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Abstract—Student behavior recognition in classrooms is piv-
otal for smart education, yet achieving real-time performance
without compromising accuracy remains a significant chal-
lenge. Although Transformers possess superior global modeling,
their computational overhead often hinders latency-sensitive
deployment. To address this, we propose RERC-DETR, a
lightweight multi-scale Transformer detector optimized for
classroom analytics. Specifically, we introduce RAD-Net, an
efficient backbone designed to minimize redundancy, and a
Recalibrated Cross-Scale Feature Pyramid Network (RCFPN)
that preserves high-resolution semantics and resolves feature
aliasing. Furthermore, we introduce a Quality-Aware Logical
Distillation strategy utilizing teacher confidence to selectively
transfer structural knowledge, enhancing the student detector
without inference overhead. Experiments on STBD-08 and SC7
datasets demonstrate that RERC-DETR achieves an optimal
accuracy-efficiency trade-off. Compared with the baseline RT-
DETR, our model reduces the parameter count by 44% to only
11.2M, while attaining 93.9% mAP50 at 156 FPS on STBD-08
and 89.7% mAP50 at 80 FPS on SC7, outperforming multiple
SOTA detectors under a compact parameter budget.

Index Terms—Classroom Behavior Recognition, Real-Time
Object Detection, Lightweight Transformer, Small Object De-
tection, Logical Distillation

I. INTRODUCTION

Student behavior recognition in classrooms is a key com-
ponent of smart education systems, providing an objective
basis for evaluating instructional quality and student engage-
ment [1], [2]. Compared with general action recognition, it
must handle dense student layouts and large scale variations,
while distinguishing fine-grained behaviors (e.g., “reading”
vs. “writing”) in real time to enable timely feedback and
personalized interventions [3]. These requirements make both
robust recognition and high-throughput inference essential in
practical deployments.

Traditional assessment relies on manual protocols such as
the Classroom Assessment Scoring System (CLASS) [4],
which are labor-intensive, time-consuming, and subjective.
In contrast, automated classroom analysis must satisfy both
accuracy and real-time efficiency. Lightweight CNN-based
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detectors, such as YOLO [5], are computationally efficient
but often struggle with dense student layouts, occlusion, and
small back-row targets because their local receptive fields
limit long-range context modeling. Transformer-based detec-
tors, such as DETR [6], improve global reasoning through
self-attention, yet their high computational cost and latency
remain problematic for deployment in classroom scenarios.
Even more efficient variants, such as RT-DETR [7], achieve
better speed, but their small-object accuracy may still be
limited in crowded scenes with large scale variation.

Motivated by these limitations, we propose RERC-DETR,
a lightweight Transformer detector designed for classroom
behavior recognition under real-time constraints. The pro-
posed model combines hardware-aware backbone design,
multi-scale feature recalibration, and confidence-guided dis-
tillation to improve localization precision without increasing
inference overhead. Specifically, RAD-Net reduces redundant
computation while preserving high-resolution cues, RCFPN
strengthens cross-scale fusion for small objects, and QALD
transfers reliable teacher knowledge to the student model.
Together, these components allow RERC-DETR to target the
practical regime where both speed and accuracy are required.

The main contributions of this paper are summarized as
follows:

• RERC-DETR: We propose a lightweight Transformer
detector that achieves an optimal accuracy–efficiency
trade-off. By integrating the RAD-Net backbone with
the RCFPN neck, it effectively resolves feature aliasing
and small object detection challenges in dense class-
rooms.

• QALD: We introduce a Quality-Aware Logical Distil-
lation strategy to transfer structural knowledge from a
teacher model. It utilizes confidence-based weighting to
suppress noise, boosting student performance without
extra inference cost.

• SC7 Dataset: To address the scarcity of fine-grained
benchmarks in complex scenes, we present SC7, a chal-
lenging university classroom dataset featuring simul-
taneous multi-view annotations, serving as a rigorous
testbed to validate the robustness of our model across
diverse classroom scenarios.

