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Abstract. Reaction conversion, catalyst dispersion, precipitate production, and local colour changes are all included in the 
collection of visual data from the catalytic process. Determine tiny areas that are susceptible to yield variations in order to 
accurately estimate the reaction yield while maintaining a stable regression. In this study, a small-object improved YOLOv8 
framework for catalytic reaction yield prediction is developed. The suggested approach is a comprehensive approach that 
integrates yield-oriented regression, adaptive multi-scale fusion, small-target recovery, and region-aware attention within 
an experimental evaluation framework. Improve yield estimate in noisy picture situations and lower the missed detection 
rate of weak catalytic regions. In comparison to the baseline YOLOv8-regression model, the suggested model has improved 
mAP by 4.8% points, decreased MAE from 6.42% to 3.91%, and decreased RMSE from 8.35% to 5.27%, as demonstrated in 
the comparative experiment. An applied deep visual model for intelligent catalytic process analysis is called Framework. 
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Introduction 
Reaction screening, catalyst tuning, and automated experimental design are now supported by catalytic process 
datasets. An ordered collection of reaction settings, yield values, picture recordings, and process observations 
have been gathered for every experiment using a high-throughput catalytic platform. The model may learn the 
relationship between catalyst composition, reaction circumstances, and ultimate conversion with the aid of the 
data. Thus, lowering experimental expenses and accelerating chemical discovery are also challenges in reaction 
yield prediction. Based on chemical descriptors, reaction fingerprints, and past experimental data, machine 
learning has already produced some successes in predicting a reaction's outcome [1]. To increase the 
representational capacity of the data, deep learning may learn non-linear relationships between substrates, 
catalysts, solvents, temperature, and reaction time [2]. However, information gained from images, such as 
catalyst dispersion, droplet shape, colour development, residue boundaries, and local precipitate patterns, may 
also provide crucial evidence for catalytic systems [3]. Even in the absence of formal descriptors, visual cues can 
indicate if the reaction is finished or whether side products have produced [4]. As a result, yield regression and 
visual model building are now used to investigate intelligent catalytic processes [5]. 

Catalytic picture datasets are challenging to construct despite this possibility since yield-sensitive signals are 
often few, sparse, and poorly contrasted. Precipitate patches are partially obscured by background noise, 
catalyst particles make up less than 2.5% of the picture area, and local colour changes only happen close to the 
droplet edge. Ordinary regression models are unable to clearly identify the areas causing yield changes, and 
general convolutional networks often lose these precise signals after several downsampling processes [6]. 
Although the typical detection head is mostly tuned for bounding-box accuracy rather than continuous yield 
prediction, YOLO-series networks are object detection models that offer effective localisation and multi-scale 
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perception [7]. Because shallow texture, mid-level geometry, and high-level semantics are not necessarily 
matched in feature pyramids, small-object recognition remains a challenge [8]. Multi-scale fusion and attention 
techniques can improve local feature discrimination, but they must be tuned to lower the high computing cost 
in experimental screening procedures [9]. Consequently, a model must be developed to translate local visual 
cues to quantitative reaction yields, suppress background interference, and safeguard the limited catalytic area 
[10]. 

A small-object-enhanced YOLOv8 framework for predicting reaction yield in catalytic process datasets is 
presented in this research. Through adaptive multi-scale fusion, region-aware attention refinement, and the 
preservation of high-resolution characteristics, the model enhances the recovery of tiny targets. The detection 
confidence and local feature responses are then linked to a yield-oriented regression branch, and the network 
estimates a continuous yield value without sacrificing comprehensible visual information. This study addresses 
three technological issues: retaining realistic inference efficiency for high-throughput process analysis, 
increasing regression accuracy in complicated backgrounds, and lowering the missed detection rate of weak 
catalytic micro-regions. When it comes to image-rich experimental catalytic procedures, the model is rather 
resilient. 

