium subsets, it may be because there are not
many faces occluded in the easy and medium subsets, resulting in the algorithm can
not play a normal performance on crowded faces but slightly worsen the detection
of normal faces. Meanwile, it improves the accuracy by 1.3% on the hard subset
significantly, which means that it greatly improve the detection performance in
crowded and occluded environments. Furthermore, the third row of Table [I] shows
that with the introduction of the face aspect ratio variable, the performance of the
model has been further improved, with an increase of 0.1 %, 0.1%, and 0.5% on
the easy, medium and hard subset compared to Soft-NMS. As shown in Figure [ in
some crowded scenes, SF-NMS algorithm performs better.

Subset Easy Medium Hard
Baseline 94.7 93.6 87.0
+Soft-NMS | 94.5 93.4  88.3
+SF-NMS 94.6 93.5 88.8

Table 1. Effectiveness of Soft-NMS and SF-NMS

4.3.2 Network Architecture

From the second row of Table [3] it is evident that the modified baseline method
brings about a notable enhancement in detection accuracy, achieving gains of 0.1 %,
0.4%, and 0.5% across the easy, medium, and hard subsets, respectively. The
performance of our enhanced EMA+ module is detailed in Table ] In comparison to
the standard EMA module, the EMA+ module delivers a noticeable improvement in
Average Precision (AP), increasing it by 0.08 %. Moreover, as illustrated in the third
row of Table [3] the integration of the EMA+ module further augments accuracy,
providing an additional increase of 0.1 % and 0.2 % in the medium and hard subsets,
respectively. This progression not only reinforces the robustness of our approach but
also demonstrates its potential to consistently enhance performance across varying
levels of difficulty.
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Figure 4. Inference results compared between traditional NMS (bottom left), Soft-NMS
(top right) and our SF-NMS (bottom right). Our proposed SF-NMS performs better in
crowded scenes.

Subset AP
Baseline 78.92
+EMA 79.05
+EMA+ | 79.13

Table 2. Effectiveness of EMA+

4.3.3 Sa-SimOTA

In Table @] we provide a comparative analysis between Sa-SimOTA and SimOTA.
Our Sa~-SimOTA method demonstrates notable improvements in detection accuracy
across different difficulty subsets, specifically achieving gains of 0.1%, 0.1 %, and
0.3% on the easy, medium, and hard subsets, respectively. These improvements

Subset Easy Medium Hard
Baseline 94.7 93.6 87.0
Modified baseline 94.8 94.0 87.5
Modified baseline + EMA+ | 94.8 94.1 87.7

Table 3. Effectiveness of modified network architecture
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Figure 5. Precision-Recall (PR) curves on WiderFace validation and test subsets

can be attributed to the mechanism we previously discussed, wherein increasing
the number of positive samples for smaller targets enhances the model’s detection
performance for such targets. Consequently, our model achieves an overall accuracy
of 94.8%, 94.2%, and 89.4 % on the easy, medium, and hard subsets, as shown in
Table[d These results underscore the efficacy of Sa-SimOTA in enhancing detection
robustness, particularly in challenging scenarios.

SE-NMS  Sa-SimOTA  Network Easy Medium Hard
94.7 93.6 87.0
v 94.6 93.5 88.8
v 94.8 93.7 87.
v 94.8 94.1 87.7
v v v 94.8 (+0.1) 94.2 (40.6)

89.4 (+2.4)

Table 4. Ablation study results on the WiderFace validation set
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Figure 6. a), b), ¢) and d) are some examples of detected small faces using CF-YOLO

4.4 Comparisons with Existing Face Detectors

The precision-recall (PR) curves of our model, along with those of other state-of-
the-art face detectors, are illustrated in Figure [f] and further detailed in Table [f
To provide a comprehensive evaluation, we tested our face detector on the chal-
lenging Widerface and FDDB datasets, comparing its performance against several
contemporary methods [16], 19} 26, 27, 28| B0, B2], 33| 34]. Our model, based on the
YOLOvT7-e6e architecture, demonstrates superior performance with precision scores
of 97.3% (Easy), 96.4% (Medium), and 92.8% (Hard) on the validation dataset,
and 96.4% (Easy), 95.9% (Medium), and 92.4 % (Hard) on the test dataset. Fur-
thermore, as detailed in Table [6] our method achieves a precision of 98.59 % on the
FDDB [24] dataset. Figure [f| are some actual detection examples about smallfaces
on WiderFace by CF-YOLO. These results underscore the robustness and reliability
of our approach in accurately detecting faces under a wide range of uncontrolled
conditions, outperforming existing methodologies in terms of both precision and
recall.
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Detector Easy Medium Hard Params (M) Flops (G)
DSFD [17] 96.6 95.7  90.4 101.3 515.4
SRN [25] 96.4 95.2  90.1 121.6 625.4
ASFD [26] 97.2 96.3 925 156.9 803.4
RetinaFace [27] 96.9 96.1  91.8 130.6 794.4
PyramidBox++ [2§] 96.5 95.9 91.2 121.2 697.6
YOLOS5Face [29] 96.3 95.6  91.3 141.2 188.6
MogFace [19] 97.6 96.5 92.6 164.6 902.1
PyramidKey [30] 96.6 96.0 91.7 157.2 814.1
Ours+YOLOv7 94.8 94.2 894 37.2 104.1
Ours+YOLOvT-e6 96.5 95.8 924 97.2 515.2
Ours+YOLOvT7-e6e | 97.3 96.4 92.8 151.7 843.2

Table 5. Comparison of our methods and existing face detectors on the WiderFace vali-
dation dataset

Method AP
Ours+YOLOvT7-e6e | 0.986
BBFCN [31] 0.984
SFD [16] 0.983
FANet [32] 0.983
HR-ER [33] 0.976
DeeplR [3] 0.971
FaceBoxes [17] 0.960

Table 6. Evaluation of our model on the FDDB dataset

5 CONCLUSION

We introduce SF-YOLO, a face detector designed to address the challenge of de-
tecting small, mutually occluded faces in crowded scenes. Experiments reveal that
SF-YOLO, compared to the baseline YOLOv7, achieves 97.3 %, 96.4 %, and 92.8 %
accuracy on WiderFace’s easy, medium, and hard subsets, respectively, with its
hard subset accuracy rivaling the state-of-the-art, showcasing a significant improve-
ment over contemporary face detection methods. In future work, we plan to extend
our approach by experimenting with YOLOv8-10, the next iteration in the YOLO
series. Given the advancements anticipated in YOLOv8-10, such as improved ar-
chitecture and optimized training mechanisms, applying our methods to this model
could yield even greater enhancements in detection accuracy and efficiency. This
exploration will help determine the scalability and adaptability of our approach,
potentially setting a new benchmark for real-time object detection in complex en-
vironments.
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