II. RELATED WORK

This section reviews the literature across three key di-
mensions: classroom behavior analysis approaches, which
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Fig. 1: Overall architecture of the proposed RERC-DETR detector. It incorporates the RAD-Net backbone and RCFPN-
Encoder for efficient inference, along with a Quality-Aware Logical Distillation (QALD) strategy employed during training.

establish the application context of this study; deep learning-
based recognition methods, which provide the technical foun-
dation for our proposed detector; and knowledge distillation,
which serves as a critical optimization strategy for efficient
inference.

A. Classroom Behavior Analysis Approaches
Classroom behavior analysis is pivotal for evaluating in-

structional quality and student engagement. Early method-
ologies relied on manual observation protocols. For instance,
Flanders’ Interaction Analysis [8] focused on deriving teach-
ing patterns from student-teacher interactions, while the
CLASS [4] provided a standardized framework for assessing
classroom processes. Subsequent approaches evolved from
manual coding and handcrafted descriptors to automated
systems using statistical models. Recently, the field has
shifted towards deep learning paradigms, which offer superior
capability in handling complex classroom scenes and are
discussed in detail in the following subsection.

B. Deep Learning-based Classroom Behavior Recognition
CNN-based detectors, including two-stage (e.g.,Faster R-

CNN [9]) and single-stage (e.g.,YOLO [5]) models, have
been widely used to detect students and recognize classroom
behaviors, benefiting from strong representation learning
and end-to-end optimization. However, their inherently local
receptive fields limit the ability to capture long-range de-
pendencies, hindering performance in crowded scenes with
strong interactions and small distant targets.Recently, Trans-
formers have shown promise in classroom behavior recogni-
tion [10] by modeling global context through self-attention.
Detection Transformers (e.g., DETR [6]) remove anchors
and Non-Maximum Suppression, simplifying the detection
pipeline but often incurring high computational cost. Efficient
variants such as RT-DETR [7] improve speed, yet they may

compromise small-object accuracy and remain heavy for
dense classroom scenes. Our RERC-DETR builds on this
line of work, integrating a lightweight architecture with rich
multi-scale features tailored to the dense and fine-grained
nature of classroom behaviors.

C. Knowledge Distillation
Knowledge Distillation (KD) compresses models by trans-

ferring knowledge from a complex, high-performance net-
work (teacher) to a compact, lightweight network (student)
[11]. Common strategies align features, responses, or re-
lations [12] to boost lightweight detectors. However, most
methods treat teacher predictions equally, risking the propa-
gation of noise, especially in crowded scenes. Our Quality-
Aware Logical Distillation addresses this by incorporating
teacher confidence, encouraging the student to learn from
high-quality predictions while suppressing false positives.

III. PROPOSED METHOD

To address the real-time recognition challenges of
Transformer-based detectors in complex classroom scenarios,
we propose RERC-DETR, a lightweight detector tailored for
student behavior identification. Fig. 1 illustrates the overall
architecture of RERC-DETR, along with the QALD strat-
egy integrated during the training phase. First, the input
image is processed by our computationally efficient RAD-
Net backbone and a Transformer Encoder to extract multi-
scale features with global context. Subsequently, RCFPN
fuses these features using Selective Boundary Aggregation
(SBA) [13] to effectively propagate semantic and localization
cues. Then, uncertainty-aware query selection [7] initializes
queries which are fed into the RT-DETR Decoder [7] for final
predictions. Finally, a QALD strategy is integrated during
training to leverage teacher knowledge without inference
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Fig. 2: Structure of the R-ELAN multi-branch enhancement
block.

overhead. In the following subsections, we elaborate on the
specific designs of these core components.

A. RAD-Net
RAD-Net is a lightweight backbone designed to pre-

serve fine small-object cues while minimizing parameters
and computational cost. It alternates Reparameterized Effi-
cient Layer Aggregation Networks (R-ELAN) with ADown
heterogeneous downsampling units [14] to produce strides
{8, 16, 32} (80×80, 40×40, 20×20) for a 640×640 input,
maintaining high-resolution localization early and compact
semantics later. The detailed architectures of these two core
components are described as follows.