Related Work 

Machine Learning for Catalytic Reaction Prediction 

Descriptor-based regression has given way to representation learning for chemical graphs, reaction templates, 
and experimental data in data-driven reaction prediction. When the chemical descriptors and process conditions 
were carefully chosen, the initial machine learning research demonstrated that random forests, support vector 
regression, and gradient boosting could predict reaction yields [11]. Subsequently, deep learning techniques 
have used Transformer structures and sequence representations on massive response databases to develop 
reaction rules [12]. Although these models greatly rely on the completeness of structured input, they enhance 
the generalisation of reaction classes. Catalyst surface state, mixing quality, colour variations, and local 
precipitate development are only a few of the many variables that affect catalytic reaction yield that are not 
adequately represented by molecular strings or tabular conditions. Although attention-based chemical models 
and graph neural networks provide more reliable molecular representations, they have also infrequently 
regarded experimental pictures as first-class evidence [13]. In order to reduce the number of physical tests 
needed to identify high-yield conditions, Bayesian optimisation and active learning have also been used to guide 
the investigation of reactions [14]. Nevertheless, the majority of these approaches do not clearly demonstrate 
how visual response states impact prediction; instead, they just take the yield value into account as the feedback 
signal [15]. 

Multi-source experimental data has also just started to be used in chemical automation research. For robotic 
platforms, a single procedure may gather labels, sensor data, spectra, and response photographs [16]. Therefore, 
we require a model that can connect a numerical response result to an image-level observation. Computer vision 
techniques have been used for droplet detection, phase separation analysis, crystal morphology classification, 
and chemical picture segmentation [17]. The model must identify local areas that are chemically relevant but 
not visually noticeable in order to predict reaction yield from catalytic pictures. Large background areas are not 
relevant; partial conversion may be the cause of a mild stain, a tiny catalyst cluster, or a border residue. As a 
result, unstable correlations are likely to be learned by a purely global picture regressor. Because it can tolerate 
heterogeneous catalysts and changes in lighting conditions in the dataset and retains the local evidence before 
to regression, region-aware visual learning is more suited for this use case [18]. 

One issue is that catalytic datasets are typically noisier and smaller than general vision datasets. Many organised 
reactions have been gathered via public reaction databases, but image-labeled catalytic datasets, which may 
include a few thousand useful samples, are often exclusively accessible from certain laboratory. Using a broad 
visual backbone increases the likelihood that a tiny scale may overfit. Although the visual distribution of catalytic 
pictures is different from that of natural photos because of tiny objects, poor textures, and frequent background 
artefacts, transfer learning can partially solve the issue [19]. Although self-supervised pre-training and data 
augmentation can strengthen the network's resilience, the architecture should still be able to retain tiny items 
in the features. As a result, integrating the high-performance YOLOv8 into a detection-regression system is 
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theoretically possible. To direct feature learning and match visual evidence with chemical data, a model may be 
trained using yield supervision and localisation supervision [20]. 

Small-Object Detection and Visual Feature Enhancement 

Small-object detection has long been used in industrial inspection, medical imaging, remote sensing, and 
agricultural vision. The first issue is that tiny objects have fewer pixels and are more likely to be lost because of 
background noise and downsampling. By merging geographical and semantic data, feature pyramid networks 
aid in the construction of multi-scale representations [21]. In order to increase the effectiveness of detectors for 
objects at various resolutions, PANet and its associated neck structures enhance the cross-layer information 
flow [22]. Global relation modelling has been further enhanced by transformers-based detectors and attention 
modules, but they are often more computationally costly [23]. High-throughput and dependable deployment 
are more important for laboratory catalytic pictures than a high-complexity model. The YOLO line of detectors 
has a flexible neck design and strong one-stage detection efficiency [24]. YOLOv8 is a great foundation for small-
object improvement and offers decoupled heads, feature aggregation, and anchor-free detection. 

Maintaining the high-resolution feature map, increasing the effective receptive field without sacrificing local 
features, and giving target-relevant regions more weight are typically the three complementing processes for 
small-target enhancement. Information loss from catalyst particles and weak reaction locations is minimised 
using a High-Resolution Preserve. Local texture and more general contextual information, such the relationship 
between a collection of particles and the color-background in a reaction, may be combined via multi-scale fusion. 
Illumination shadows, irrelevant container borders, and picture acquisition noise are all inhibited by attention 
refinement [25]. Instead of relying just on categorisation, these activities in the pictures of chemical processes 
must be supplemented with regression. If the regression head does not use the detection confidence and local 
feature intensity in a chemically relevant way, it will not be able to estimate the yield even if a detector can 
locate a catalyst spot accurately. As a result, while optimising for distinct goals, the yield and detection branches 
should exchange local evidence [26]. 