R-ELAN Block. As shown in Fig. 2, R-ELAN constructs
multiple gradient paths by splitting, cascading, and concate-
nating feature branches. This design preserves shallow spatial
details while enriching deeper semantic representations with
low computational overhead.

ADown Module. ADown performs stride-2 reduction via
complementary branches: a learnable conv path capturing
local detail and a pooled path preserving salient responses
with minimal cost. Given a split (Xa, Xb) of feature chan-
nels, the output Y is obtained by concatenating the processed
branches:

Y = Concat
(
Conv3×3(Xa), Conv1×1(MaxPool3×3(Xb))

)
(1)

B. RCFPN-Encoder
The RCFPN-Encoder serves as the neck, integrating a

Transformer Encoder for global context with RCFPN. Tradi-
tional FPNs often suffer from information imbalance, where
deep semantics dilute the high-resolution details essential
for small objects. To mitigate this, we introduce two key
mechanisms:

Global Context Enhancement. The deepest backbone
feature (Feat.8) is processed by a Transformer Encoder to
capture long-range dependencies critical for global reasoning.
Specifically, Feat.8 is flattened, encoded by multi-head self-
attention and a feedforward network, then reshaped to yield
T:

Q = K = V = Flatten(Feat.8) (2)

T = Reshape (Encoder(Q,K, V )) (3)

where Q, K, and V denote query, key, and value; Encoder
applies self-attention and feedforward interaction; Reshape
restores the spatial form of Feat.8 to form a context-rich
lateral feature.
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module.
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Framework.

Recalibrated Bidirectional Fusion. We employ a gated
SBA module, as shown in Fig. 3, to dynamically calibrate
information flow between adjacent scales (Fh, Fl). Unlike
simple addition, SBA uses learnable gates (gh, gl) to se-
lectively emphasize relevant features. Let R(X → St)
denote bilinear interpolation to the target size St. The gating
mechanism is defined as:

gh = σ(Conv1×1(Fh)), gl = σ(Conv1×1(Fl)) (4)

Let Sh = (Hh,Wh) and Sl = (Hl,Wl) be the spatial sizes
of Fh and Fl. We adopt a gated convex-like combination to
prevent magnitude inflation:

F̃l = gl ⊙ Fl + (1− gl)⊙R(gh ⊙ Fh → Sl)

F̃h = gh ⊙ Fh + (1− gh)⊙R(gl ⊙ Fl → Sh)
(5)

The calibrated output of SBA is then

SBA(Fh, Fl) = Conv3×3

(
Concat(F̃h,R(F̃l → Sh))

)
(6)

The SBA output is refined by a RepC3 block along the top-
down path:

F td
i = RepC3

(
SBA(Fh, Fl)

)
(7)

Here, σ denotes the sigmoid function. RCFPN applies SBA
in both top-down and bottom-up paths, allowing semantic
and localization cues to be exchanged across scales before
decoding.



C. Quality-Aware Logical Distillation
QALD aligns student outputs with teacher predictions

using confidence-weighted logical supervision, reducing the
impact of unreliable teacher boxes.

For the i-th query, we derive a quality indicator wi from
the teacher’s confidence:

wi = max
c∈C

(σ(CT
i,c)) (8)

where CT
i,c is the teacher’s logit for class c. The logical dis-

tillation loss Llogical combines classification (Binary Cross
Entropy, BCE) and regression losses, weighted by wi:

Llogical =
1

Ngt

N∑
i=1

(
Lcls(P

S
i , PT

i ) + Lbox(B
S
i , B

T
i , wi)

)
(9)

The regression loss Lbox is dynamically modulated by wi:

Lbox = λL1 · wi · ||BS
i −BT

i ||1 + λGIoU · ψ(wi) · (1− GIoU(BS
i , B

T
i ))

(10)
To emphasize high-quality supervision, we apply a non-linear
transformation ψ(wi) to the GIoU weight:

ψ(wi) =

{
w2

i , if wi < 0.5

w0.5
i , if wi ≥ 0.5

(11)

This suppresses low-confidence predictions while maintain-
ing gradients for reliable ones.

The final training objective combines the standard detec-
tion loss Ldet (via Hungarian matching) with the distillation
loss:

Ltotal = Ldet(P
S , Ygt) + λdistill · Llogical(P

S , PT ) (12)

where λdistill = 0.075 balances the tasks. Llogical is applied
solely during the distillation phase to transfer knowledge.

IV. EXPERIMENTAL RESULTS AND ANALYSIS

A. Datasets
We evaluate our method on two datasets: the self-

constructed SC7 and a refined subset of the public STBD-08
[15]. To ensure label reliability, we systematically cleaned
the data by removing severe motion blur and correcting erro-
neous annotations, ensuring that detection difficulty remains
representative of real-world scenarios. Specifically, the SC7
dataset was collected from real-world university classrooms
featuring diverse frontal and side-view perspectives, com-
prising 2,392 images with 26,057 annotated instances across
seven fine-grained behaviors. The STBD-08 dataset is derived
from 131 classroom videos and contains 8,717 images with
257,728 annotations, where we focus on five key behaviors
consistent with our analysis goals. Table I summarizes the
instance distribution.

B. Implementation Details
Experiments were conducted on a workstation equipped

with an NVIDIA RTX 4090 D (24GB) GPU, using Python
3.8.20 and PyTorch 2.0.1. Models were trained for 200
epochs with a batch size of 16 and an input resolution of
640×640. Early stopping was employed to mitigate over-
fitting. We utilized the AdamW optimizer with an initial
learning rate of 1×10−4, momentum of 0.9, and weight decay
of 1× 10−4, accompanied by a 20-epoch warmup period.

C. Evaluation Metrics
We adopt standard metrics to comprehensively evaluate

model performance from two perspectives:
• Efficiency: Computational cost and storage are mea-

sured via parameter count (Params), floating-point oper-
ations (GFLOPs), and model size (MB). Inference speed
is reported as Frames Per Second (FPS) on an RTX 4090
D.

• Accuracy: Detection performance is evaluated via Pre-
cision (P), Recall (R), Mean Average Precision at
IoU=0.50 (mAP50), and the standard COCO metric
mAP50:95 (averaged over IoU thresholds 0.50–0.95).

All accuracy metrics are expressed in percentages (%).

D. Detection Model Comparison
We benchmarked RERC-DETR against state-of-the-art de-

tectors to demonstrate its effectiveness. As presented in
Table III, RERC-DETR achieves a competitive mAP50:95 of
81.6% on the STBD-08 dataset, evidencing its robustness
in small object detection. On the SC7 dataset, it attains
balanced precision and recall with an mAP50 of 87.5%, un-
derscoring its efficacy in diverse classroom scenarios. These
findings highlight the advantages of our multi-scale feature
fusion and uncertainty-aware query selection mechanisms
in enhancing detection performance across varying object
scales. Moreover, the integration of Quality-Aware Logical
Distillation (RERC-DETR + QALD) further elevates perfor-
mance, achieving 82.1% mAP50:95 on STBD-08, surpassing
all compact detectors.

E. Backbone Performance Comparison
To identify the optimal feature extractor, we evaluated

various backbone architectures. For a fair comparison, all
backbones were equipped with the default Efficient Hybrid
Encoder and Decoder of RT-DETR. Table II presents the
trade-offs between model complexity and detection accuracy.
Our proposed RAD-Net effectively reduces parameters and
computational cost compared to ResNet18, while maintaining
competitive or superior accuracy. Notably, RAD-Net achieves
an mAP50:95 of 81.1% on the STBD-08 dataset, surpassing
other compact backbones such as EfficientVit and Starnet.
These results validate RAD-Net’s efficacy in balancing ef-
ficiency with representational power, rendering it highly
suitable for real-time applications in resource-constrained
environments.