When evaluating the four components of a small-object visual model—detection accuracy, regression precision, 
robustness, and speed—all four should be taken into account concurrently. If a model with a high mAP finds 
regions that are chemically unrelated yet visually prominent, it might not have the lowest yield error. Even while 
a simple regressor may have a low mean squared error, it is difficult to comprehend and is not very resilient to 
changes in the data. Thus, precision, recall, mAP, MAE, RMSE, R-squared, latency, and parameter count are 
markers that may be utilised to characterise both the visual recognition outcomes and quantitative prediction 
[27]. Regression design, small-object recovery, feature fusion, and attention refinement may all be examined 
independently using ablation analysis. Module-level evaluation can determine if increases are the result of 
improved localisation accuracy, better feature separation, or stronger regression fitting, according to prior 
studies in object detection and scientific picture learning [28]. For catalytic process datasets, cross-catalyst and 
cross-condition testing are especially helpful for obtaining sparse low-yield data and investigating novel catalyst 
systems or various lighting conditions in practice [29]. The suggested small-object improved YOLOv8 framework 
is designed in accordance with the specifications [30]. 

Methodology and Experimental Evaluation Framework 

Small-Object Enhanced YOLOv8 Architecture 

The proposed framework modifies YOLOv8 from a detection-only architecture into a small-object-aware 
detectionregression network for catalytic yield prediction. The input is a catalytic reaction image paired with a 
continuous yield label. The network first performs image normalization and weak-region enhancement to 
reduce illumination bias. The backbone then extracts hierarchical visual representations from shallow, middle, 
and deep stages. Unlike a standard detector that mainly emphasizes object category and bounding-box 
localization, the proposed model preserves highresolution catalytic micro-regions and transfers them to the 
neck through an additional small-target feature path. This path is designed for reaction spots, catalyst particles, 
edge precipitates, and local color transitions that may occupy less than 32 × 32 pixels in a 640 × 640 image. 
Figure 1 presents the unified architecture, including input preprocessing, enhanced backbone, adaptive fusion 
neck, attention refinement, detection branch, and yield regression branch. 
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Figure 1. Unified small-object enhanced YOLOv8 framework for catalytic yield prediction 

 
The first operation defines the normalized reaction image tensor. The raw image is corrected by channel-wise 
mean and variance while a local contrast coefficient is retained to avoid suppressing weak catalytic color changes. 

𝑋̃𝑋 = 𝛾𝛾 ⋅
𝑋𝑋 − 𝜇𝜇𝑐𝑐
𝜎𝜎𝑐𝑐 + 𝜀𝜀

+ (1 − 𝛾𝛾) ⋅ 𝐶𝐶𝑙𝑙(𝑋𝑋) Eq.(1) 

In this case, local contrast response maintains weak reaction stains, channel statistics characterise global 
illumination, and X is the raw catalytic picture. Following validation, a balancing coefficient of 0.72 will be used 
in order to improve the prominence of a tiny reaction region and lessen background noise brought on by a low 
value. 

High-resolution preservation routes are then displayed for little items. A shallow feature map is kept and aligned 
with the deeper semantic map instead of delivering just the downsampled data straight to the neck. 

𝐹𝐹ℎ = 𝛼𝛼𝑠𝑠 ⋅ Φ𝑠𝑠(𝑋̃𝑋) + 𝛼𝛼𝑚𝑚 ⋅ 𝑈𝑈𝑈𝑈�Φ𝑚𝑚(𝑋̃𝑋)� Eq.(2) 

The coefficients are learned through channel attention. This design allows the network to retain fine particle 
boundaries while still using morphology cues from deeper layers. In the catalytic dataset, the average target 
occupies 1.8% of the image area, so preserving high-resolution evidence is critical for reducing missed detection. 

To connect detection and yield estimation, the architecture produces a joint visual evidence vector. The detector 
outputs small-region confidence, bounding-box location, and local feature intensity, while the regression branch 
receives pooled local evidence and global context. 

𝑍𝑍𝑣𝑣 = � 
𝑘𝑘

𝑤𝑤𝑘𝑘 ⋅ Pool(𝐹𝐹𝑘𝑘) + 𝛽𝛽 ⋅ 𝐺𝐺𝐺𝐺𝐺𝐺(𝐹𝐹𝑑𝑑) Eq.(3) 

After non-maximum suppression, 64 candidate areas were chosen in order to balance computational expense 
and visual coverage. It is a region-weighted representation of catalytic evidence prior to regression rather than 
a generic image descriptor output. 

The connection between detection and regression is controlled by a task-balance coefficient. For small-region 
localisation, detection supervision is given a comparatively high weight early in training. After gathering some 
reliable local evidence, gradually raise the regression branch's weight. 

𝜏𝜏𝑒𝑒 = 𝜏𝜏min +
𝜏𝜏max − 𝜏𝜏min

1 + exp[−𝜅𝜅(𝑒𝑒 − 𝑒𝑒0)] Eq.(4) 
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In the experiment, the minimum and maximum task weights are set to 0.35 and 0.70. This setting allows the 
regression objective to become stronger after the detector has learned stable region proposals. 

A further design consideration is the difference between visually detectable catalytic regions and chemically 
decisive regions. Some particles are easy to locate but have limited influence on yield, whereas weak residues 
near the boundary may be more informative for incomplete conversion. The confidence is therefore combined 
with local feature intensity, region scale, and neighborhood contrast before it enters the yield branch. In 
practical annotation, each image contains 4 to 18 local regions, and the average annotated region size is 
about 21 × 24 pixels. 

Adaptive Multi-Scale Fusion and Attention Refinement 

Catalytic images contain features at multiple spatial scales. Catalyst powder clusters may require fine-scale 
texture, droplet edges require middle-scale geometry, and global color background reflects the overall reaction 
state. The proposed adaptive multi-scale fusion module constructs parallel receptive fields and dynamically 
selects scale responses according to image content. Figure 2 shows the fusion and attention structure. 

 
Figure 2. Multi-scale feature fusion and region-aware attention structure 

 
For each feature level, the module applies compact convolutions with different effective receptive fields. The 
scale response is computed from a normalized mixture of local, regional, and semantic branches. 

𝑀𝑀𝑠𝑠 = 𝜔𝜔1𝐶𝐶3(𝐹𝐹ℎ) + 𝜔𝜔2𝐶𝐶5(𝐹𝐹ℎ) + 𝜔𝜔3𝐶𝐶𝑑𝑑(𝐹𝐹ℎ) Eq.(5) 
The three branches represent local convolution, regional convolution, and dilated compact convolution. In 
catalytic images with dense catalyst particles, the local branch receives larger weight; in images with broad color 
transition, the regional branch becomes more important. 

To avoid excessive parameters, the convolution branches are implemented with depthwise separable operations. 
The computational cost of the compact branch is defined relative to the channel number and kernel size. 

Ω𝑐𝑐 = 𝐻𝐻𝐻𝐻𝐶𝐶in 𝐾𝐾2 +
𝐻𝐻𝐻𝐻𝐶𝐶in 𝐶𝐶out 

𝑟𝑟
 Eq.(6) 

The reduction ratio is set to 4, which reduces floating-point operations while preserving cross-channel 
interaction. Compared with a standard convolutional fusion block, this design lowers fusion FLOPs by 
about 38.6% in the 640 × 640 input setting. 

The scale selection weights are produced by a soft gating function. The gate estimates the contribution of each 
scale from global feature statistics and local target density. 
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𝜔𝜔𝑖𝑖 =
exp(𝑞𝑞𝑖𝑖/𝑇𝑇)

∑  𝑗𝑗  exp�𝑞𝑞𝑗𝑗/𝑇𝑇�
 Eq.(7) 

The temperature is fixed at 0.8. A lower temperature makes the model select one dominant scale, while a higher 
temperature makes scale weights too uniform. Validation results show that this value gives better stability for 
low-yield samples. 

After multi-scale fusion, a region-aware attention block refines yield-sensitive areas. The attention block 
combines channel attention, spatial attention, and confidence-guided region attention. 