F. Ablation Study
Table IV elucidates the contributions of RAD-Net and

RCFPN. Deploying RAD-Net alone significantly reduces
complexity (10.45M params, 33.4 GFLOPs) while achiev-
ing 81.1% mAP50:95 on STBD-08 at 179 FPS. Integrating
RCFPN further boosts accuracy to 81.6% while maintaining
real-time speed (156 FPS). On SC7, the full configuration
attains 87.5% mAP50. Although the gain on the smaller SC7
dataset is marginal, the consistent improvement on the larger
STBD-08 confirms RCFPN’s robustness in resolving feature
aliasing. Thus, the full architecture offers the best general-
ization across varying data scales. These results corroborate



TABLE I: Instance counts per behavior for SC7 and STBD-08 datasets.

Dataset Listening Eating/Drinking Using Phone Using Tablet Using Laptop Reading Writing Raising Hand Standing
SC7 11520 195 5786 1661 6053 523 319 - -

STBD-08 117561 - - - - 57985 73405 4687 4090

TABLE II: Backbone Comparison Experiments on Different Datasets.

Backbone Params(↓) GFLOPs(↓) SC7 STBD-08
P R mAP50 mAP50:95 P R mAP50 mAP50:95

ResNet18 [16] 19878180 57.0 88.9 80.3 86.2 72.3 89.0 89.7 93.7 80.8
StarNet [17] 11992964 31.8 83.4 87.2 87.9 74.4 89.1 89.8 93.4 80.3

MobileNetV4 [18] 11315428 39.5 86.5 82.4 86.1 70.3 90.6 88.1 93.0 80.0
FasterNet [19] 10813224 28.5 87.2 80.9 84.3 68.6 89.4 89.9 93.3 80.5

EfficientViT [20] 10707748 27.2 81.3 71.0 74.7 58.9 89.2 89.8 93.1 79.5
RAD-Net 10452868 33.4 85.1 87.3 87.8 73.8 89.7 89.8 93.6 81.1

TABLE III: Detection Model Comparison Experiments on
Different Datasets.

Dataset Model Type P R mAP50 mAP50:95

SC7

YOLOv5 CNN 81.0 82.3 86.9 71.0
YOLOv6 [21] CNN 83.7 83.2 87.5 73.2

YOLOv8 CNN 86.3 79.4 87.5 72.2
YOLOv11 CNN 82.9 80.8 86.7 72.1

SSDLite [22] CNN 73.9 77.4 79.8 61.6
RTMDet [23] CNN 76.1 80.8 85.4 66.5
RT-DETR [7] Trans. 88.9 80.3 86.2 72.3
RERC-DETR Trans. 86.4 84.4 87.5 73.8

RERC-DETR + QALD Trans. 85.5 88.1 89.7 76.9

STBD-08

YOLOv5 CNN 87.8 88.7 93.1 79.7
YOLOv6 [21] CNN 85.7 88.3 92.2 77.9

YOLOv8 CNN 88.0 89.5 93.7 80.7
YOLOv11 CNN 87.3 88.8 93.2 79.7

SSDLite [22] CNN 85.3 84.8 89.8 69.4
RTMDet [23] CNN 82.9 87.7 91.6 74.9
RT-DETR [7] Trans. 89.0 89.7 93.7 80.8
RERC-DETR Trans. 90.3 89.0 94.0 81.6

RERC-DETR + QALD Trans. 89.5 90.8 93.9 82.1

the effectiveness of the proposed components in addressing
classroom behavior recognition challenges while ensuring
high efficiency.