𝐴𝐴 = 𝜎𝜎�𝑊𝑊𝑐𝑐 ⋅ 𝐺𝐺𝐺𝐺𝐺𝐺(𝑀𝑀𝑠𝑠)� ⊗ 𝜎𝜎 �𝑊𝑊𝑝𝑝 ⋅ Conv(𝑀𝑀𝑠𝑠)� Eq.(8) 

The first term describes channel importance, while the second term describes spatial saliency. The attention 
map is multiplied with the fused feature map to form an enhanced representation. 

𝐹𝐹𝑟𝑟 = 𝐴𝐴⊙𝑀𝑀𝑠𝑠 + 𝜆𝜆𝑟𝑟𝑀𝑀𝑠𝑠 Eq.(9) 
Since there are no content or other issues, the residual coefficient won't be disregarded. To preserve the 
background colour context in the experiment, set the coefficient to 0.25. If not, the reaction yield will be 
impacted by both the local particle state and the overall look of the solution. 

The final improved feature combines attention-enhanced reactions, multi-scale context, and high-resolution 
evidence. The detection head and the regression head get it after that. A common problem with small-object 
detection has been avoided, and the fusion module is not over-smoothed. The average shallow-branch weight 
increases from 0.31 to 0.46 in validation pictures with fewer than six annotated tiny areas. Using a less sensitive 
approach is an adaptable strategy to obtain these low-yield samples. 

Yield-Oriented Regression Objective and Evaluation Design 

The yield regression branch is designed to estimate a continuous value rather than a class label. Directly applying 
a conventional regression head to the final feature map may ignore small-object confidence. Therefore, the 
proposed branch uses a region-weighted pooling strategy. 

𝑧𝑧𝑦𝑦 = 𝜌𝜌�  
𝑘𝑘

𝑐𝑐𝑘𝑘𝑣𝑣𝑘𝑘 + (1 − 𝜌𝜌)𝑣𝑣𝑔𝑔 Eq.(10) 

Local features with high catalytic confidence receive larger weights, but the global context is retained to describe 
reaction color and container-level appearance. The best validation result is obtained when the local evidence 
ratio is 0.68. 

The predicted reaction yield is obtained through a nonlinear regression projection. To constrain the output 
within a realistic range, the final activation maps the prediction to 0 − 100%. 

𝑦̂𝑦 = 100 ⋅ 𝜎𝜎�𝑊𝑊𝑦𝑦𝑧𝑧𝑦𝑦 + 𝑏𝑏𝑦𝑦� Eq.(11) 

This output design avoids physically impossible negative yield or yield above 100%. It also stabilizes training 
when a few samples have extreme low yield or near-complete conversion. 

The training objective combines detection loss, regression loss, ranking consistency, and regularization. The 
regression component uses a robust error form to reduce the effect of noisy yield labels. 

𝐿𝐿 = 𝜆𝜆𝑑𝑑𝐿𝐿𝑑𝑑 + 𝜆𝜆𝑦𝑦𝐿𝐿𝑦𝑦 + 𝜆𝜆𝑞𝑞𝐿𝐿𝑞𝑞 + 𝜆𝜆𝑛𝑛‖𝜃𝜃‖22 Eq.(12) 
YOLO-style localisation and objectness supervision constitute detection loss. One kind of continuous prediction 
mistake is yielding loss. The relative order of samples with noticeably differing yields is maintained by the ranking 
phrase. 

Absolute error and squared error smoothly transition to the robust yield error. As a result, measurement noise 
resulting from sampling, instrumental error, or insufficient reaction separation may be present in the 
experimental yield label. 

𝐿𝐿𝑦𝑦 = mean ��(𝑦𝑦 − 𝑦̂𝑦)2 + 𝛿𝛿2 − 𝛿𝛿� Eq.(13) 
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The parameter is set to 1.0. This loss behaves like squared error for small deviations and like absolute error for 
larger deviations, making the model less sensitive to rare noisy labels. 

The ranking consistency term compares pairs of samples whose measured yield difference exceeds 10%. If the 
measured yield of sample i is higher than that of sample j, the predicted yield should preserve the same order 
with a margin. 

𝐿𝐿𝑞𝑞 = meanmax �0,𝑚𝑚 − sign�𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗��𝑦̂𝑦𝑖𝑖 − 𝑦̂𝑦𝑗𝑗�� Eq.(14) 

The margin is set to 3.0 % points. This term improves practical usefulness because catalytic screening often cares 
about ranking candidate conditions, not only minimizing average prediction error. 

The Evaluation Plan's estimation of yield and detection. Small-object identification is assessed using Precision, 
Recall, and mAP at various IoU thresholds. Yield prediction indicators include MAE, RMSE, R-squared, and 
interval-wise error. Parameters, FLOPs, model size, and average inference time are indications of efficiency. Test 
the ability to withstand lower image quality, Gaussian noise, light variations, and cross-catalyst transfer. 

The experimental dataset is organized to support both detection and regression evaluation. Each catalytic image 
is resized to 640 × 640 pixels, and small regions are annotated as catalyst particle clusters, reaction spots, 
boundary residues, or color-transition regions. The measured yield is normalized to a % value between 0 and 
100. The training, validation, and test subsets follow a 7: 1: 2 split at the reaction-condition level, which prevents 
near-duplicate images from appearing in both training and testing. 

The baseline group contains pure image regressors, detection-regression models, and ablated versions of the 
proposed model. Pure regressors directly map the whole image to a yield value. Detection-regression baselines 
pool detected regions for yield estimation. Ablation variants remove small-object recovery, adaptive scale fusion, 
attention refinement, or ranking consistency. This evaluation design separates the contribution of localization, 
feature enhancement, and regression objective design. 

A practical issue in catalytic yield prediction is label uncertainty. Yield values are usually measured after 
separation, calibration, or chromatographic analysis, and repeated experiments may differ by several % points. 
The evaluation therefore includes tolerance accuracy within ±5%, MAE, and RMSE. This combined metric design 
provides a stricter view of whether the model is reliable for both screening and quantitative analysis. 

Splitting at the level of emotions and pictures is another type of division. The stated accuracy will be erroneously 
high if the enhanced photos from the same experiment are included in both the training and testing sets. As a 
result, the dataset is split up before to augmentation, and every image acquired under the same response 
situation belongs to the same subset. One catalyst family is excluded from the training set in order to do cross-
catalyst testing. In order to prevent initialisation bias and hardware cache volatility during batch inference, the 
final reporting technique measures all latency values after the warm-up cycles and reports the mean and 
standard deviation across five repeated runs. 

Results and Discussion 

Prediction Accuracy and Error Distribution Analysis 

The following are the total anticipated values: Figure 3. Figure 3(a) displays the accuracy at different catalytic 
categories. The suggested model has attained 91.8% within a ±5% yield tolerance, which is greater than the 
baseline YOLOv8-regression's 84.6% and ResNet50 regression's 79.3% [31]. The distribution of absolute errors 
is shown in Figure 3(b); the highest quartile has fallen from 8.71% to 5.12%, while the median error has 
decreased from 4.95% to 2.86%. The inclusion of weak residue and incomplete conversion signals has improved 
both the low-yield and high-yield periods, as seen in Figure 3(c), where the prediction deviation is comparatively 
greater. Small-object recovery may be used for sparse catalytic evidence because Figure 3(d) illustrates the 
decreased error variance for low-yield stability in the suggested model. 
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Figure 3. Yield prediction performance under different catalytic conditions. (a) Overall prediction accuracy comparison. (b) Absolute error 

distribution. (c) Prediction deviation across yield intervals. (d) Prediction stability under low-yield samples. 
 

The comparison of regression errors for the baseline model is displayed in Figure 4. The suggested model 
obtained 3.91%, which is less than YOLOv8-regression at 6.42%, Faster R-CNN-regression at 5.76%, and 
EfficientNet regression at 6.08% [32]. Figure 4(a) displays the MAE values. The RMSE is shown in Figure 4(b), and 
the suggested model has lowered the greatest residual in challenging samples to 5.27%. The R-squared values 
are displayed in Figure 4(c), and the suggested approach achieves 0.913, indicating that it is in good agreement 
with the actual yield. The subgroup of catalyst-supported hydrogenation and oxidation is the most beneficial, 
with its yield-related signals readily apparent, according to Figure 4(d), which breaks down errors by reaction 
type [33]. 