G. Logical Distillation Experiment
To verify the effectiveness of the proposed Quality-Aware

Logical Distillation strategy, we conducted experiments using
RT-DETR with different backbones (ResNet34, ResNet50,
ResNet101) as teachers, while the student model is our
proposed RERC-DETR. As shown in Table V, the dis-
tillation process consistently improves the student model’s
performance across both datasets. On the challenging SC7
dataset, using ResNet50 as the teacher yields the best result,
boosting the student’s mAP50:95 to 76.9%, a significant
improvement over the baseline. Interestingly, the strongest
teacher (ResNet101) does not necessarily lead to better
results on SC7, possibly due to the domain gap or overfitting
on smaller datasets. However, on the larger STBD-08 dataset,
the strongest teacher (ResNet101) leads to the highest per-
formance of 82.1% mAP50:95. These results demonstrate that
our logical distillation strategy effectively transfers structural
knowledge from powerful teachers to the lightweight stu-
dent, enhancing its detection capability without increasing
inference cost.

H. Visualization of Detection Results

Fig. 5 presents qualitative detection results in classroom
scenes, showing the localization performance of RT-DETR
and RERC-DETR on SC7 and STBD-08. Fig. 6 further visu-
alizes the heatmaps generated after detection. Compared with
RT-DETR, RERC-DETR localizes dense and small student

behaviors more accurately and focuses more consistently on
behavior-relevant regions, demonstrating stronger robustness
in complex classroom environments.

(a) RT-DETR(SC7) (b) RERC-DETR (SC7)

(c) RT-DETR (STBD-08) (d) RERC-DETR (STBD-08)

Fig. 5: Qualitative visualization of detection results.

(a) RT-DETR(SC7) (b) RERC-DETR (SC7)

(c) RT-DETR (STBD-08) (d) RERC-DETR (STBD-08)

Fig. 6: Heatmap visualization after detection.

V. CONCLUSION AND FUTURE WORK

This paper introduces RERC-DETR, a lightweight
Transformer detector that resolves the accuracy–efficiency
dilemma in classroom behavior recognition. By integrating



TABLE IV: Ablation Study Experiments on Different Datasets.

Dataset RAD-Net RCFPN Params(↓) GFLOPs(↓) Size(↓) FPS P R mAP50 mAP50:95

SC7

✗ ✗ 19878180 57.0 38.6 87 88.9 80.3 86.2 72.3
✗ ✓ 19494532 84.4 38.1 50 86.2 83.8 86.6 73.9
✓ ✗ 10452868 33.4 20.7 92 85.1 87.3 87.8 73.8
✓ ✓ 11155492 39.3 22.4 80 86.4 84.4 87.5 73.8

STBD-08

✗ ✗ 19878180 57.0 38.6 166 89.0 89.7 93.7 80.8
✗ ✓ 19494532 84.4 38.1 122 89.8 89.7 93.9 81.3
✓ ✗ 10452868 33.4 20.7 179 89.7 89.8 93.6 81.1
✓ ✓ 11155492 39.3 22.4 156 90.3 89.0 94.0 81.6

TABLE V: Quality-Aware Logical Distillation Experiments
on Different Datasets.

Dataset Teacher Params(M) GFLOPs Student
P R mAP50 mAP50:95

SC7
ResNet34 31.1 88.8 87.6 85.0 88.2 75.1
ResNet50 41.9 125.7 85.5 88.1 89.7 76.9

ResNet101 60.9 186.3 85.8 83.2 88.2 75.5

STBD-08
ResNet34 31.1 88.8 89.0 89.7 93.1 80.8
ResNet50 41.9 125.7 89.5 89.4 93.2 81.0

ResNet101 60.9 186.3 89.5 90.8 93.9 82.1

the efficient RAD-Net backbone, RCFPN, and a Quality-
Aware Logical Distillation strategy, our method effec-
tively preserves small-object semantics and leverages teacher
knowledge without extra inference cost. Extensive experi-
ments on STBD-08 and SC7 datasets confirm that RERC-
DETR outperforms state-of-the-art compact detectors, pro-
viding a robust solution for real-time smart education analyt-
ics.

In future work, we aim to incorporate temporal modeling
to better distinguish fine-grained actions and expand our
benchmark to include diverse instructional scenarios.
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