Small-Target Detection and Ablation Discussion 

Figure 5 displays the small-object detection quality. The detection recalls for catalyst particles, weak reaction 
areas, and residue edges is displayed in Figure 5(a); the baseline YOLOv8 is at 81.2%, while the suggested model 
obtains a recall of 89.6% [34]. The localisation accuracy is shown in Figure 5(b); the mean center displacement 
of the revised model is 4.9 pixels instead of 7.4 pixels. The missed detection rate, shown in Figure 5(c), is 6.5% 
in a complicated backdrop and 13.8% in a perfect setting. It is the outcome of adaptive scale weighting and high-
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resolution feature preservation that preserve faint visual features prior to semantic compression rather than 
the addition of parameters [35]. 

 
Figure 4. Regression error comparison with baseline models. (a) MAE comparison. (b) RMSE comparison. (c) R-squared comparison. (d) 

Relative error under different reaction categories. 
 

Figure 6 illustrates the modules' contributions. High-resolution catalytic cues are necessary for yield regression 
since eliminating the small-object recovery path raises the MAE from 3.91% to 5.18%, as seen in Figure 6(a) The 
computation cost is shown in Figure 6(b). With 38.4 GFLOPs and 13.6 million parameters, the complete model 
is only 8.9% bigger than the baseline because of the fusion block's usage of compact convolution. According to 
the ablation findings, attention refinement enhanced the stability of low-yield intervals through ranking 
consistency and raised the R-squared value by 0.026. The are not interchangeable. 

Robustness and Cross-Dataset Generalization 

The cross-catalyst test results are displayed in Figure 7(a), and the generalisation findings are as follows. 
Compared to the baseline detector-regressor, which has an MAE of 7.24%, the proposed model has an MAE of 
4.67% for unseen catalyst families [36]. The resistance to light change is depicted in Figure 7(b); the tolerance 
accuracy of the recommended model decreased by just 1.9 % points under a 20% brightness reduction, but it 
decreased by 5.8 % points for the baseline. The outcome is that residual attention and local contrast 
normalisation aid the model in differentiating significant catalytic signals from acquisition artefacts [37], as seen 
in Figure 7. 
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Figure 5. Small-object detection quality in catalytic reaction images. (a) Detection recall comparison. (b) Localization precision comparison. 

(c) Missed detection rate comparison. 

 
Figure 6. Ablation analysis of enhancement modules. (a) Module contribution to yield prediction. (b) Computational cost comparison. 
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Figure 7. Generalization performance across catalytic image conditions. (a) Cross-catalyst dataset performance. (b) Robustness under 

illumination variation. 
In a cross-dataset test, the prediction's graph indicates that it is nearer to the actual value. When the training 
sample reduction is adjusted to 60%, the suggested model's tolerance accuracy remains at 87.3%, but 
EfficientNet regression falls to 76.5% [38]. There is a real association between prediction quality and discovered 
small regions, and the inverse yield residual and maximum detection confidence have a reliability correlation of 
0.71 [39]. In terms of efficiency, the average inference time for a high-throughput catalytic screening pipeline 
may be 25.8 ms per image on a GPU and 96.4 ms on an edge CPU [40]. 

Conclusion 
A small-object-enhanced YOLOv8 framework for reaction yield prediction in catalytic process data is presented 
in this research. In order to maintain catalyst particles, weak reaction regions, precipitate edges, and local colour 
changes before regression, this method may enhance the preservation of high-resolution features, carry out 
adaptive multi-scale fusion, and apply region-aware attention. Compared to a pure image regressor, a detection-
regression architecture is comparatively easier to understand, and the model's yield forecast may be connected 
to the localised catalytic visual evidence. 

The tests show that the small-object enhancement approach increases continuous yield estimate and detection 
accuracy. The new approach has improved tolerance accuracy, is more stable for low-yield samples, and 
outperforms the previous visual regression model in terms of MAE and RMSE. High-resolution feature 
reconstruction, attention refinement, and ranking consistency all provide distinct but complementary 
improvements, according to ablation research. 

The system may be expanded in the future to incorporate spectral data, robotic experiment logs, chemical 
descriptors, and reaction condition text. The model can more easily differentiate between chemically significant 
reaction states and visual artefacts with the use of multi-modal catalytic datasets. The model may also be utilised 
to direct high-throughput catalytic screening in an actual experimental setting through lightweight deployment 
and active learning. 
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